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Time Series Representation Combining PIPs Detection and Persist Discretization
Techniques for Time Series Classification
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Abstract

Various time series representation methods have been suggested in order to process time series
data efficiently and effectively. SAX is the representative time series representation method
combining segmentation and discretization techniques, which has been successfully applied to the
time series classification task. But SAX requires a large number of segments in order to represent
the meaningful dynamic patterns of time series accurately, since it loss the dynamic property of
time series in the course of smoothing the movement of time series. Therefore, this paper suggests
a new time series representation method that combines PIPs detection and Persist discretization
techniques. The suggested method represents the dynamic movement of high-diemensional time
series in a lower dimensional space by detecting PIPs indicating the important inflection points of
time series. And it determines the optimal discretizaton ranges by applying self-transition and
marginal probabilities distributions to KL divergence measure. It minimizes the information loss
in process of the dimensionality reduction. The suggested method enhances the performance of
time series classification task by minimizing the information loss in the course of dimensionality
reduction.
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Discrete  Fourier Transformation (DFT) [13],
Singular Value Decomposition (SVD) [3], Discrete
Wavelet  Transformation (DWT) [9], Piecewise
Aggregate Approximation (PAA) [1], Adaptive
Piecewise Constant Approximation (APCA) [4],
Symbolic Aggregate approXimation (SAX) [7]% T}
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2.1 SAXQ AAE 7

SAX= wste) ojrtst 7IWES AR AAE %
o s AALS A9 5 Eol7] 98l PAA &
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c. = — Z V. (1)

AAIE Y olitsl= A4 WY Co(a, e E 45 9
H D =(d,dp) & A8 AH2 A3 ol
o} [15]. o=, 12} w/‘}o o] BE s} joll aliA, o<¢

% fEY —1- o [¢] '—I% o

FAER wTsto] oit3t JHES AAA 2
A5 WE C9] 7 84 ¢F o7 ARG o]ks G oe)
034 52 AEZ diAste] A5 MED 2 s
Al 2(sequence) = AT A 50, ol4ks}t b
5% oAtk 7kl SAXE 7H-AIQE BE A
of 913 FAE FUF A719] FHER £, 570

o2kl g Ag {(0.84,+0), (0.250.84), (-0.250.25),
(-0.84,-0.25), (-00,-0.84)2 AA 3t} 1g]a W C =
(0.1, 06, 1.1, 0.7, -0.1,-1.0, -0.3)8] Z+ &4 = o]At3}
JAE ¥ AEBE A B, C D, ES 3hte HER

3 313t

[2%] 112 A2HES} o)aks) 47} 742 73 54,
Aol 709] A ALDE Aol7e] A& A (C B, A B,
C E, D)2 W%3= SAXS] A 58S HolE)

value

Arange
e 40,84

B range
............................. +0.25
Crange

-0.25

D range

-0.84
\E range

2 1. SAX AAIE B3 of

2.2 SAX9| =M™

SAXO AAE 8L v53 22 EARE 7RI
A, SAX= M= v e AAE AdES 8
8 EehA Satth dfubshd, SAXE 7 Al E

E 5 A sjoF gt

(19 2]5= SAXT} 28k Stk AlAd ] 'l s
o] & nolFrh [1" 2] (A), (B), (C), (D)lA 4
N AALES Az v 49 FHles 7R 2
2Lt SAXe] PAA w8} 7S 470 AA D50l &
gk PAA A5 gha Folstel 258 w43 JH
AAGZ 7HF3

N L NS I\
N/ NV /N

(A) limitation 1 : SAX cannot distinguish four time series with the same mean value.

(B) limitation 2 : SAX cannot distinguish different time series with different slops

(C) limitation 3 : SAX cannot distinguish different time series skewed in different sides

(D) limitation 4 : SAX cannot distinguish different time series with different amplitudes

J3 2. SAX AIAIE #JQ| 2X mES

(2% 219} o], v2 =4 FHe AALES
at7] SleliM = AlIRE 5 A4 sfoF sk ZAA

o
Tp ol SAX®] PAA Ths)

S A [29 3] F7AE 2 TN AAE T,
<t 78S A3k oot}
| o), AZHE $= 582 FYsith
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Time Interval ~ Time Interval ~ Time Interval ~ Time Interval ~ Time Interval
ofSeg1=u ofSeg2=a ofSeg3=a ofSegd=a ofSeg5=a

value

Seg 1 Seg 2 Seg 3 Seg 4 Seg 5

Time series T,

Smoothing representation
using PAA technique (® < 1.0)

Averageof  Averageof  Averageof  Averageof  Average of
value Seg1=-0  Seg2=®  Seg3=-b  Segd=d Seg5=-a

. Y 2

® Y time

(A) PAA representation of time series(T,). Time series T,
is transformed into a vector (-®, +®, -@, +®,-®).

