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K-Nearest Neighbor Classifier for Complex Time Series

YUAN Ji-Dong'?, WANG Zhi-Hai'?, SUN Yan-Ge'?, ZHANG Wei*?

Y(School of Computer and Information Technology, Beijing Jiaotong University, Beijing 100044, China)
(Beijing Key Laboratory of Traffic Data Analysis and Mining (Beijing Jiaotong University), Beijing 100044, China)

Abstract: Temporal alignment based k-nearest neighbor classifier is a benchmark for time series classification. Since complex time
series generally exhibit different global behaviors within classes in real applications, it is difficult for standard alignment, where features
are treated equally while local discriminative behaviors are ignored, to handle these challenging time series correctly and efficiently. To
facilitate aligning and classifying such complex time series, this paper proposes a discriminative locally weighted dynamic time warping
dissimilarity measure that reveals the commonly shared subsequence within classes as well as the most differential subsequence between
classes. Meanwhile, time series alignments of positive and negative subsets are employed to learning discriminative weight for each
feature of each time series iteratively. Experiments performed on synthetic and real datasets demonstrate that this locally weighted,
temporal alignment based k-nearest neighbor classifier is effective in differentiating time series with good interpretability. Extension of
the proposed weighting strategy to multivariate time series is also discussed.

Key words: complex time series; k-nearest neighbor; locally weighted; dynamic time warping

, (euclidean distance, ED) (dynamic time warpping,

« : (61672086, 61702030); (2016RC048, 2017YJS036)
Foundation item: National Natural Science Foundation of China (61672086, 61702030); Fundamental Research Funds for the
Central Universities (2016RC048, 2017YJS036)

: 2016-12-22; 1 2017-04-11, 2017-06-05; : 2017-08-23

© TEBREEEEIEDT  htp/ www. jos. org. cn



3003
[1-4] [3,5-7]
[13]
DTW , )
kNN) ,
,DTW
(pairwise alignment),
) ( 349 ) .
( 10min , 144). ( 6
; Low; High
Low High
4 [108,120] ,
High
| ]
|
| i
120 143 i o F. o] &0 [ B:l 100 1 140

Fig.1 Electrical power consumption of Low and High classes

DTW) )
[8] [9,10] [11,12]
ED )
DTW Kk (k-nearest neighbor,
(1) DTW
:(2) DTW
( )
, 1
-8 [108,120])
DTW
Low
)
) = 2 = a3 By L1
1 Low
) DTW
Itakural*! DTW ,
DTW (a7
Jeong 18]
Reyes sl DTW
3 [5,19]
( );
DTW 3

High

, DTW
Sakoe-Chiba

Reyes ]

Sakoe-Chibal*™!

1
[15] [16]
2
, DTW
, (time stamp)
; DTW ,
.Frambourg

© PEBEEG T

http:// Www. jos. org. cn



3004 Journal of Software Vol.28, No.11, Novermber 2017

[2 . / )

kNN , kNN K

kNN )
DTW , kNN

(multiple alignments)

() , :
2) kNN Shapelets ,
3 , : ED ;
(4) :
1 . DTW 2
3 4 ( )
5 )
1
1( ). N X={X1,X2,....Xn}
X={X1,X2, ..., X7} T. Xi X T |7|l=m(T=m=2T-1), Xi
Xj ' 7r=((7r1(1),7r2(1)),(7r1(2),7r2(2)),...,(7r1(m),7r2(m))), ’ 1 m 1 T
1) 1I=m)=m2)=<...<m(Mm)=T;
2) 1I=m()=m2)<...<7(Mm)=T;
3) Vie{l,...m-1}, i (I+1)==7m()+1, mo(I+ 1)< 7o (1) +1, (71 (14 1)— 71 (1)) +(72(1+1) - 75(1)) =1.
2 s ED s Xj Xj ED
. DTW , Xi 13 X; 14 ~
17 4 : : 1y T@n.
N ~ '
ol (| I'/
¥ L /
N NiE o~
| it
J':. """" /"
‘x--_____- T T~ H‘ ‘5_ B T T~

Fig.2 Time series ED/DTW alignments
2 ED/DTW

ERCEIFSERT  httpy/ www. jos. org. cn




, A Yy

Table 1 Symbol table
1

X

N

T
XIXilX;
w/wj

N
a

tht”

c X
cNN*/cNN; XIXi
cNN"/cNN; X/X;

Xt Xi t
Xi¢ Xi t
q

(24
min

3005

Frambourg /

[20]

cNN*  cNN7(
3 CNN"  cNN~

cNN* +
NN womeees | F

Weinberger
X,

Fig.3 For time series x; or x; (star), cNN" is composed of 2 (c=2) closest series of the same class surrounded by
circle, while cNN™ is composed of 2 closest series of the different class (cross) surrounded by dashed circle

3 Xi X ),cNN*

cNN™

Weinberger

(targets)

1

(impostors),

http:// Www. jos. org. cn

© hRBIEB IR



3006

Xj
i Xioo Xy
Xj

15,16,17}.

