LOCATING PATTERNS IN DISCRETE TIME-SERIES

by

KEVIN B. PRATT

A thesis submitted in partial fulfillment
of the requirements for the degree of
Master of Science in Computer Science
Department of Computer Science and Engineering
College of Engineering
University of South Florida

May 2001

Major Professor: Eugene Fink, Ph.D.



a Copyright by Kevin B. Pratt 2001
All rights reserved



DEDICATION

To Merl and William T. Ward, Lance Armstrong, and Terrence W. Pratt,

for their inspiration.



ACKNOWLEDGMENT

This thesis has greatly benefited from the thoughtful comments, insightful observations,
and careful editorial suggestions of Eugene Fink. | am very grateful to him.



TABLE OF CONTENTS

LIST OF TABLES. ..o e e e e e i
LIST OF FIGURES. ...ttt ettt e e e e e e e e e aea e i
A B ST RA CT e e e e v
1. INTRODUCTION ...coiiiiiiiiesiisiesiesie ettt st e st sae bbb ne s 1
1.1 CONIBULIONS. ..ottt re e 3
A D - it R < PSPPI 4
2. PREVIOUS WORK .....cotitiiiieieiesiese ettt ste st sse e nsessessessessessesnesnennes 8
2.1 FEAIUMNE SELS......eeeee ettt s n e en e nne e 8
2.2 SIMIAITY MEASUIES. ......ociiitieieeie st eie ettt sb e te e e sreese st e sneeneesneeses 9
2.3 Indexing and FELHEVEAL ..........ccceveeieeeceese et 11
3. IMPORTANT POINTS ... .ottt st s sre s eneas 13
3.1 Choice of iIMpPOrtant POINES.........cciveiueriereeie e eee e e see e e e sae e sreene e 13
3.2 COMPIESSION GCCUIBCY ....veerverueesreeeesseesseessesseesseessessesssesssessesssesssessssssesssessesssesssenns 17
4. MEASURING SIMILARITY Lottt sttt s 22
4.1 Standard SIMIlarity MEICS.......cceeiirieiiereee e e 22
4.2 PEEK SIMIL@AITY.....cceeiieeie ettt ae et sneesreeaesneennens 25
4.3 EMPIriCal COMPAITSON......ciiieiiiriieieeee e steeeesseesteseesseessessesseesbesssesseessesnsesneensens 26
5. PATTERN RETRIEVAL ..ottt s 48
5.1 Retrieval algorithm ..o e 48
A (010 (=0 =0 50
5.3 SEACN TESUILS ... e 53
6. CONCLUDING REMARKS.......coo ittt 67
REFERENGCES. .. ... ottt e e e e e e et e et e e e e 68



LIST OF TABLES

Table 1.1 TESE AIASELS. .. ccueeeeiesiesiese ettt b e et 5
Table 3.1: Accuracy of three compression techniques, at different compression levels. . 18
Table 4.1: Comparison of Similarity MELriCS. ......cccvevereerieiie e 24
Table 4.2: Differences between selected Similar SEries. .......coceveriiienenin e 27
Table 4.3: Ability to find members of the same neighborhood. ...........cccoevievvecvinenes 30
Table 4.4: Correlation between peak similarity and distance. ..........cocceevvevvveinenieneennns 31
Table 5.1: Experiments with different prominence definitions and values of C. ............. 55



LIST OF FIGURES

Figure 1.1: Example of a pattern in astock chart and similar patterns located in a stock

AEBDBSE. ...t ettt 2
Figure 1.2: Example of two patterns in an electrocardiogram and alocated similar

672 1 1 o TSRS UPRR PR 2
Figure 1.3: Example of two time-series which are similar, but not identical. .................... 3
Figure 1.4: Example of patternsin air and seatemperatures. ..........ccovveveeceereereseeseeennenn 6
Figure 1.5: Electroencephal ogram data at five eleCtrodes. ..........ccocvveeienieneeie e 7
Figure 2.1: Example of bounding rectangles. ...........coovveeieereeieseese e 11
Figure 3.1: Important POINtS iN SLOCK PrICES. ....cc.eeiveeiirierieeieeeee e 14
Figure 3.2: Examples of important minimum (left) and important maximum (right). ..... 15
Figure 3.3: Compression algorithm. ..o s 16
Figure 3.4: Measures of difference between original and compressed data. .................... 17
Figure 3.5: Accuracy of compression as determined by mean difference. ....................... 19
Figure 3.6: Accuracy of compression as determined by maximum difference. ............... 20
Figure 3.7: Accuracy of compression as determined by root mean square difference. .... 21
Figure 4.1: Example of similarity among stock charts. ........ccccccevvevievcevecve e 23
Figure 4.2: Triangle similarity of numeric valuesa and b..........ccccocoerenenneninncnnnnee 25
Figure 4.3: INAUSLIY QrOUDS. .....c.veeueeieeiesieesieeeeeseesseesesseesseessesseesseessessessseessessssssesssensessses 28
Figure 4.4: Buoy and electrode ground-truth neighborhoods. ...........c.ccoeieniineinnennee. 30
Figure 4.5: Peak similarity versus distance for StoCK priCes. ........cccoovvveveereeceeseesnseene 32
Figure 4.6: Peak similarity versus distance for air temperatures. ..........cccceeeeeeeereenerennees 33
Figure 4.7: Peak similarity versus distance for seatemperatures. ..........ccceeveeeervereeenenne 34
Figure 4.8: Peak similarity versus distance for wind speeds. ..........cccoceveerenienenninsennes 35
Figure 4.9: Peak similarity versus distance for electroencephalograms. ............cccceeueee. 36
Figure 4.10: Peak similarity versus distance for stock prices, with w=0. .........ccccceeee..e. 37
Figure 4.11: Peak similarity versus distance for stock prices, with w=0.10. .................. 38
Figure 4.12: Peak similarity versus distance for stock prices, with w=0.34. .................. 39
Figure 4.13: Peak similarity versus distance for stock prices, with w=0.50.................... 40
Figure 4.14: Peak similarity versus distance for stock prices, with w = 0.66. .................. 41
Figure 4.15: Peak similarity versus distance for stock prices, with w=0.90. .................. 42
Figure 4.16: Peak similarity versus distance for stock prices, with w=1.00.................... 43
Figure 4.17: Peak similarity versus distance for stock prices, with ¢ = 0.25..................... 44
Figure 4.18: Peak similarity versus distance for stock prices, with ¢ = 0.50.................... 45
Figure 4.19: Peak similarity versus distance for stock prices, with ¢ = 0.75..................... 46
Figure 4.20: Correlation between peak similarity of compressed data and peak similarity

Of UNCOMPIESSEA daaL.......ecueeiveeieeiecie ettt esre e 47
Figure 5.1: BasiC datafor @leg. .....coooeoeiiiriieeeeee e s 48