Time Interval  Time Interval  Time Interval ~ Time Interval  Time Interval
. ofSeg1=a ofSeg2=a ofSeg3=a ofSegd=a ofSeg5=a
value

R N R AT
g T

+1.0:

S

Seg 1 Seg 2 Seg 3 Seg 4 Seg 5
Smoothing representation
using PAA technique(0.0<1.0)

Averageof  Averageof  Averageof  Averageof  Average of
Va’UET $eg1=00  Seg2=00 Seg3=00 Seg4=00  Seg5=00

2 2 L2 >

time.
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(B) PAA representation of time series(7g). Time series Tgis
transformed into a vector (0, 0, 0, 0, 0).

3 3. F71d AAIE ClolE ol s SAX AAIE B

(2 319 T, 9 4%, PAA @33} 7|BE AAE9
SAYS Ao & g} gy T 9 A4S
57 PAA AlFE0] TL% 3 0 & 7h4, AlAIE ] AR
£4E gt 1B R gds FHE 2 A
dol AH &4E8 HAssly] YsiA PAA ©s) 7]
e dd 5 A7) sk k.

SAX 9] ojrtsh= AlAID e A= 7ol olat

o 495 AUk et (17 419 g Rl
AAe] FARE W, SAXe] olksh= AA ] Bn
g 9% 5 ook shshE, F4 F9 gelo] ol
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o B 5 9] ol

(A) Multimodal probability distribution  (B) Skewed probability distribution  (C) Normal probability distribution with noise
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Input : A n-dimensional continuous time series set
T={T\, T, T}  where T={(t,o1),~, (L)
o (tun)), w the number of PIPs, k the degree of
discretization

Output : A w-dimensional discrete time series set,
D = {Dy, D, "Dy} where D={dy,",dy}

Find k discretization ranges from T°
Fori=1-m
Detect w number of PIPs from 7;
Discretize PIPs detected by menas of k
discretization ranges

Endfor

| ARbE AAE 2@ AAE Je T=

Persist ©]2bs} dare|gol 2-8-8kef k7 o]ikst 9o

59 BAANES A4t 2 2 AAE T o o
)

3, wll PIPES BAte] kabele] PIPHEE 48
o} o, PIPS] 2t 458 A&5F 4 g2 7t
a3l k7l ofiksl g Ee] AAAES ol8ste] PIP

3.1 PIP EX| 7|E MEe AIAIES THHEst

2 =82 AAGY PIPES BAEt] AAG] %
e Az 7oA F@gT PIP= Q1A 5 7
o] PIP5< 123 Aot AA Do 2 Aol <]
s SA T daels 25 AAE T 7F Folxls o,
A S HAE



AAE 2RE I8t PIPs

BIXI2t Persist O|ttzt 7[HES Zeet MAIE & 101

dudF 2. PIPs ¥4

// T; and w denote the i-th time series of time
series set T" and the number of PIPs, respectively.

//start and end indicate the first and last time slot
of T;, respectively.

// MIN is set to a smallest number.

typedef Pnode struct
{start,end,MaxTime,MaxDistance} ;
int PIP[w] ;

void PIPDetectionWholeTimeRange(T;,w)
{
Pnode T ;
T = FindMaxVD(start,end) ;
insertHeap(T, T.MaxDistance) ;
PIPDetectionSplitted TimeRanges(1,w) ;
}
void PIPDetectionSplitted TimeRanges (k,w)
{
if (k>w) return ;
T = deleteHeap( ) ;
PIP[k]=T MaxTime ;
LeftT = FindMaxVD(Tstart, T.MaxTime) ;
RightT = FindMaxVD(T-MaxTime, T.end) ;
if (LeftT=INULL)
insertHeap(LeftT, LeftT .MaxDistance) ;
if (RightT=!NULL)
insertHeap(RightT, RightT.MaxDistance) ;
PIPDetectionSplitted TimeRanges(k+1,w) ;
}
Pnode FindMaxVD(start,end)
{
if (end-start<2) return NULL ;
MaxDistance=MIN ;
for( t=start+l ; t<end ; i++) {
VD=CalcuateVD(t) ;
if (VD > MaxDistance) {
MaxDistance = VD ;

MaxTime=t ;

)
Return (start, end, MaxTime, MaxDistance)

