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Efficient Time Series Mining using Fractal Representation

dimension must be specified
gver, determining this appropnate
As fime series ming ; Ll 11 nsien isa relatively difficult task since
annd aitteacied mu cl i ' ! usually allowed, depending
efforts have been shifted iction error of each time series
af  the  swccessfil : s overall data mining tasks.
representation of 1 1 precise one-dimensional
T this  work, data, everything will be effortless

represenfation for time @ wlle /e erefyee  and st Wi we  need i_s to sort those
three real values 1o gdre: ] ; o5, e i NEAngs, angdige can retrigve any nearest
its nnigne advaniag@es : it o1y ith ease, sut any need to caleulate
captire the patiern and gel7 5 wise simila "’--,i ong all the objects. Therefore,
representing the time s@fics ™ global deire Trag Tt o 2 ‘dimension, the easier the data

3 : series data can be seen as an

oy a fiew valies, I in g X d |
similarine search. A poti AT ) mns 3 ere o is the length of the time
praposed method o ol %, Wi e ‘ attempis have been focusing on
show to e scalable o r reduce its dimensionality, Most
Wave been used to facilitate the
by pruning off unnecessary data that
2 the solution,

paper, we propose a novel representation of
me series data based on fractal dimension, which

L. INTRODUCTION . T : i.- A jorm any time series data to a 3-value

KEYWORDS
Time Series Mining, Fractald
Dimension, Clustering

hat reflects the pattern and  self-

directly. We demonstrate

our Wtk on clustering problems,
‘ e to the resulls from other existing method

and a more recent ;.!- pression-Based Dhssimilaril * such as Euclidean Diflasite, Dynamic Timge Warpin;

Measure (CDM) [2]7 Alternatively, the speedup has (DTW), and Compression-Based Dissimilarity

been improved throughy indexing, dimensionality ure (CDM).

reduction/data representaliong@inonz many others. The he r:st ¢f this pan

dimensioiialiw re o hifigue 1 i .

imilarith <okl hy h dag” Zequence. Such a small
pmt;;?&?: - i — presentation can achie' ¢ ﬁ» speedup on the d_ala
ints 1o the re e kiiitaahamiieig Pposed fractal representation
:’:d speed ,‘ ‘.':‘ etter  accuracy  than

proposed 1w help 1

mining, including Dy

a!ﬂlﬁ Ml
Al A pEg - "
reduc g and lhen mlmduues our pu'opﬂsed work in Section 4 on

'- P
Piecewt ﬁggugm: hppmmﬁtmn {P'AM [3] how to sxpl
ploit fractal dimension with time series data.
S:.rmbohc Aggregate Approximation (SAX) [ Section 5 @mtains our experimental evillugtion and
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discussion, following by conclusion and suggestion for A fractal dimension can be seen as an irregular
future work in Section 6. geometric object with an infinite nesting of structure at
all scales. Many types of fractal dimensions have been
ogosed, such as Hausdorft dimension, box-counting
i * compass  dimension, and correlation
Recent research has been focusing ab ' n practice, the last three are widely used,
up time series data mining faskshlany research ol i their case of implementation. Mostly,
groups, including ¥i and Falo 3 | fimensions are closely associated with
et al. [4, 5], and Bagnall and'® i ' i this work, we will demonstrate that
others, have proposed various RS : ! e su s oikiwell with time series data. )
techniques for time mgg data,__s ; es a typical fractal dimension
demonstrated 1o work y : . iy i5 applied repeatedly to a fractal
data mining tasks b}- pris mg afd apoes jthal | h, various parameters. Each set of
guarantee not to be the a Lgathe : s oduce one point on a log-log plot.
remains unchanged straight line is fitted 1o this
Others have been focus] dimension is determined by
series data mining more
on the distance meus
(DTW) distance meas

i Y - o - 1 : : |
the best distance mensifes (" =  Fcu 1
particularly for relati gl§fs me gericl For, ' U~