Figure 5.2: EXaMPIE Of 1€0S. ..ecvviieice ettt 49

Figure 5.3: Search for segments similar to a given pattern. ........cocoooeveeveerenceseesesee e 50
Figure 5.4: Identifyi ng a segment that may match the pattern. ..........cccceeeveveeceveecnceene 51
Figure 5.5: Alternative prominenCe MEASUIES. .........ccereerueereereeseeseeseesseessesesssessseseesees 51
Figure 5.6: Example of extended |€0S.........ccuevrieiieie i 52
Figure 5.7: Identifying extended legs of acompressed SEfies. ........ccvveveererienneeniesennees 53
Figure 5.8: Patterns used in the retrieval eXperiments. ........cccccvveeveeceveeseccee e 56
Figure 5.9: Retrieval of stock charts matching the pattern in Figure 5.8(a). ..........ccc...... 57
Figure 5.10: Retrieval of stock charts matching the pattern in Figure 5.8(b)................... 58
Figure 5.11: Retrieval of stock charts matching the pattern in Figure 5.8(C). ........c........ 59
Figure 5.12: Retrieval of stock charts matching the pattern in Figure 5.8(d)................... 60
Figure 5.13: Retrieval of air and sea temperature combined segments matching the
PALLErN IN FIQUIE 5.8(E)....ueeveeie et cie sttt e ettt ae e ne e 61
Figure 5.14: Retrieval of seatemperature segments matching the pattern in Figure 5.8(f).
................................................................................................................................... 62

Figure 5.15: Retrieval of wind speeds segments matching the pattern in Figure 5.8(g). . 63
Figure 5.16: Retrieval of electroencephal ogram segments matching the pattern in Figure

o3t TS 64
Figure 5.17: REINEVAl tIME. ....oceeeeecece et nns 65
Figure 5.18: Examples of retrieved Stock charts. ... 66



LOCATING PATTERNS IN DISCRETE TIME-SERIES

by

KEVIN B. PRATT

An Abstract

of athesis submitted in partial fulfillment
of the requirements for the degree of
Master of Sciencein Computer Science
Department of Computer Science and Engineering
College of Engineering
University of South Florida

May 2001

Major Professor: Eugene Fink, Ph.D.



We describe a technique for fast compression of time-series, indexing of the
resulting compressed series, and retrieval of series similar to a given pattern.

The compression algorithm identifies "important” points of atime-series and
discards the other points. It runsin linear time, takes constant memory, and gives good
results for awide variety of time-series.

We use the important points not only for compression, but also for indexing a
database of time-series, which supports efficient search for patterns and allows the user to
control the trade-off between the speed and accuracy of search. The experiments show
the effectiveness of the developed technique for identifying patternsin stock prices,
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CHAPTER 1 -INTRODUCTION

The purpose of the described work is to develop atechnique for fast search for a
given pattern in atime-series. For example, suppose we believe that the pattern in the
stock pricesin Figure 1.1 helps predict future prices, or that the pattern in the
electrocardiogram in Figure 1.2 indicates a disease. If these patterns are useful, we may
need to search for similar patterns. In Figures 1.1 and 1.2, we show instances of similar
patterns located by the devel oped technique.

The analysis of time-series, which includes compressing, indexing and searching
time-series, is an active research area. We may use the similarity among time-series for
the following purposes:

classification and taxonomy,

query and retrieval,

grouping similar series together (clustering), and
identification of unusual series or intervals within a series.

A similarity measure needs to be accurate and allow efficient implementation. A
related problem is to develop a method for compressing time-series that preserves
similarity between series.

Efficient search for patterns in time-series may find applications in many
domains. For example, a pattern in stock prices may correlate with economic events. As

another example, a pattern in an electrocardiogram may precede onset of a disease.
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1.1 Contributions

The main contributions of the presented work include a technique for
compressing time-series and an algorithm for fast retrieval of time-seriesthat closely
match a given pattern.

Formally, atime-seriesis a sequence of values, measured at equal timeintervals,
we assume that all values in the series are positive. For example, the lower time-seriesin
Figure 1.3 has the values 20, 22, 25, 22, 25, 27, 27, and so on. We may use a
subsequence as a compressed representation of afull sequence. For example, we can
select every tenth value, or al local maxima and minima. When using maxima and
minima for compression, we often call them "important points' of the sequence. We
circled these important pointsin the lower curvein Figure 1.3.

We give a compression technique based on extraction of certain important points
from atime-series, which works in linear time and takes constant memory. It requires
one pass through the time-series, with no pre-processing. The technique gives good
results for avariety of time-series, including erratic time-series, such as shown in
Figure 1.1.
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Figure 1.3: Example of two time-series which are similar, but not identical.



Then, we propose a metric for measuring the similarity of two time-series,
compare it with alternative metrics, and show that it works well with compressed data.
We measure similarity on a scale from zero to one, where zero means no likeness and one
means perfectly alike.

Finally, we present a technique for indexing time-series, and show its utility for
fast retrieval of similar patterns, using the described similarity metric.

Historically, most time-series research has been done with data that is already
fully collected, such as last year's stock prices; however, we often have to analyze datain
the process of collection. For example, we may need to process a continuous
electrocardiogram of a patient in an emergency room. We refer to it as streaming data.

The devel oped techniques work for streaming data, as well asfor traditional "static" data.

12 Data sets

We tested the developed techniques on large time-series from different domains,

summarized in Table 1.1. All these data are publicly available.

Standard and Poor's 100 stock prices
We used stocks from the Standard and Poor's 100 listing of large companies, as
well as the Dow Jones Industrials, for the period from January 1, 1998 to April 20, 2000.
The ending date was the last available date when we downloaded the data; it had no
special significance. We downloaded daily split-corrected prices from America Online
and repaired missing values by duplicating the prior-day prices. We discarded newly
listed and de-listed stocks, and used ninety-eight stocks in experiments.

Air and seatemperatures

We used daily temperature readings from sixty-eight buoys in the Pacific Ocean
from1980 to 1998, downloaded from the Knowledge Discovery and Data Mining
database at the University of Californiaat Irvine, at



Table1.1; Test data sets.

Data set Number | Description Totd Measure-
of series number of | ment
points intervals
Stock prices | 98 98 stocks, 2.3 years, 252 1 day
values per year for each stock | 60,000
Airandsea | 68 68 buoys, 2 sensors per buoy, 1 day
temperatures 18 years, 365 values per year | 445,000
for each sensor
Wind speeds | 12 12 stations, 18 years, 365 1 day
values per year for each 79,000
station
Electroen 61 61 electrodes, 256 values per 0.004
cephalogram electrode 17,000 second
Electro- 1 1 electrode, 2200 values 0.006
cardiogram 2,200 second

kdd. i cs. uci . edu/ dat abases. These buoys do not have fixed locations, and often
drift. To repair the data, we developed aroutine to position the buoys on amap and
interpolate missing values.