-

Fae]5 2004, will PIPE-S AlAIG ] F23 W
< YR, HE PIP = {pipy, - pippipw} =
Ht}. PIPDetectionWholeTimeRange 5% A
AE T; oA 7P F83 shte] PIPE gAsta
PIPDetectionSplitted- TimeRanges 3= #74
i% & Tt k-1709) PIPES B49th & =
2 k7 PIPES ©Ash= dAdA Hd 4 A
(MaxDzstance)Ql AAE T3 A7s] f18 A
¥ (max-heap)s& o|&-3trh. Huksid, Hd 2 +
2 Ao 7P F Fhe] FEo| AHE7] wiio|rt.
FindMaxVD <75 AAE ] A2k wp2] ek A o 4]
AALE A4 2430 AAE R 4 AE A
ste] Aol 4 A7l 7S 2t AALe] 9AE 24
stoh A|AID Y Q1S PIPES A4S dxafe] 44
A2 (CdecuateVD)= 2(2)9l] ]3] #Axketh

10

T, —T

s‘

VD(t) =y, —y, | =y, — (y, + (g, ys)-xim‘

2

22004, y! Ty, = A ¢ oA Q1 E PIPE 912
o AX37 AL 79 7k 247 vepdch 2ea 3
A} s9h e= A ALY Al (start) 2 v THend) A &
Z+zF Yepdnh [29 51 PIP ©9X(A)9} ©X¥ PIP
o ogt AAE REB)Q et dE HofEo)

)
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Hu

Ye Time series (T;)

1234567 851011121314 151617 1819 20 time

(A) A PIP detection from time series T;

PIP

123 45 67 8 61011121314 151617 1819 20 time

(B) Time series representation by means of PIP detected

a2 5. PIP EX|ofl 28t AAIE =3

[z 5] QWelA, AAE T= {(kw), &)
s (tnum)tel FoIE o, 7o) A Al (k) ek vhAet
(Ao o] AL vt vwE AA3BE Bt
AM(Line)& 2@tk 28] 156 19744 2} ¢ Aol
A AAE g Z Ao =2 AR Altete 7HE
2 4 A A ()M v NALTe] PIPE
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3.2 Persist d12|ES HMEst A|AEL] ofitst

Fabian M2 24 9] o|1tsl AARXES A3 4
3| Persist 18]S AlQtsttt [11]. Persist= F 71
o ZE BYE HuwsE HE(measure)?l KL
(Kullback-Leibler) #AHS o] &-3to] A|A|G2] AJ7HA
T-Z(temporal structure) & 1# 8 H A <] o|Aksl A A
AES A4k 5 A7) del g EE P={p,..,
DivuDid &F T FE EXE Q=q1,Gina) 7F TOIRES
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For i=1 ... k-1
P=0
Foreach ceC
P = PU{Persistence(D(T, BU{c})}

End

b=max;(P)

B=BU{c}
Endfor
] 3 oA, C= Equal frequency binning %
o o3 AAH olitst AAAEY FRH FJFo=E

C:{cjlchR,]Zl...m}E 7]e¥r). Z18]aL Persistence( )
= I olitEl 95 [ Ssy,sidol &g A
& T 9 Persistence scoreg WERIH, 2](3)el <J3) Al
2bgh 283 D o)Aks) shrelth A (4ol A, sgn()
< Persistence score?] ¥35 ZAASI= AAA
(indicator)©]™, 41(3)<] Persistence(s)E 24l ]3]
ARk,

Persistence (S

k
Epf rsistence a ) 3)

p@rs’?s’ten(r(el)
)SK.

sgn(A(j.5) — Pls;) SKL(A(j. ), Ps;)) )

J J

2( , D& P(sp= 242 7] Zol &3
9 —.%% 247 JeRE dE 5o, AAE
D L.,a}7k olitst 4 3k Sell 9
3j ﬁ?ﬂ%‘ UH, kxk o] g5 dHo| AT AQ, )
= kxk #o] 25 HFHA el X &E
Pld=sildi=sp) o1t LE]al Pls)= Al g o EA 11
S5 AAIGe] Zol no& v FoE HE g 7F Yo

o gtgolt). Persistence()E sgn()o] %ol A<t
P(sp)2] SKL(Symmetric Kullback Leibler divergence
yol & o, & 7+ 7HXIt}. Persistence()¢] SKLS 4]
Bl s At L, 2(6)> KL ARk oot

19,

i o
1o
]I

SKL(A(j,4), P(s,))

— S (RI(AG). Pls)) + KL(Ps)), 4G 6)
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KLAG.).Pls,)) = 4G og(“d-2, ®)

=S AAE B57 AEE Fto] SAXS} A|gket
g 28 WY A vla AEEs st A
RAM 1.87M, CPU 2.50GHz, Window XP A] 2=l
oA At

A9S 94|, 2 =58 UCI Time Series repository
[2]o14 SCC (Synthetic Control Chart)®} EEG
(Electro- EncephaloGram) A A4 dlo]8 s 43
st 283 ATIHE 9 o4kt 2H(Degree) &
S7FA7IA, SCCoF EGG A AIE S 7 EE] A
77 248 B =2 AAE 28 YHE