Xis
|zl Xt
Xit )
Xit

Xit
(2
&

2.1 DTW
DTW
WX
(Xiwi) X
xie—Xiell?
f(wip)
(6)
,.LDTW

Journal of Software

+ —

t, Xip Xt

xi ={t' /(L) e 7, X

Vol.28, No.11, Novermber 2017

ecNN;},

X ={t'/(t,t') € 7, X, e NN},

f(w)=e"*"
f(w)=w*

(7),acR* . =0

, LDTW
DTW )

Wit )

DTW.

© PEBEEG T

DTW ,CNN;  cNN; 2 DTW
, X13, X ={14,15,16,17}; . Xy ={14,
Wi=(Wig,Wia, ..., Wir), Xi
) Wit
Ay T
Wi = &7 » W >0, thlwit =1 @
21’:1 Ait'
1
ZX_,ecNNf 7(2({,@”--,) (% — Xi’t’)z)
A = ' BEM L @)
L=
1 2
invecNNr | 7. |(z:(lvl'€”ii')(xit ~Xew) )
’ |ﬂ-ii'| (2) '
Ait Wit
1 ) Xjr Xit )
0, (2) : @
1 2
zxirECNNf | 7 |(Z(1vt'€”ii')(xit v )
A = . G
z +i(z BN z)+€
X €cNN; | 7 | (t.t'exi)
: 10°°.
DTW (X, %) = ﬂmgll\] ((m;h)” Xie = Xi: ”2) (4)
UT.
DTW(locally weighted dynamic time warping, LDTW)
LDTW ((x;,W;), X;.) = [2[2[ z (W) [l X = X ”2] (5)
(tt'emi)

(6)
0]

http:// Www. jos. org. cn



k 3007
) 2 DTW
2.2
) Xiz{xillXiZl --'lXiT} T q ) 1Xit€Rq Xit=
{6 X3y T , DTW LDTW
DTW
q
DTW(Xi, Xi’) =min Z Z Il Xit - Xik’t’ ”2 (8)
weA k:]-(Ik‘l'k szzh,)
: 8)
q
LDTW ((x;,W;), X;) = min Z Z f(\NS) Il Xit m Xik’t’ I 9)
A kzl(tk K eﬂﬁ,)
Wi IxT ( ) axT ( ) Thiir
2.3 ED
ED kNN s Xj Xj . y T v
T X X r=((71(1),72(1),(71(2), 72(2)), ... .(71(T), 72(T))). DTW :
ED DTW P ,DTW ED ( 2 ),
LDTW ED (locally weighted euclidean distance, LED).
T
LED((X;,W;), %;:) = z FW) [l % = X I (10)
t=1
Wit 1) v A
ZX (X = Xp)?
A, = <N ,£>0 (11)
' Z:x,vecNNfr (Xi[ - XW)Z té
3 LDTW kNN
, LDTW kNN LDTW
kNN ’ Xj(lstNtesl) k (5)
1, / c ( 1 ).LDTW DTW
2 Xi wi( 2 ~ 4 ) ,
1. LDTW(Xtraithest)-
Xtrain: Xtest
errorRate.
1 Xtrainv Xtest;i:l(lsiSNtrain):jzl(lstNtest);
c k.
2. for x;,1=<<i=N.in
3 2 X Wi
4: end for
5: for X;,1=j=Ns
6: (5) Xj Kk
7 Xj
8: end for

© EEEERK T

http:// Www. jos. org. cn



3008 Journal of Software Vol.28, No.11, Novermber 2017

9: errorRate
10: return errorRate
2 w, wo=/T,....UT)
oo DTW (1 ~ 3 ). wP ( 9 ),
e LDTW ( 7). , o,
wP ¢ x  cNN* cNN- ) , wP
wP o owPt ( 4.2 ).
2. WeightLearn(c,X, Xirain)-
c, X Xirains
wP.
1: (4) X Xeain DTW , DTW 7o
2: DTW oo cNN*,cNN-
3 () wP
4: p=0
5: repeat
6: p=p+1
7: (5) wP? LDTW , LDTW n®
8: LDTW e cNN*,cNN-
9: (1) wP
10: until wP2wP?
, DTW o(T?). LDTW
, o(T?). DTW/LDTW
, . , N T ,
LDTW O(N2T2x(p+1)),p+1 . , w 2
( 42 ), . O(N?T2x(p+1))=0(2N*T?)=O(N?T?). ,LDTW
[11,14]