Air and seatemperatures are related. For example, we may see two patternsin
the air temperature at zero latitude in Figure 1.4. The first pattern is very similar to the
pattern in the sea temperature at the same location. It isroughly similar to the air and sea
temperatures two degrees further south. The second pattern in the air temperature at zero
latitude is close to the sea temperature at the same location. It is absent two degrees

further south.

Wind speed
We used daily wind speeds from twelve sites in the Republic of Ireland from 1961
to 1978, obtained from the Statistical Database at Carnegie Mellon University, at

www., st at . cnu. edu/ dat aset s/ wi nd. desc.
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Figure 1.4: Example of patternsin air and sea temperatures.
Thefirst pattern appearsin al time-series, whereas the second isonly in the first two.

Electroencephalograms

These data show €electrical changesin the scalp, and help to analyze brain activity.
In Figure 1.5, we illustrate el ectroencephal ograms for a scalp location designated "CZ,"
and four immediately surrounding locations. We used el ectroencephal ograms of a human
subject obtained by Henri Begleiter at the Neurodynamics Laboratory of the State
University of New Y ork Health Center at Brooklyn. These data are from sixty-four
electrode sensors located at standard sites on the scalp, and were downloaded from the
Knowledge Discovery and Data Mining database at the University of California at Irvine,

atkdd. i cs. uci . edu/ dat abases.

Electrocardiograms
Electrocardiograms track electrical activity of the heart. The healthy activity has
several standard patterns, and deviations from them may indicate pathology (see Figure
1.2). We applied the developed technique to search for abnormal patternsin an



electrocardiogram, downloaded from the University of Washington at
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Figure 1.5: Electr oencephalogram data at five electrodes.



CHAPTER 2 - PREVIOUSWORK

We now review previous work on the comparison of time-series and search for
patterns. Note that this work does not directly relate to the prediction of future values,
which has been another active direction in time-series analysis [Franses, 1998; Spiegel,
1996; Plane, 1996].

2.1 Feature sets

Researchers have investigated the use of various feature sets for compressing
time-series and measuring similarity between series.

In particular, they have extensively studied discrete Fourier Transforms, which
convert aseriesinto a set of coefficients [Singh, 1998; Sheikholeslami, 1998; Stoffer,
1999; Yi, 2000]. Thesetransforms allow fast, accurate compression of atime-series;
however, they have several disadvantages. In particular, the transforms smooth local
extrema, which may lead to aloss of important information in some domains, such as
stock charting. Also they do not work well for erratic time-series [Ikeda, 1999]. Finaly,
there is no way to select a segment as a pattern [Han, 1998], without reconstituting the
original series and obtaining new coefficients for the segment.

Recently, researchers have studied the use of small, descriptive alphabets for
compressing time-series. For example, Guralnik [1997] compressed stock prices using a
nine-letter alphabet to describe three features, each of which had three values. Sing
[1998] represented stock prices, particle dynamics, and stellar light intensity with small
words defined over athree-letter alphabet. Chi [1995] used an alphabet of smple DNA
molecule combinations for genome sequences. Lin [1998] used atwo-letter alphabet to
encode major spikesin aseries. The prime advantage of this techniqueishigh
compression rate; however, its descriptive power is limited, which makes it unusable in

many domains.



Han [1998] used small categories of discretized values, similar to alphabets. The
categories are fully ordered, whereas letters in an alphabet may not be ordered. While
offering substantial compression, the discretized values suffer the traditional problem that
values near a category boundary can be misclassified.

Das [1998] studied another variety of alimited aphabet, based on primitive
shapes, and used it to devel op efficient compression algorithms. He has not developed a
universal set of primitive shapes, and the technique requires the user to hand-code
appropriate basic shapes for each domain.

Several researchers used statistics for multiple intervals of a seriesto summarize
the properties of atime-series;, however, this technique gives poor results for erratic time-
series[Policker, 2000; Geva, 1999; Stoffer 1999; Popivanov, 1998]. These statistics
usually require equal length intervals, and do not allow comparison of patterns of
different length.

Perng [2000] investigated a compression technique based on extracting "landmark
points’ from a series, and discarding other points; his choice of landmark points included
local maxima and minima of the series. Keogh [1997; 1998] used the end-points of best-
fit line segments to compress the series. In Chapter 3, we offer an aternative
compression technique, based on selecting local maxima and minima, and show that it is
more accurate than other compressed representations. We give alinear-time algorithm

for finding important points, which is more efficient than Perng's iterative a gorithm.

2.2 Similarity measures

The choice of feature sets affects techniques for measuring similarity of time-
series. Researchers have studied a number of similarity measures, which include the
computation of similarity through weighted feature differences, use of qualitative

categories, and various clustering techniques.



Euclidean distance
Some researchers defined similarity as the distance between vectorsin an n-
dimensional feature space. For example, Caraca-Vaente [2000] used Euclidean distance
to compute similarity of the feature vectors containing angle of knee movement and
muscle strength. Lee [2000] applied Euclidean distance to compare feature vectors
containing color, texture, and shape of sequential video pictures. This metric works well
when different features have the same units and scale [Goldin, 1995]; however, it causes

errors when combining disparate features, such as time and dollars [ Gunopul os, 2000].

Bounding rectangles
An alternative definition of similarity is based on the notion of bounding
rectangles, illustrated in Figure 2.1. Two series are similar if their bounding rectangles
aresimilar. The use of bounding rectangles allows fast pruning of clearly dissimilar
curves [Perng, 2000; Lee, 2000]; however, it is less effective for selecting the most
similar curve among close candidates. This technique requires intelligent selection of
segments for bounding rectangles, which usually involves human assistance.

Envel ope count

We may divide the time axis into short segments, called envelopes, and define a
yes/no similarity for each envelope. Specifically, two series are similar within an
envelope if their point-by-point differences are within a certain threshold. The overall
similarity is measured by the largest number of consecutive envelopes where the series
aresimilar [Agrawal, 1996]. This measure allows fast computation of similarity;
furthermore, we can readily adapt it for handling noisy and missing data [Das, 1997;
Bollobas, 1997].

Aggregate similarity
We can measure point-by-point similarities of two series, and then aggregate
these measures. This technique often involves interpolation to obtain values for missing
points. For example, Keogh [1997; 1998] used linear interpolation with this technique,

10



time

Figure 2.1: Example of bounding rectangles.

A bounding rectangle of serieson agiven interval isthe minimal rectangle that includes
all points of the series. We may consider two curves similar if they have identical
bounding rectangles.

and Perng [2000] applied cubic approximation. Keogh [2000] also described the use of
point-by-point similarity with modified Euclidean distance, which does not require
interpolation.