2. RELATED WORK

ones, some  hav
algorithm [2], inspired by
theory, to  measure i v ; i
sequences, while beingPable - neadl T, -, N Q"

structure of the data, Wlachos 1.28
nme  senes o FI‘.TJ doed
values, which has been ork of fractal dimension

clustering problems.
Fractal dimension, on the o il

known in the data mining cogimuniy o ass Dimension

has applied it 1o images and data points= aitiple, i

Barbara and Chen [8] have used Fm':ta

distinguish  diff i of gipass dimension [11] is a method for caleulating

ion by using a compass o a ruler to travel
Hinneburg [9] use fractal dimensi er of input_data. First, we select an
that has been wifkad b i ent (compass length),
Xiao et al. [} '71'-.'_— and then wuse this Hn e erse from the starting

surface of EM L il it reaches the ending
-v,i__ owh in Figure 2. The ruler
3, FRACTAL DIME te=and the overall estimate of its

I 10 = 50 fnits in length.
Before getting inié ; notion of fractal dirmen “The overall length ‘;‘j’r the line segments becomes
we would like 1o firSflescribe the general idea afthe one of the outputs oFthis compass function. The
topological dimension which les on the Euclidean subsequent iterations are repeated in similar fashion,
. lLe. poi imension, lines and WWuth shorter line segment, generally half the
i have du b when the line

mrrespnndmg to that line segment (y-axis), in a log-
Fractal 15 a deterministic dynamic system wii mparl log scale, nnl]y, the compass dime iy s

of chaos theory inspired by the self-similanty property. determin e slope of the best-fit o those
I 4 i 1ﬁ .ﬁ
WW %wﬂ% H



log N
D, =i jogs g N(s) 0 whenx<0
=0 logs Byl = 3
where, ¥ is the length of the line segi 1 whenx=>n

the sum of the line segment leng
the curve to the end, composed b
of length 5. Thj.scnmpassdl it
if the input is very smooth S
cirele, or a straight linesl
input sagnulﬂ'pr.nmur lh: stie
larger the fractal di

hows parts of the calculation steps for
fegial The initial data point is denated by
denotes a current point of interest at a
d a solid square denotes the data
gdyvibeen processed, Step 0 illustrates
1. In step |, one data point is
a star), and we count the total
within the distance r {in step
he processed data point is
vith different data point. In step
and 0 in step n.

L ]
5 .
® et
® e
Figure 2. Part of t i
steps, using some fixed-len PO
around the image, f
3.2, Correlation Dimensiol "
. ]
In 1983, Grassberger and Procacory
new method for fractal dimension calcila STEP2 STERN

still widely used nowadays. Correlatiog . . gnd. An example of the comelation integral
16] is a measure of the dimensiganhn Gl 1 _ leps. with a threshold distance r,

occupied by a set of rando
as the probalilityy il “.ﬂ"- integral, CeAr), we
points will begifhih cemain-distance from-cach-other /ol Le. half the previous
This correlatich s - ;"‘I‘“ log-log plot between #
probability chabge: cogrelation integral, Coa(r),
correlation dimensioi s o opey best-fitted line 15 the
integral [13], whig 1! esthimg ton (), defined by equation (4)

equation, | d¥
1ngC {r}
C}.{r]— 1m1— r—lx, }m =] ‘ —i
wh liex, types of fractal
thi mension has the
space, Fis a Ihreshnld vn[ue whu:h is decrelsed in each advmtggt that it is quite simple and easy to implement,
step. } is the Heaviside step function is while giving the resulls in accordance wrth other
defined in equation (3). dimension g lat

ammmmummmaa
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4. OUR PROPOSED WORK the time slice duration reduced by half. Figure §
illustrates  cur  Equi-Width  Compass  dimension

In this section, we will introduce our fraewll §  <aleulation.
representation for time series data. In pasticular. w From Figure 5, we first assign an mitial time slice
utilize both the compass dimension s 1 Tela iomg and then try to fit a line to each time series
dimension, and obtain 3 real 1es S g the beginning until the end of the time

represent the self-similarity within the ¢ scaies e lengihs of all the line segmenis are summed
compass dimension, one from ou . %t dteration begins with time slice
dimension, and another’ by half. Afier the tume slice is
dimension. r s own toonly | data point, the algorithm

. V. the equi-width compass dimension
slope of the best-fitted line of

4.1. Equi-Length C
“ Bt =log scale, similar o the equi-

This equi-length com
the method descri
starting and ending pomnts ag
series data do not form ¢ d fi
an example of :
steps, where the rult ng
total estimated length of
length.