(UMD,BME Conseason http://ama.liglab.fr/~douzal/tools. html
,Trajectories https://archive.ics.uci.edu/ml/datasets/Character+Trajectories , http://www.
cs.ucr.edu/~eamonn/time_series_data/ ), . ( ED DTW
LDTW/LED LDTW/LED shapelet )

41

40 , 2. Trajectories
Conseason 10 . ,
2 min
, CBF 3 , Cylinder,Bell ~ Funnel,
10,12 8, ,CBF  min 8.
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Table 2 Datasets

2
(Ntrain/Ntest) (T) (K) (min)
ItalyPowerDemand 67/1029 24 2 33
ECG200 100/100 96 2 31
Gun Point 50/150 150 2 24
MoteStrain 20/1252 84 2 10
SonyAlIBORobotSurfacell 27/953 65 2 11
CinC ECG torso 40/1380 1639 4 5
wafer 1000/6164 152 2 97
Car 60/60 577 4 11
ECGFiveDays 23/861 136 2 9
SwedishLeaf 500/625 128 15 26
Adiac 390/391 176 37 4
ChlorineConcentration 467/3840 166 3 91
Haptics 155/308 1092 5 18
Conseason 37/328 144 2 18
OliveOil 30/30 570 4 4
CBF 30/900 128 3 8
FacesUCR 200/2050 131 14 4
Lighting2 60/61 637 2 20
Plane 105/105 144 7 9
Symbols 25/995 398 6 3
Trace 100/100 275 4 21
TwoLeadECG 23/1139 82 2 11
cC 300/300 60 6 50
BME 30/150 128 3 10
UMD 36/144 150 3 12
MALLAT 55/2345 1024 8 2
Two Patterns 1000/4000 128 4 237
Beef 30/30 470 5 6
Coffee 28/28 286 2 14
FaceFour 24/88 350 4 3
Lighting7 70/73 319 7 5
Medicallmages 381/760 99 10 6
SonyAlBORobotSurface 20/601 70 2 6
FISH 175/175 463 7 21
FaceAll 560/1690 131 14 40
OSULeaf 200/242 427 6 15
WordsSynonyms 267/638 270 25 2
yoga 300/3000 426 2 137
InlineSkate 100/550 1882 7 9
Trajectories 286/2572 - 20 8
4.2
, k {1,3,5,7,9}. , c ,
C ) )
,C ce{1,2,3,5,10} c<min. c=min,
,CBF  min 8, c {1,2,3,5} , €=10% , Cylinder  Funnel
, 1T. 3.
Table 3 Parameters
3
Olexp 1
Ofpow 0.1
C ce{1,2,3,5,10},c<min
k ke{1,3,5,7,9}
W ~wpt lw? —wP?P=01x|w]|?  p=4
(6) 7, w 0 1 (0<w<1), 1~0(0<f (w)<1),
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LED/LDTW kNN ED/DTW kNN
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[21]( 0.01) ‘g
10
Table 4 Classification error rates compared with benchmarks
4
() (k,c)
ED DTW LEDexp LEDow LDTWexp LDTWpow
ItalyPower. 0.037(9)  0.049(7) | 0.036(9,10) 0.035(7,1) 0.049(1,3)  0.047(7,1)
ECG200 0.100(3)  0.200%(3) | 0.100(3,1) 0.070(3,2)  0.200%(3,1)  0.140(3,1)
Gun point 0.087(1)  0.093(1) 0.080(1,3) 0.087(1,5) 0.093(1,1)  0.080(1,10)
MoteStrain 0.121(1)  0.145%(9) | 0.122(1,5) 0.134(1,5) 0.137(9,2)  0.138(9,1)
SonyAIBOII 0.141(1)  0.169*(1) | 0.136(1,2) 0.132(1,1)  0.165%(1,1)  0.170%*(1,2)
CinC ECG. 0.103(1)  0.349*(1) | 0.104(1,1) 0.103(1,10)  0.347*(1,2)  0.351*(1,2)
wafer 0.005(1)  0.020%(1) | 0.004(1,2) 0.005(1,1)  0.020*(1,1)  0.025*(1,1)
Car 0.267(1)  0.267(1) 0.267(1,1) 0.250(1,3) 0.267(1,1)  0.283(1,5)