We use asimilar approach in the reported work; specifically, we define similarity
between individual points of compressed time-series and use a weighted aggregation of

these similarities.

2.3 Indexing and retrieval

Researchers have studied a variety of techniques for indexing and retrieval of
time-series. They utilized several advanced techniques from algorithm theory, including
tree structures and grids.

In particular, they used B-tree indexing, which is an extension of red-black trees
where a node may have more than two children; for example, see the textbook by
Cormen et al.[1990]. They have also used R-trees, which extend B-trees for indexing

11



points in multi-dimensional space [Kamel, 1993]. Although the traditional use of R-trees
was indexing spatial data, this structure also allows indexing of time-series by their
position in feature space [ Gunopul os, 2000].

The kd-tree technique is an extension of binary search trees, which uses different
features of an object at different levels of the tree, and allows the both numeric and
gualitative features [Gunopul os, 2000]. Deng [1998] applied this structure to index
sequences by their significant features.

Bozkaya[1997; 1999] used vantage-point trees for indexing time-series by their
numerical features. Aggarwal [2000] considered the use of grid structures for asimilar
problem, but found that generally their performance in high-dimensional spaceis no
better than exhaustive linear search.

Gunopulos [2000] and Aggarwal [2000] reviewed the use of compression with
linear-search retrieval, and concluded that exhaustive search in the database of
compressed sequences is often faster than sophisticated indexing techniques.

We also use compression for efficient retrieval, and combine it with asimple
indexing technique and heuristics for identifying "prominent” features of atime-series.
In Chapter 5, we describe this approach, which allows fast retrieval of similar time-series
and enables the user to control the trade-off between speed and accuracy of retrieval.

The devel oped technique meets most of the criteria suggested by Gunopulos
[2000], who pointed out that aretrieval algorithm should:

“work for erratic time-series,
accept any prototype pattern,
find inexact matches,
evaluate the accuracy of matches,
work when some points are missing, and

work on streaming data.

12



CHAPTER 3 - IMPORTANT POINTS

We compress atime-series by selecting some of its local maxima and minima,
called important points, and dropping the other points (see Figure 3.1). We can control
the number of selected points, which determines the compression rate. This compression
technique islossy, that is, we cannot restore the original series from the compressed

version. In other words, the compressed curve is an approximation of the initial curve.

3.1  Choice of important points

The intuitive ideais to discard minor fluctuations in a series, and keep major
maximaand minima. We control the compression rate with a knob parameter, called R,
which is always greater than one. Increasing R leads to selecting fewer points.

A point a, isan important minimum if there areindicesi and j, wherei £ m£ |,
such that

am is the minimum among &, ..., &, and
aj/an £ Rand a/an £ R

Intuitively, a,, is an important minimum if it is the minimal value of some
segment &;, ..., am,..., 8 Of the series, and the end-point values of this segment are much
larger than a,,,. For example, the point a,, in Figure 3.2(a) is an important minimum,
sinceit is the minimum of the segment a;,..., &, and the end-point values of this segment
are greater than a,,,- R. On the other hand, the local minimum &y is not an important
point.

The definition of an important maximum is symmetric. That is, apoint a;,isan
important maximum if there areindicesi and j, wherei £ m£ j, such that

am isthe maximum among &,,..., §, and
ar/a £ Randa,/g£R

13
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Figure 3.1: Important pointsin stock prices.
We circle important points for 10% compression (top) and 5% compression (bottom).

For example, a,, in Figure 3.2(b) is an important maximum, whereas g, is not an
important maximum.

In Figure 3.3, we give an algorithm for selecting important points, which
performs one pass through the series and outputs the values and indices of the selected
points. First, we apply FIND-FIRST-TwO and then alternately invoke FIND-MINIMUM and

14
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Figure 3.2: Examples of important minimum (left) and important maximum (right).

FIND-MAXIMUM. We can easily adapt the algorithm to process streami ng data by
replacing "if i £ n" with "if stream not terminated.”

The algorithm performs one pass through the series; its time complexity islinear,
g(n), and it takes constant memory. We have implemented it in Visual Basic 6.0 and
tested on 2300 MHz PC. For an n-point sequence, the processing timeis about 0.014 - n
milliseconds. The algorithm works well with erratic series, such as the seriesin Figure
3.1, where traditional thresholding [Sahoo, 1988] does not find local minima among the
higher values in the center of the series, nor local maxima among the lower values on the
left and right.

15



IMPORTANT-POINTS
" Top-leve function for finding important points.
i = FIND-FIRST-TWO
if i <nand a > a;theni = FIND-MINIMUM(i)
whilei <ndo

I = FIND-MAXIMUM(i)

if i <ntheni =FND-MINIMUM(i)

FIND-FIRST-TWO
" Find the first and second important points.
iMax=1; iMin=1
while i £n and ajua/a <R and a/ajuin< Rdo
if &> ajua theniMax =1
if & <ayuin theniMin=i
i=i+1
if i <n and (ajvad@a < Ror a/awin< R) then
if iMax < iMin then output(ajuax, IMax); output(amin, iIMin)
else output (ayvin, IMin); output(ayax, IMax)
returni

FIND-MINIMUM(1)
" Find the first important minimum after the ith element.
iMin=i
whilei <n and a; /ajvin, < Rdo
if & < auintheniMin=i
izi+1
output (awin, IMin)
returni

FIND-MAXIMUM(i)
" Find the first important maximum after the ith element.
iMax =i
while i <nand ajua,/a < Rdo
if & >aua theniMax =i
i=i+1
output (ajmax, IMax)
return i

Figure 3.3: Compression algorithm.

We process aglobal seriesay,..., a,, and use aglobal variable n that denotes the series
size. The algorithm outputs the values and indices of the selected important points.

16



3.2  Compression accuracy

We applied the compression algorithm to the data sets from Chapter 1, and
compared it with two ssimpler techniques, specifically, equally spaced points and
randomly selected points. For each of these techniques, we used the compressed data to
interpolate the missing points, and measured the difference between the origina sequence
and the approximated sequence. We used three difference measures, listed in Figure 3.4.

We summarize the resultsin Table 3.1 and Figures 3.5-3.7, which show that
important points are significantly more accurate than the other two methods. For
example, if we apply these techniques to stock prices, then 5% compression with

important points is as accurate as 16% compression by the other two techniques.

(a) Mean difference

m n
o

a4 & |aj—byl

i=1i=1

m-n

(b) Maximum difference:
m

a max |a;—by|

=1 il[1.n]

m

(c) Root mean squar e difference:

Figure 3.4: Measures of difference between original and compressed data.

Seriesaistheorigina dataand series b isinterpolation from the compressed data. We
test compression on mdata series, n points each, and average the resulting differences.