h compass dimension, where
o 20 units.

nension

e oHTe dimension, we simply treat time

F— as a sequence of data points, and then apply

Fi 4 A i-length di ation dimension algorithm as described in
igure n equi-length compass dimesmonw W . L

the length of the line segment, 5, is séblad 5 e first assign an initial r value and seck

p!}:pr‘t fa I 01 w:ﬁnn the dala from the correlation
] sarerep-caledmthr

We first assig initd
g ally, the log-log plot
:h:nld slar;;i_n Ny Hve om the g po: T ie” jborrelation  integrals s
ime series, - L cgrrelation  di ion 1
The lengths of af obudbest fited line.
Eh's pf;-.nlncular 5 vaf e obi real values that represent
in a similar fashion, L dﬂ: cas sries data i alunique way, which also give

the end, we obtain equi-length compass "4 new identity to the fim

from the slope of th v) si-fitted line of the pmn in the reduction 1o the ori .
ginal data. We will demonstrate the
log-log scale, as dﬁcnbed in Section 3.1, utul:t;.r and tﬂ"ocu-rcncss of our proposed fractal

if.ﬁl AT TS ?ﬁ

Slnce time series data is plotted on a time We evaluate our proposed method by experimenting

on clustering problems, testing on both accuracy and
Axis {.!.'-amsL we can utilize this fact and divide time speed “W o mabne the euluatm irest as

serie ual umc 51n::¢s Thus way, in l:ad af !: I

series data, with a massive
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metric, and the Dvnamic Time Warping (DTW) though CDM 15 able to recogmize global structure of
distance measure that has proven to work exceptionally the data and also gets 100% accuracy, our proposed
well for relatively short time series data. To ¢vali . method is running about 3 orders of magnitude faster
the efficiency. we compare the clust:nng specd it 3 # all the fractal dimension calculation can be done
the Compression-Based Dissimilarity Wea i ile most parts of the CDM algorithm cannot.
[2). whlch has been demonslmte q,L

structure of the data.
5.1, Datasets

Since long time serics dai
to obtain, we assemble and byl
experiments from the he
from the UCR Time
all of which are z-normalized
*  The first dataset |

archive; it 15 pag
of 36 ime series (with
points in length. Adjg
same class. e.g.. Lgnd 2,
This dataser coniiims a g
of time series data, soy
are heart signals, so
shown in Figure 6
¢ The second dotasél 1s a
1Ime Series Sequences, ¢

bbbttt 11 LI LT A T P LT S 21

in length, Each class céfisists @f 5 sequ . "
pick various datasets#ffom ih@archive af "
and if the data sequencl®is 0o 1

concatenate the data together unyl wes
length of 2,000 data points.
contains a good mixture of di
signals  (posture, SIHI'IE.'I:I'L,
tickwise, ma!let. Ir.ung fur

‘ lustering result using the proposed fractal
itation, All 18 pairs of dma are clustered

MNote that al ___.- aJ jesult ofthe first dataset, reporting
Matlab®, so the repafte Gur proposed method
faster  if  1m @ accuracy and time

programming la

o) Time {sec)
5.2. Hierarchical 2. 0.132
191013
We test our method on a hierarchical 10 48.236
clustering  problem, cnmpnn'ng with  Euclidean Fractal Rep. ] 0.051
distance, DTW d-smnr:c

method is y AT in 1

SUm u W 0 : -.3 Lol othe

a!gnnt S lre : ug 2 fatire on partitional
!ht et l ;- T ; eighbor method.

W: rcpun the accumcy and runnmg time, comparing
therefore “d' the resulting d:ndmgmm Bn our nlgunt% Euclidean distance, istance,

ob] ﬁﬁﬁﬁ%‘ﬂm i "‘ﬁ N




Table 2. Clustering results for the first dataser.