ECGFive. 0.203(1)  0.232*(1) | 0.190(1,2) 0.190(1,3)  0.230%(1,3)  0.196 (1,5)
SwedishLeaf | 0.211(1)  0.208(1) 0.213(1,1) 0.199(1,1) 0.205(1,2)  0.200(1,3)
Adiac 0.389(1)  0.396(1) | 0.389(1,10) 0.394(1,5) 0.396(1,2)  0.396(1,3)
ChlorineCon. | 0.350(1)  0.352(1) 0.349(1,1) 0.354(1,1) 0.353(1,2)  0.355(1,5)
Haptics 0.581(7)  0.571(3) 0.581(7,1) 0.562(7,3) 0.565(3,5)  0.575(5,3)
Conseason 0.224(3)  0.278*(9) | 0.203(9,1) 0.178(9,10)  0.254*(5,1)  0.257*(7,5)
OliveOil 0.133(1)  0.133(1) 0.133(1,1) 0.133(1,1) 0.133(3,1)  0.133(1,3)
CBF 0.148*(1)  0.003(1) | 0.144*(1,1)  0.109%(1,2)  0.003(1,2)  0.000(3,2)
FacesUCR 0.231*(1)  0.095(1) | 0.231*(1,2)  0.221*%(1,1)  0.095(1,3)  0.101(1,3)
Lighting2 0.230%(3)  0.131(1) | 0.197%(3,1)  0.213*(1,1)  0.115(1,2)  0.082(1,10)
Plane 0.038*(1)  0.000(1) | 0.038*(1,1)  0.038*(1,1)  0.000(1,1)  0.000(1,1)
Symbols 0.101*(1)  0.050(1) | 0.101*(1,1)  0.098*(1,5)  0.050(1,1)  0.069*(1,3)
Trace 0.240*(1)  0.000(1) | 0.230%(1,2)  0.250*(1,10)  0.000(1,1)  0.000(1,1)
TwoleadECG | 0.253*(1)  0.096(1) | 0.252*(1,1)  0.253*(1,5)  0.095(1,3)  0.101(1,3)
GE 0.090*(3)  0.007(1) | 0.080%(3,3)  0.103*(3,5)  0.007(1,1)  0.007(1,2)
BME 0.173*(1) 0.107*(1) | 0.180%(1,1)  0.220%(1,1)  0.053(3,1)  0.053(3,1)
UMD 0.194*(1)  0.118*(1) | 0.181*(1,2)  0.174*(1,1)  0.007(1,2)  0.014(1,1)
MALLAT 0.080%(3)  0.066(1) | 0.080%(3,1) 0.072%(3,10)  0.067(1,1)  0.060(1,1)
TwoPatterns | 0.093*(1)  0.000(1) | 0.089*(1,5)  0.091*(1,5)  0.000(1,1)  0.000(1,1)
Beef 0.467(1)  0.500(1) 0.467(1,1) 0.467(1,1) 0.367(1,1)  0.333(1,2)
Coffee 0.179*(3) 0.179*(1) | 0.179*(3,1)  0.179%(1,3)  0.000(1,1)  0.000(1,1)
FaceFour 0.216(1)  0.170(1) 0.216(1,1) 0.193(1,1) 0.170(1,2)  0.205(1,2)
Lighting7 0.397*(3)  0.247(5) | 0.370%(3,1) 0.329(3,1) 0.233(5,1)  0.219(5,2)
Medicallmag. | 0.316%(1)  0.263(1) | 0.311*(1,1)  0.300%(1,1)  0.262(1,2)  0.263(1,2)
SonyAIBO 0.304(1)  0.275(1) 0.301(1,2) 0.300(1,5) 0.275(1,3)  0.266(1,3)
FISH 0.217(1)  0.166(1) 0.217(1,1) 0.200(1,5) 0.166(1,1)  0.171(1,5)
FaceAll 0.286*(1)  0.190*(5) | 0.280*(1,10)  0.286%(1,1)  0.130(1,5)  0.124(1,5)
OSULeaf 0.483*(1)  0.409(1) | 0.480*(1,3)  0.470(1,10)  0.405(1,10) 0.397(1,10)
WordsSyn. 0.382(1)  0.351(1) | 0.381(1,1) 0.386(1,1)  0.354(1,1)  0.389(1,1)
yoga 0.170(1)  0.164(1) 0.169(1,5) 0.170(1,3) 0.162(1,1)  0.161(1,3)
InlineSkate | 0.658*(1)  0.616(1) | 0.658%(1,1)  0.649(1,10)  0.615(1,1)  0.605(1,1)
Trajectories — 0.159*(1) — — 0.068(1,1) 0.068(1,1)
, 4 LED
MoteStrain WordsSynonyms
. 40 38 ( )
,ED/LED Trajectories).
) , LDTW
, 1NN 80%
, Wang (221 Petitjean (6] . k