17



Table 3.1: Accuracy of threecompression techniques, at different compression

levels.
Mean difference Maximum difference Root mean square
difference
Impor- | Fixed | Ran- | Impor- | Fixed | Ran | Impor- | Fixed | Ran
tant points | dom | tant points | dom | tant points | dom
points points || points points || points points
Five-percent compression
Stocks 0.05 010 | 012 | 130 180 |180 | 011 032 | 030
Air temperature 0.029 | 0.085 | 0.082 | 0.74 083 | 083 |012 023 | 021
Seatemperature 0.030 | 0.079 | 0.079 | 0.78 08 |08 | 012 023 | 021
Wind speed 0.047 | 0042 | 0.044 | 0075 | 109 | 110 | 0.070 | 0.081 | 0.081
Encephalogram 0.13 017 | 016 | 090 110 | 110 | 024 031 | 028
Ten-percent compression
Stocks 0.03 006 | 007 | 110 170 | 170 | 0.08 021 | 021
Air temperature 0.022 | 0.050 | 0.050 | 0.64 080 | 078 | 0.08 016 | 014
Seatemperature 0.014 | 0.043 | 0.046 | 0.60 083 | 082 | 007 016 | 014
Wind speed 0.034 | 0036 | 0038 | 0055 | 109 | 103 | 0050 | 0062 | 0.062
Encephalogram 0.08 013 (012 |o082 110 | 109 | o017 027 024
Twenty-percent compression
Stocks 0.02 003 | 004 | 070 170 | 160 | 0.05 014 | 014
Air temperature 0.010 | 0.030 | 0.030 | 0.33 077 | 072 | 003 001 | 0.01
Seatemperature 0.008 | 0.025 | 0.025 | 0.35 081 | 075 | 003 010 | 010
Wind speed 0.022 | 0027 | 0031 | 0040 | 109 | 101 | 0035 | 0048 | 0.052
Encephalogram 0.03 006 | 007 | 068 1.08 | 100 |O0.10 018 | 017
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Figure 3.5: Accuracy of compression as determined by mean difference.

The horizontal axis shows the compression rate, whereas the vertical axisis the mean
difference between the original series and compressed series.
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Figure 3.6: Accuracy of compression as determined by maximum difference.

The horizontal axisisthe compression rate, and the vertical axisis the maximum
difference between the original and compressed series.
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Figure 3.7: Accuracy of compression as determined by root mean squar e difference.

The horizontal axisisthe compression rate, and the vertical axisis the root mean square
difference between the original and compressed series.
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CHAPTER 4 - MEASURING SIMILARITY

We consider four alternative measures of similarity between time-series, and then
empirically evaluate their effectiveness. We illustrate application of these measures to
the four time-series in Figure 4.1 and show the resultsin Table 4.1.

4.1  Standard similarity metrics

We measure similarity on a zero-to-one scale, where zero means no likeness and
one means perfectly alike. Note that it differs from distance measures, which usually
range from zero to infinity, with zero meaning perfect likeness. We use similarity rather
than distance because a small similarity value in an outlier point does not skew the mean
as much as alarge distance.

Researchers have often measured similarity between time-series by aggregati ng
point similarity. We review three aggregate metrics, which are based on mean, root mean
square, and correlation coefficient, and then propose a new metric. We assume that all
values of time-series are positive, and use this assumption in defining simlarity
measures. First, we define a similarity between two positive numeric values, a and b:

la-b]
am(a,b)=1-2.

a+b

This definition is symmetric, that is, ssim(a, b) =sm(b, a).
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Internatiotal
Paper

Slooa

Philip Iorris

i
i,

100 days 200 days

Figure4.1: Example of similarity among stock charts.

We show four stock charts for the period from January 2, 1998 to September 30, 1998.
We offset the curves vertically for easier visibility; all actually have the same initial
value. Intuitively, we expect the International Paper and Alcoa curves are most similar.
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Table4.1: Comparison of similarity metrics.

We show the ranking of similarity for all pairs of stock chartsin Figure 4.1. We rank the
most similar pair as 1, and the least ssimilar pair as 6.

Mean Root mean | Correlation | Pesk
similarity | square coefficient | similarity
similarity
McDonald's— Int'l Paper 4 3 2 4
McDonald's— Alcoa 5 5 3 5
McDonald's— Philip Morris | 6 6 5 6
Int'l Paper — Alcoa 1 1 1 1
Int'l Paper — Philip Morris 3 3 6 3
Alcoa— Philip Morris 2 2 4 2

The mean similarity between two series, ay, ..., &, and by, ..., b, isthe mean of
the point-by-point similarity:
n
a sm(a, by)
=1
n

Similarly, we may define the root mean square similarity:

n
J & sm(a b)’
i=1
n

We also consider correlation coefficient, which is a standard statistical method for

measuring similarity of two sequences. It ranges between minus one and one, but we can
readily convert it to the "traditional similarity range” by adding one and dividing by two.
For two time-series, a,, ..., a, and by, ..., b, with mean valuesm, = (a;+ ... + a,)/n and
m, = (by+ ... + by)/n, the correlation coefficient is:

n

& (a—my) - (bi—m)

%é:(a—ma)z - ?il(bi—nb)z
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4.2  Peak smilarity

We now define a new similarity metric, called triangle similarity, whose value
also ranges from zero to one. The definition includes a positive knob parameter ¢, which
allows us to adjust the resolution of this metric. The triangle similarity, between two
positive numeric values, a and b, is as follows:

tam(a, b) = max(0, 1- Ja—b| /a- c).

Note that the triangle similarity is not symmetric, that is, tsim(a, b) may be different from
tam(b, a). In Figure 4.2, we illustrate the intuitive meaning of this definition. We
construct an equilateral triangle with the upper vertex (a, 1) and the other two vertices
(a-(1-¢),0)and(a- (1+c),0). Todeterminethe similarity of a and b, we place b on
the horizontal axis. If bisoutside the triangle, the similarity is zero. On the other hand,
if b iswithin the triangle, we draw avertical line through b to obtain its intersection, b,
with aside of thetriangle. The ordinate of b' isthe similarity between a and b.

We now define a peak similarity of two time-series, a,, ..., a, and by, ..., b,, in
terms of the triangle similarity of their points. The definition includes an additional knob

parameter, w, which must be between zero and one:

Qo >

tsm(a;, by) 5: tsm(by, &)
w. max(_" , ) +(1-w) - max(min tsm(a;, b), miinE[lSi:]T](bi, a))

n n il [L.n] i

Intuitively, the first part of the expression represents the mean triangle similarity of the

points, whereas the second part is the smallest similarity of the points. The weight w

tam(a, b)

a(l1-c) b a a-(1+c¢)

Figure4.2: Triangle similarity of numeric valuesaand b.
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determines the relative importance of these two parts in the aggregated similarity
measure. The resulting similarity is symmetric; furthermore, it allows computing
similarity between curves whose points do not exactly coincide.