Algorithms Accuracy (%) Time (sec
Euclidean 30.56
DTW 63 88
CDM 63 88
Fractal Rep. 91.67
Table 3. Clustering results L.
Algorithms Accurs e
Euclidean " 0.665 _
nTwW 258
CoM s
Fractal Rep.
Our fractal representati 0 1a
in the running time, Y ald_giehi L
orders of magnitudg up. p A
few cases, we get the sam u 4
running time is about t :
like 1o reemphasize he ‘
experiments here L - %
that DTW is generally ¢ or Gdenini
relatively short time serigsiTt Ideapture
structure of the data, glalal .
" L
6. CONCLUSION F o
Jo
In this paper, we™ a i
representation that has been FIENE
effective and efficient for ti i Mgt
advantage is that this representat v—be —dom

offling, providing great speedup for th
since each raw time series dala is

3 numbers. In addition, va i
proven to be ¢ i

of the time se

ideal if we

uses only one

which would

mining tasks
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A Novel Fractal Representation for Dimensionality
Reduction of Large Time Series Data

Poat Sajjipanon and Chotirat Ann Ratanamahatana

Abstract. Fecey speee time series data mining
tasks wh i e xin: ower bounding
funmiclrn.aj _ 0 - urren! dlmenf;mnnllly
reductis : ‘ e Lok "'s i s data by a

large margig this paper, we
introducgen acll B piesenia wh ree real values to
represéntl a _ b ur - proposed
represental ;  affiCicnthy i lér  Buc dl'«tam.e We

demonsugte effy e s nnd datilis 3 el Fragtal Bepeesentation on

classification groblems 3 ] od outperfonms cXisting methods
in terms of : fhce 4 ey, 1’ confirm that this
represent ecti Tepres: haraglerisiigs of the daa.

especiall¥in lag
Keywords: Time Series Minjng Freid Representation, F | Dimensicon,

1 Introduction

The ultimate goal to impiOve Tinie serics il hath speedup and increasing
accuracy; Unfor - ad gomputational cost;

for exa Limﬁ;mm;m&mu-_{mu@-;éiamx \" be low when

comparing ‘, 11 Dynamic Time
Warping (B W put- it has been widely
accepted as one of th eries data, particularly for

relative -ll ime series. Although this method consumes { large amount of
computation time, time complexity can be reduced by combining DTW distance with
other algqnthmsjq ially bounding fum:tl(‘p] High computational cost for DTW

ﬁﬂlﬁ%ﬁﬂﬂ%‘iﬁ B i

un large time series data. However, CDM is /O bounded. which affects the

q TR . S

T. Theeramunkong et al. (Eds. ) PAKDD 2008, LNAT 5476, pp. 9895400, 200,
© Springer-Verlag Berlin Heidelberg 2009
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current dimensionality reduction techniques cannot reduce the dimension by a large
margin without losing their global characteristics. Most of these methods are used for
pruning off time series data that are not the answer, such as Symbolic Aggregate
Approximation (SAX) [4]. and clipped d: presentation [3].

siond is 1o represent time series data with
only one dimension, while prese i J. s characteristics. Once these
resulted dimensions are sOrk b series using constant time.
Cunsequentl},r this : number of dimensions of

L C I representation can

accurately classi g vecialty TEr. (1 series, since Fractal
Jecti : eristi he data.

spized iy . we review related work

on time series nij Wnality reduction teghniques. Section 3 describes

' Afte our proposed Fractal

2 Background and R

Generally, the dime | as aline s plane, a cube, is
represented. -k : Si0 : ppalocical dimension,
However,

he-dimension e, Fractatdimension el real value which
considers y o~ /ithin. Both fractal
theory and £ W is a non linear and
deterministic mic system. Fractal'theory" s ke chnrncleriﬁis the self similarity:
the shapes of the data still look similar at any scaling levels. In the other words, a

fractal dimensiongs the dimension of an i lar geometric object with an infinite

T N B

thm on is commonly calculated iteratively in different levels of local structure, as

q T

for data points and time series data, i.e., Barbara and Chen [6] applied fractal
dimension for data points classification, and Xiao et al. [7] used fractal dimension to
classify EMG signals. However. the results of fractal dimension still cannot
distinguish the classes very effectively.
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Function

caleulation

The idea o yfitliruén sion 8] is fo estimate the dimension by seeking self

similarity using a_go S secment Or puler o travel along the perimeter of input
data based on diStancg” For aXamplc, in_the fifst Siep. the ‘compass segment with
length s is asgigned gnd | om 5 segment traverse the starting position to
the ending pmltl' of ghe inpur dathThe ‘Overall imace perimeter length is then
estimated from ghie oy 3 on - Mgk .1’:- 58 segment’s length is
assigned as c previ Jens pnction calculation is