3011

LDTW
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© EEEERK T

http:// Www. jos. org. cn



3012 Journal of Software Vol.28, No.11, Novermber 2017
k c 158 24 .c k.
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Fig.6 Underlying structures for different metrics on different datasets
6
4.4 shapelet
shapelet (24.28] shapelet
shapelet 21(Fs) shapelet L7(LTS)
shapelet O(N2TH, LTS shapelet
O(N 2T 2xmaxIterxs), LDTW , ,maxlter LTS S shapelet
JFS LTS .
, LEDpow  LDTWpey ED DTW LTS
FS , LTS FS Bagnall (28] .
5. 23 , LTS LDTWpow, LTS 13

LDTW,o 10

© P EBEEG T

http:// Www. jos. org. cn



k 3013
Table 5 Classification error rates compared with shapelet trees
5 shapelet
ED DTW LEDpow LDTWoow LTS FS
Adiac 0.389 (1) 0.396(3.5) 0.394(2) 0.396(3.5) 0.437(5) 0.514 (6)
Beef 0.467 (4.5)  0.500 (6)  0.467 (45)  0.333(2) 0.240 (1)  0.447 (3)
BME 0.173 (4) 0.107 (2) 0.220 (5) 0.053 (1) 0.120 (3)  0.320 (6)
CBF 0.148 (6) 0.003 (2) 0.109 (5) 0.000 (1) 0.006 (3)  0.053 (4)
cc 0.090 (5) 0.007 (2) 0.103 (6) 0.007 (2) 0.007 (2)  0.081 (4)
Coffee 0.179 (5) 0.179 (5) 0.179(5)  0.000 (1.5) 0.000 (1.5) 0.068 (3)
ECG200 0.100 (2) 0.200 (5) 0.070 (1) 0.140 (3) 0.150 (4)  0.250 (6)
ECGFive. 0.203 (5) 0.232 (6) 0.190 (3) 0.196 (4) 0.000 (1)  0.004 (2)
FaceAll 0.286 (4.5) 0.190 (2) 0.286 (4.5)  0.124 (1) 0.218 (3)  0.411 (6)
FaceFour 0.216 (6) 0.170 (3) 0.193 (4) 0.205 (5) 0.048 (1)  0.090 (2)
Gun point 0.087 (4.5)  0.093(6) 0.087 (4.5)  0.080 (3) 0.000 (1)  0.061 (2)
ltalyPower.  0.037 (2.5)  0.049 (5) 0.035 (1) 0.047 (4)  0.037 (2.5)  0.095 (6)
Lighting2 0.230 (5) 0.131 (2) 0.213 (4) 0.082 (1) 0.177 (3)  0.295 (6)
Lighting7 0.397 (5) 0.247 (3) 0.329 (4) 0.219 (2) 0.197 (1)  0.403 (6)
Medicallmag.  0.316 (5)  0.263(1.5)  0.300 (4)  0.263(1.5) 0.271(3)  0.433(6)
MoteStrain 0.121 (2) 0.145 (5) 0.134 (3) 0.138 (4) 0.087 (1)  0.217 (6)
OliveOil 0.133(25) 0.133(25) 0.133(25) 0.133(25) 0.560 (6)  0.213 (5)
SonyAIBO 0.304 (5) 0.275 (3) 0.300 (4) 0.266 (2) 0.103 (1)  0.314 (6)
SonyAIBOII 0.141 (3) 0.169 (4) 0.132 (2) 0.170 (5) 0.082 (1)  0.215 (6)
Symbols 0.101 (6) 0.050 (2) 0.098 (5) 0.069 (4) 0.036 (1)  0.068 (3)
Trace 0.240 (5) 0.000 (2) 0.250 (6) 0.000 (2) 0.000 (2)  0.002 (4)
TwoLeadECG  0.253 (5.5)  0.096 (3)  0.253(5.5)  0.101 (4) 0.003 (1)  0.090 (2)
UMD 0.194 (6) 0.118 (3) 0.174 (5) 0.014 (1) 0.056 (2)  0.139 (4)
Average rank 4.348 3.413 3.935 2.609 2.174 4522
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Fig.7 Critical Diffierence diagram for multiple algorithms
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Fig.8 Discriminative LDTW weights for BME dataset
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Fig.11 Learned nearest neighbor by algorithm DTW and LDTW for character “e”
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