The peak similarity is effective only when two sequences have the same starting
value, that is, a; = by. If they do not satisfy this assumption, we re-scale the sequences
before applying the metric; specifically, we divide al valuesin thefirst seriesby a;, and
all valuesin the second series by b;.

The main advantage of peak similarity for this research isthat it works well with
compressed curves. The experiments show that it gives better results than other

similarity metrics.

4.3  Empirical comparison

We next give empirical evaluation of the metrics described in sections 4.1 and
4.2. We applied these metrics to select similar series, and then measured the mean
difference between similar series. For each given series, we found the five most similar
series, and then determined the mean distance between the given series and the other five;
we repeated this experiment for each similarity metric. When selecting similar series, we
used compressed data, with two different compression rates, 5% and 10%.

In Table 4.2, we summarize the results, and compare them with the results of the
perfect exhaustive-search selection, as well as with randomselection. We conclude that
the use of similarity with compressed data is much better than random selection, though it
isnot as good as exhaustive search. The results also show that the peak similarity
performs somewhat better than other metrics, and that the correlation coefficient is the
least effective. Peak similarity, mean similarity and root mean square similarity have
similar running times; similarity based on correlation coefficient is about twice slower.

We also used the four metrics to identify close matches for each series, and
compared the results with ground-truth neighborhoods. For stocks, we used expert
opinion to define these neighborhoods. we consider stocks similar if they belong to the

same industry group, according to the classification by Standard and Poor's (see Figure
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Table 4.2: Differences between selected similar series.

For each given series, we selected the five most similar series, and measured the mean
difference between the gven series and the other five, using distance measures given in
Figure 3.4. Smaller differences correspond to better selection of similar series. We also
show the running time of selecting similar series, for each similarity metric.

Metric Comp. | Stock Sea temperatures Air temperatures
rate

Mean | Max. | Time | Mean Max. | Time | Mean | Max. | Time
diff. diff. (sec) | diff. diff. (sec) | diff. diff. (se0)

Exhaustive search 0.094 | 0.437 .016 072 .024 J21
Random selection 0.287 | 1.453 .078 215 .070 235
Peak 5% 0.110 | 0534 | .022 .019 .073 .019 .030 136 .020
similarity | 10% 0.103 | 0429 | .024 .018 .068 021 .029 .103 .022
Mean 5% 0.126 | 0.570 | .024 .033 12 021 .037 152 .022

similarity | 10% 0.110 | 0525 | .026 | .026 092 |.022 | .031 |.134 | .022
Root mean | 5% 0.115 | 0588 | .024 | .031 J06 | .021 || .035 | .147 | .022
squaresim. | 10% 0.103 | 0497 | .026 | .024 090 |.022 |.030 |.133 | .022
Correlation | 5% 0.210 | 1.101 | .045 | .063 A79 | .042 | .051 | .224 | .043
coefficient | 10% 0.206 | 1.019 | .048 | .04 162 1 .04 | .051 | .214 | .046

Metric Comp. | Wind speeds Electroencephalograms
rate

Mean | Max. | Time || Mean Max. | Time
diff. diff. (sec) diff. diff. | (sec)

Exhaustive search .021 136 .038 170
Random selection .029 185 072 370
Peak 5% .023 148 .016 .063 .306 .015
similarity | 10% .023 138 .016 .052 241 .015
Mean 5% .025 152 .017 .066 323 .014

similarity | 10% 023 | .137 | .017 | .055 279 | .016
Rootmean | 5% 023 |.153 | .017 | .064 317 | .014
squaresim. | 10% 023 | .134 | .017 .051 .261 016
Correlation | 5% 024 | .154 | .033 | .068 349 | .028
coefficient | 10% 024 | 138 | .042 | .056 281 | .030

4.3). We considered "small neighborhoods,” formed by industry sub-categories, as well
as "large neighborhoods,” formed by industry groups. Gavrilov [2000] used similar
classification as ground-truth in testing similarity measures and clustering techniques;
however, he used an earlier classification which was different from Figure 4.3.

For air and sea temperatures, we used geographic proximity to define two ground-
truth neighborhoods. The first neighborhood is a rectangle around the given buoy. The

second neighborhood consists of the two buoys to the east, and the two buoys to the west
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of the given buoy, as shown in Figure 4.5(a). For wind data, we also used geographic
proximity. The first neighborhood included sites within 70 miles, and the second
included sites within 140 miles. For e ectroencephalograms, the first neighborhood was a
three-by-three neighborhood of electrodes; the second was a five-by-five neighborhood,
as shown in Figure 4.5(b).

We applied the available similarity metrics to identify similar series, and then
determined how many of the selected series belonged to the same neighborhood. For
each compressed series, we found the five most similar ones, and then determined the
average number of the series among them that belonged to the same neighborhood as the
given series. In Table 4.3, we summarize the results, and compare them with the prefect
selection and with random selection.

For stock data, and air and sea temperatures, similarity metrics clearly outperform
random selection, with 99% confidence. On the other hand, the results for wind and
electroencephalograms are mixed. Recall that the 10% compression does not always
preserve electroencephal ograms, which is alikely reason for poor selection.

We also measured the correlation between the peak similarity and the three
distance measures given in Section 3.2. In Figures 4.54.9, we give the results of this
experiment for different compression rates; specifically, we show the correlation scatter
plot and give the correlation coefficient for the most similar 20% of the points. In Table
4.4, we summarize the correlations.

In Figures 4.10-4.16, we show correlation results for different values of the knob
variable win the definition of peak similarity. In Figures4.17-4.19, we show similar
results for different values of the knob c in the definition of triangle similarity. By
adjusting these knobs, we can obtain high correlation for high similarity values. We are
less interested in acorrelation for low similarity values, since the purpose of the
developed technique isretrieval of similar sequences.

Finally, we checked how well peak similarity of compressed data correlates with
the similarity of uncompressed data (see Figure 4.20). We observed a good linear
correlation, which degraded gracefully with increase of compression rate. The only
exception is the electroencephal ogram data, which gave poor correlation at 5%

compression, which resulted from poor compression accuracy.
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Figure 4.4: Buoy and electrode ground-truth neighborhoods.

(a) We considered two neighborhoods of buoys in the experiments with air and sea

temperatures, 3x5 and 5x1 neighborhoods. We show the given buoy by an O and its
neighbors by x's. (b) We considered 3x3 and 5x5 neighborhoods of electrodes in the
experiments with electroencephal ograms.

Table 4.3: Ability to find members of the same neighbor hood.

For each compressed series, we found the five most similar series, and then determined
the average number of the series among them that belong to the same neighborhood as
the given series.