¢ campass function output is

repeated. Each coogg
0 for these points is the

(1)

Where s is-the com ength, afnd M) is’ ampasssegments” lengths
s from any stditi

22 Corrdlatior A ‘

Correlation dimgnsion [8. sed by Grassbereer and cia, measures the
self-similarit calculating correlation among all data points mespace. Correlation of

the data points, al mlled Correlation Integral, is measured as distances between a
fixed point and eVerggnther point. When the @isfance is less than a threshold distance

EaRoRaY mﬂmﬁfﬂﬂ“‘fﬂ“ﬁm
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where N is the total number of points, x is a data point of space, and r is a threshold
distance. ©(x) is the Heaviside step function, and is defined in equation (3).

O(x) = (3

R f . .
To calculate the co E\ imens hreshold distance r is first
T

assigned to an arbitrary® ,,,i‘ 4 L1 aral Ceylr) is calculated, and
then r is set to half ofFitssprevions valve, Correlilionint€sral is repeatedly calculated.
Finally, each coording prrelatiointegral e \ 5) and scale factor r (x-
axis) is plotted o o ¢ f Tk . he i={ilted line is the correlation
dimension (D), delineddd® ueynaii elonw, ,

(4)

3 Our Propesc

hich uses merely three
y, according o our

In this section,
real values to
proposed fractal dimensi

Although fractal a ions of time series, a bad
set of parameters does L i« Hepce, our proposed work also includes
automatic parameter 1 L ieve higher accuracy than
those of existing met o time series data.

3.1 Equi-width Compas; 55 D

Equi-width _? - ' ) -.'. mpass dimension o
be applicd ‘SpELifieatiy-io-time-series-daia L on v-axis into equal
widths, call ‘-f-_f 1 “ slice. As shown

in Fig. 2. a tin . 20 units; therefore
time series is &ll}r divided'to 10°p ndthen ravel al:ﬁﬁ‘nm period 1 to 10.
The compass “Hinction is based on } axis \ralun:b only, and time slice in each
iteration is awg,nr? according to equation {5

ﬂuﬁl?%ﬁﬂﬁ‘%‘mﬂ‘i

wherﬂ' ime_Slice(k) is a period as lgrmd in each ltcratmn k, k is the number of the
current ltcratmn and L is length o 1m-: series data.

q values of compass tunctmn anl:l time slice are ﬂ'lE:ﬂ pl{:-tted un graph, ans:l then l;he
equi-width compass dimension is determined by the slope of the best-fitted line of the
points in the log-log scale. shown in equation (1).
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EQUIWIDTH COMPASS DIMENSION

Fig. 2. Ane ample .1:"“""" th compass dimession with i time slice of 20 units

-,_._._-.

3.2 Equi-length Cgs / <ior \\

Equi-length compass / G Al compass dimension. A line
with a scaling f§ pass Segrient w \e§ il fixed length to travel

around time serics 3 y -\i ¥ _’ ement length is a compass
function value uf 01, S shown i F Y h Jength of compass segment
for each iteratigas(k) g '. eéngihcompass dimension is shown in equation (6).

(6)

where s(k) is the ERgtifoficampuss & tifor ‘each iteration k. max(rs) is a
maximum value af 1 i ' im value of time series

data. '

From equation (6)#We use the differen cen max(ts) and min(ts) value to
initialize the compass segmén o) is divided into half of previous
length. When every data poinf ot ; & traversed in any particular s(k). it
terminates. We obtain e in from the slope of the best-

fitted line ofithe pe e log-log schle, ion (9

Fig. 3. An example of equ‘ength COMpass dl. n with a scaling factur

ammmummmaa

Correlation dimension for time series data resembles the original method. We use
correlation integral, as in equation (2). to calculate distance on a yv-axis between a
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fixed point and every other points of time series data. When distance is less than
threshold distance r, correlation integral accumulates number of correlation in each
point. and then the threshold distance r is reduced to half. Until correlation integral is
Zero or 1nvarlant va]ues it I-:nmnau:s Finally, the lﬂg-]ug plm bctwcen n[k} values

the slope of the best- ﬁl:t&d ling: : J, distance r tor each iteration rik) of
correlation dimension is she

(7)

: is maximum value of a
time series data. and nusffs) s il il q\ data

OP0ST . hree 1t a time series called
Fractal Representatican whi snjei ‘ ‘“ ide hme series data, with a
massive reducticadMorgow Wir propose ( ] --L‘ DArameter.