F < H|w237] $l8) SVM (Support Vector

Machine)& +FAE 98t dvksid, SVMS
A7t o] 2ol 7]9kste] < SE7F wE 3 dio|H
9] o] A& Wl =2 gtz s Bgs] o
wolth AAIE dlolH 9| 53 HAE H]&-2 50%TH
50%°]x, SVMS] AY (kernel) 42  Gaussian
Radial Basis Function® AF&3slity. 2] Tay$}
Cao?] A8 Az} LAs}], SVMe| et g C9} &
£ 783 255 AAstsict (51101

SCC AlAIE "oy M3 67 SFela2 FA4=H,
7 2= 100709 4ol 609 fFARsE AAE HEE
< 7Ht) [19 6] SCCe| 671 Sd2=59] AlAIE
HHES HoJET,

°
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(A) Downward trend time series (B) Cyclic time series (C) Normal time series

AN

AAAAAAAAS

A,

N

(F) Downward shift time series

(E) Upward trend time series

(D) Upward shift time series

2! 6. SCC AlIAIE olole XEte| 67tX TEHS

B = AMSE EEG AAE diolHe 4328 5
2} (alcoholic) 2+ 24421 (control)2] F3] oA ZA =

N AT (electrode)®] 3t do]HEA, 12 &
256Hz9] 39msec epochZ 7HAt) [2® 7]9] (A)¢F
B)E ¢3E T5A9} 4449 EEG HolHE 44

HojE

Gweas L - T e

(A) Alcoholic EEG time series

a3 7. $32 =X Yol EEG AlIAIE dlolE

(B) Control EEG time series

AAL 28 WHES Ass W
& SCCe EGG AAE dleolefel sl vha3t 22
ARES TP A, ATUE FE5 77
A, SAX®] PAA 7193} PIP &4 719l o3 AJAE

of H Ates SAskr [17 8] SVM &4
°

N
do
é’é",
(e
o i

0.9 e e o o o
o8 o~ o a
g 0.7 :».’.77 -
% 0.6
0.5
0.4 —®— PAA-®— PIP

03
3 3 9 12 15 18 21 24 27 30

#Segment

(A) SCC time series dataset

1o

0.8 e e o = = =

Accuracy

0.6 o
05

0.4 —m— PAA-®— PIP

03
10 20 30 40 50 60 70 80 90 100

#Segment

(B) EGG time series dataset

12 8. PAASL PIP THES 7|Ho| ds Hlw
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(227 819 AFelM, PIP §4] 7ol
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2Fokt} o] A2 SCC AIAIE dlolEl o] AR £48 3
APk #HA WA 711598 YEhH, A S
(15/60)%100=25%7H4] &4 F S 9Ju)gtc) 9
usha, 159 A o] Fo Ex| PIPE2 AlZIge] &4
A Fejol F FIES FA &7 wirelth EGG AAE
dlolg o] A, ATHE F7} 30014 & ul, AlAL

BH Ao gvtsi Asstaon, A4S (30/25%6)
*100=11L7%7H4] Fa & 4 A& on|gt) ol g
3% & SCC AIAIE dlolEl7} Hd 4 (stationary)
2l EGG AAYE  dolHet =l H|[EAH
(nonstationary)©] 7] wj¥-o]t}.

4, o]2k31e] A4 (degree)E F7HA171H A, T
3 22 7hA] FEE TEE AAE dolE s
AReS ZAsrl. SAXel o3 AJAY
(Normal-PAA), PAA 77} KL& 483+ A7
& (KL-PAA), SAXS] o4itslel PIP B4 7]H
AAE & (Normal-PIP), KL¥} PIP ®A]e] 9]
Ad x4 (KL-PIP). [28 9= 4 714 JH=
SCCeF EGG AIAE HeolEHEe 7 ASEE
HojEr)

el S do
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0.7

Accuracy

0.6

0.4

03
s 10 15 20 25 3

Degree of disc

(A) SCC time series dataset

Accuracy

5 10 15 20 25 30 35 40 45 50

Degree of discretization

(B) EGG time series dataset

a7 9. Mg EY WSS EF 45 Hin

[ 6]9] AgolA, PIP ¥4 7143} KL 0|43} 7]
He Aget AAYE 18] M S BF TS R
drk  SCC AAIE  Helele  A$, KL-PIP,
Normal-PIP, KL-PAA, Normal-PAAES 283 40
2 22 BF AFES Btk BEGG AAIE HlolH e
9%, KL-PIP71H& 8¢ AAE 2de] 7MY =
< F TS EAth 283 SAX9| oits WS
gt AAY FHRG KLS 3838 AAYD Fdo]
O =2 E5F AFES Bk A9 Ay 2 =i
Aokek A A Fdo] SAX AALD FART AL
ol o Agshs SWslEth 1 olfe o 2
o}, o] AAIE ] AR sfHES ElQ) A|Z” I
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