Metric Comp. | Stock Sea temp. Air temp. Wind speed | Encephalogram
Rate 1 2 1 2 1 2 1 2 1 2
Perfect selection 129 | 405 || 105 | 334 | 105 | 334 | 267 | 833 | 584 | 166
Random selection 0.07 | 029 | 040 [ 011 | 040 | 010 | 074 | 227 | 035 | 1.03
Peak 5% 021 | 055 | 118 [0.65 | 0.82 | 048 | 150 | 283 | 059 | 1.25
similarity 10% 022 1062 | 109 {054 | 089 | 049 | 116 | 283 | 081 | 181
Mean 5% 012 | 047 | 075 [ 017 | 065 | 025 | 158 | 2.66 | 0.36 | 0.90
similarity 10% 018 | 055 | 085 [0.28 | 0.77 | 034 | 133 | 292 | 1.05 | 1.98
Root mean 5% 017 | 035 | 077 {020 | 071 | 026 | 1.33 | 275 | 0.36 | 0.90
squaresim. | 10% 014 | 053 [ 088 [0.32 | 083 | 034 | 150 |292 | 1.20 | 219
Correlation | 5% 019 | 050 | 072 {029 | 060 | 034 | 150 | 275 | 0.68 | 1.65
coefficient | 10% 015 | 039 [ 082 [025 | 074 | 049 [[133 | 292 | 116 | 224
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Table 4.4: Correlation between peak similarity and distance.

We show the correlation of the peak similarity with three distance measures, which
include the mean distance, the maximum distance, and the root mean square distance.
The correlation is negative, since greater similarity corresponds to smaller distance.

Stock Seatemperatures Air temperatures
Com- mean | maxi- | root mean maxi- | root mean maxi- root
pression mum | mean mum | mean mum mean
square sguare square
none -0.76 | -0.65 | -0.79 -0.86 -0.93 | -0.92 -0.66 -0.82 -0.73
20% -0.71 | -0.63 | -0.74 -0.75 -0.84 | -0.79 -0.14 -0.39 -0.17
10% -0.64 | -056 | -0.65 -0.62 -0.75 | -0.66 0.21 -0.05 0.19
5% -0.54 | -0.46 | -0.55 -0.37 -0.58 | -0.40 0.33 0.09 0.32
Wind Electroencephal ograms
Com- mean | maxi- | root mean maxi- | root
pression mum | mean mum | mean
square sguare
none -0.84 | -0.94 | -0.89 -0.93 -0.93 | -0.96
20% -0.60 | -0.47 | -0.58 -0.63 -0.62 | -0.64
10% -0.49 | -0.47 | -0.51 -0.04 -0.06 | -0.05
5% 0.07 -0.42 | 0.03 0.11 0.10 0.12
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Figure 4.5: Peak similarity versusdistance for stock prices.
(a) uncompressed; (b) 20% compression; (c) 10% compression; (d) 5% compression.
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Figure 4.6: Peak similarity versusdistance for air temperatures.
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Figure 4.9: Peak similarity versus distance for electroencephalograms.
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Figure 4.10: Peak similarity versus distance for stock prices, with w = 0.
(8) uncompressed; (b) 20% compression; (c) 10% compression; (d) 5% compression.
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Figure 4.12: Peak similarity versusdistance for stock prices, with w = 0.34.
(a) uncompressed; (b) 20% compression; (c) 10% compression; (d) 5% compression.
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Figure 4.13: Peak similarity versusdistance for stock prices, with w = 0.50.
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Figure 4.14: Peak similarity versusdistance for stock prices, with w = 0.66.
(a) uncompressed; (b) 20% compression; (c) 10% compression; (d) 5% compression.
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Figure 4.16: Peak similarity versusdistance for stock prices, with w = 1.00.
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Figure 4.19: Peak similarity versusdistance for stock prices, with ¢ = 0.75.
(8) uncompressed; (b) 20% compression; (c) 10% compression; (d) 5% compression.

46



st-:_}ck atr sed witid electroen-
prices tetnperatire  temperature speeds cephalosram
| 4 [ 4
(a) : g
o o 0 I 0
o 1 o 10 10 10 1

comelation: .98 corelation: 093 corelation: 0595 comelation: 090 comelation: 092

1 1 .i'1 1 - 1 oy
(b) . ;

0 0 0 0 0
a 10 10 10 1 0 1

comelation: 096 carrelation: 076 corelation: 0868 copelation: 074 comrelation: 062

1 - |1 ‘;1 1 > 1 ]
(c) ‘

27

= I} 1] 1] 1]
1] 1 1 10 10 1 0 1

comelation: 0,93 corelation: 057 comelation: 078 comelation: 070 conelation: 053

Figure 4.20: Correlation between peak similarity of compressed data and peak
similarity of uncompressed data.
(a) 25% compression; (b) 10% compression; (c) 5% compression.

a7



CHAPTER 5 - PATTERN RETRIEVAL

We give an algorithm that inputs a pattern series and retrieves similar seriesfrom

adatabase, and then describe the results of applying it to the test domains.

51 Retrieval algorithm

The retrieval technique includes three main steps: identifying the "prominent
feature" in a given pattern, finding similar features in the series stored in the database,
and comparing the pattern with each series containing a similar feature.

We begin by defining aleg of atime-series, which is the segment between two
consecutive important points. For each leg of a compressed series, we store the values
summarized in Figure 5.1, denoted as v, vr, il, ir, ratio, and length. We give an example
of these valuesin Figure 5.2. The prominent leg of a pattern seriesisthe leg with the
greatest ratio; for example, the promirent leg in Figure 5.2 isleg 4.

The retrieval algorithm inputs a compressed pattern series, and outputs similar
segments of compressed series in the database. We summarize the agorithm in
Figure5.3.

vi value of the left important point of the leg

vr value of the right important point of the leg

il index of the left important point in the original sequence
ir index of the right important point in the original sequence
ratio ratio of the end-points, defined as (vr/vl)

length length of the segment, defined as (ir —il)

Figure5.1: Basic datafor a leg.
For each leg, we store the values related to pattern retrieval.
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Figure 5.2: Example of legs.

A leg is asegment of a compressed series between two important points. We show the
basic data for the two legs marked by thick lines.

First, the algorithm searches the pattern for the leg with the greatest end-point
ratio, denoted ratiop, and identifies all legs in the database that have asimilar ratio. A
ratio is considered similar to ratio, if its value is between ratio,/C and ratio, - C, where
C isaparameter for controlling the matching process.

To ensure efficient retrieval, we index all legsin the database by their ratio, using
ared-black binary search tree. If the total number of legs of al seriesin the databaseisn,
and the number of legs with ratio between ratio,/C and ratio, - Cisk, then the retrieval
timeis O(k + Ig n).