In this section. al Representation on
classification prablc , g 1 1 "\ \— ime. We compare our
proposed method wit) lean Distunce, [ dista h“{ d CDM.

4.1 Datasets
ral time series data from the

ining Archive [10]. We test on
isets are z-normalized. A total of

In our experiment, Duld
benchmark datasets of the Tt
both long and short time serie
eight datasets are descri

i ﬂ"!"-lm“m“mmr'lx- nl

§ a—— Y

Datasets | Nuasbe pical Data

of Data | Point I

Yl 5

Dataset | 3 . 8 Evaporator, furnace, Batloon, reel, dryer, etc.
Dataset 2 ¢ 1,000 Aspect ratio, cement, field, hooked, ete,

Dataset 3 Boer demand, standing, wall, EEG, etc.

7

b
| ECG EtL
‘H%J B Yo PRI
s Is w-:)rdh elc.

Dt IZH ? Adiac, CBF, face-all, water ele.
Databetﬁ Beef, fish, 11 ing-2, Olive-oil, GSUI f,

Qﬁﬂﬁﬂﬂﬂ‘im UANINYIR Y

We evaluate our proposed method. Fractal Representation. on classification problem.
using l-nearest-neighbor classifier with leaving-one-out technique in terms of both

—
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Table 2. Classification results for comparing Fractal Representation with existing methods

Datasets Euclidean nTwW CDhM Fractal
Distance Representation
Accuracy Time urs ! Accuracy | Time | Accuracy | Time
(%) (s2C) [ [E234] (%) (sec)
Dataset 1 | 3056 0182} 63.8 46.928 15 0.02
Danaset 2 75.72 156,12 95,72 0042
Danaset 3 LTS JIER 8875 0041
Dataset4 | 2154 13225 | 7385 0.055
Dataset 5 3182 ; ek 75 8182 0.032
Dataset 6 66,15 o ) — A 1.7 80.77 0.979
Dataset 7 857 ] I E : 84,29 00636
Dataset 8 . 75 00659

accuracy and runni |th Euclidean distance,

DTW distance. anl CDME ReSult frofii 8 datasets are s | Table 2

From Tablé™2, Fragfal & ijation eugperforms other ads in all datasets in
terms of the runniie ¢ as much as 4 orders of
speedup magni , e nparing with DTW. For
large time seri@s (dagdSetsf-c qcial Represental tr.*.b = well in many cases
in terms of the ac taset 3¢ wesBet the acc l han DTW distance. but
our running timeis aluaost 90 < fas 4 accuracy is not high,

comparing to other dats CAUSD. ._.. very similar ECG signals
(4 classes): therelg tal Repie “ fferentiate those global
structures very well. Tnjgc DT oulperiv ¢ Fractal Representation when

At CVel if Fractal Representation on
both accuracy and time of shbe S i ell in all cases. In addition. CDM
does not seem to work vefVowell-here sie€ CDM generally works well with
unnormalized data, wheregs every Uatasct-hes malized. Amplitude of each time
series therelare is il ﬂ fk* T e simitar file size which
directly affeots '

dealing with short ti

-
/I LY

L)}
Our Fractal 1' csentation is a novel dimensionality mducla technique that does
not need extra pruning of unnecessary data, providing great speedup for the mining
[asks becausc of the Aaxge reduction in the niimber of dimensions down to only three

ffline. The
WE R RS ¢
at lectio f we could
deve

reprﬂaentatmn which uxex ewer values, IdEﬂ"}' one. It will pmwde an ideal
speedup to any data mining msks

o PGl 3 T UAIINYIAY
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