After identifying these legs, the algorithm discards those legs whose length is not
similar to that of the pattern's prominert leg. The length is considered similar wheniit is
between length, /D and length, - D, where length, is the length of the patternleg and D is

another knob parameter.
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PATTERN-RETRIEVAL
|dentify the pattern leg p with the greatest end-point ratio, denoted ratio,.
Find al legs in the database with end-point ratio between ratio,/C and ratio, - C.
For eachleg | in the set of selected legs:

If length, <length,/D or length, > length,- D, then discard | from the set.
For each leg | in the remaining selected legs:

Identify the segment corresponding to the pattern (see Figure 5.4).

Compute the similarity between this segment and the pattern.

If the similarity is above the threshold T, then output the segment.

Figure 5.3: Search for segments similar to a given pattern.

The algorithm inputs a compressed pattern series, and searches for matches in a database
of compressed time-series. We use three knobs to control the search: maximal ratio
deviation C, maximal length deviation D, and similarity threshold T.

Finally, the algorithm compares the pattern segment with segments that contain
the selected legs, and measures similarity to the pattern. In Figure 5.4, we illustrate the
procedure for identifying the segment of a series that may match a pattern. If the
similarity is above a given threshold T, the algorithm outputs the segment as a match.

Although we define prominence of aleg asits end-point ratio, we may use the
same algorithm with different prominence measures. We have experimented with the
alternative measures summarized in Figure 5.5; we give the results of using themin
Section 5.3.

5.2  Extended legs

The described a gorithm can miss matching series that do not have aleg
corresponding to the pattern's prominent leg. We illustrate this problem in Figure 5.6,
where the prominent leg of the pattern has no equivalent in the matching series.
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Figure 5.4: Identifying a segment that may match the pattern.

(@) Sopeofaleg (vr-wvi)/(ir-il)
(b) Length of a leg, with time-scale knob s: \/(vl -vr)?+ & (il -ir)?
(c) Height of the spike formed by two adjacent legs: wry— (vl +vry) /2

Figure5.5: Alternative prominence measures.

To avoid this problem, we introduce the notion of extended legs. Intuitively, a
segment of a sequence is an extended leg if it would be aleg under a higher compression
rate. Since a compressed series includes all maxima and minima that would be part of
the series under higher compression, we can identify all extended legs, as shownin
Figure 5.6(c).
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pattern's prominent leg dizsimilar legs extended legs

Figure 5.6: Example of extended legs.

The pattern () matches the series (b), but the pattern's prominent leg has no equivalent in
the series. If weidentify extended legsin the series (c), then the prominent leg matches
one of them.

Formally, two pointsi and j of a compressed series ay, ..., &, form an extended
upward leg if
a; isalocal minimaand g is alocal maxima, and
for every mi [i..j], we have g < an< a.
The definition of an extended downward leg is symmetric.

We identify all extended legs of all series in the database, compute the same
values as for normal legs, and use them in indexing and retrieval in the same way as
normal legs. The advantage of this approach is more accurate retrieval, and the
disadvantage is larger storage space. Inthe worst case, a compressed n-leg series can

give rise to n%/2 extended legs; however, if sequences in the database do not have an
upward or downward trend, the average number of extended legsisq(n- g n).

In Figure 5.7, we give an agorithm for identifying upward extended legsin a
time-series; the procedure for finding downward legs is symmetric. The algorithm
consists of two parts, called NEXT-POINTS and EXTENDED-LEGS. We assume that normal
upward legsin the input series are numbered from 1 to n, and the main loop of each

procedure processes them in order.

52



NEXT-POINTS
initialize an empty stack S of leg indices
PUSH(S,1)
for k=2ton do
while Sisnot empty and irropg < ir do
next[ Tor(S)] = k; PorP(S)
PUsH(K)
while Sisnot empty do
next[ ToP(S)] = NIL; PoP(S)

EXTENDED-LEGS
initialize an empty list of extended legs
for k=1ton do
m = next[ K]
while misnot NIL do
add (ily, iry) to thelist of extended legs
m = next[m|

Figure5.7: Identifying extended legs of a compressed series.

The first part processes local maxima of the compressed series; for each
maximum iry, it identifies the next larger maximum in the series, and stores the index of
the next larger maximum in next[K]. Itsrunning timeislinear in the length of the
compressed series. The second part uses thisinformation to identify extended legs. Its

running timeislinear in the total number of extended legs.

53 Sear ch results

To evaluate the retrieval accuracy, we compared search results with the segments
identified by a slow exhaustive-search procedure. We show the patterns used in this
experiment in Figure 5.8, and summarize the results in Figures 5.9-5.16. We ranked the
matches found by the algorithm, from most to least similar, and enumerated them in this
order. In Figures 5.9-5.16, we plotted the numbers of matches found by the fast
algorithm versus the numbers of exhaustive-search matches. For instance, if the fast
retrieval algorithm missed the two best matches and marked the third closest match as the
best one, then the graph would include the point (1,3). As another example if the fast
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retrieval algorithm found only three among seven closest matches, and marked the
seventh closest match as the third best, then the graph would include the point (3,7). A
perfect result would be aforty-five degree line, indicating that the fast retrieval agorithm
had found the same segments as the exhaustive search. If the fast procedure missed some
of the segments, the graph slope was steeper.

We ran this experiment with the end-point ratio prominence, as well as with the
three aternative prominences listed in Figure 5.5, and with three different value of the
knob C. We summarize the resultsin Table 5.1, which shows that the end-point ratio and
spike prominence give better results than the other two prominence measures. It also
shows that the increase of C leadsto more accurate identification of similar patterns, at
the expense of greater search time.

Theretrieval time grows linearly with the pattern length and with the number of
candidate sequences identified at the first two steps of the retrieval algorithm. In Figure
5.17, we show the dependency of the running time on these two parameters, for the
Visual Basic 6.0 implementation on a300 MHz PC. If the pattern includes mlegs and
the algorithm identifies k candidate matches, then the retrieval timeisabout 0. 07 - m. k
milliseconds per match. For a database with atotal of 5000 legs, the retrieval takes from
0.25 to 3.25 seconds, depending on the pattern length and C value.

In Figure 5.18, we give examples of sequences retrieved from a stock database,

for asix-leg pattern.



Table5.1: Experimentswith different prominence definitions and values of C.

For each experiment, we give the number of candidate matches and the mean similarity
of the best ten matches among the candidates. If we increase C, the algorithm finds more
candidates and misses fewer matches; however, the retrieval time is proportional to the
number of candidates.

Ratio prominence Slope prominence Length prominence Spike prominence
value | Num. Similar- | Num. Similar- | Num. Similar- Num. Similar-
of C | candi- ity of candi- ity of candi- ity of best | candi- ity of

dates bestten | dates bestten | dates ten dates best ten
Stock prices: 5413 legs in the database; retrieval of pattern in Figure 5.8(a).

15 335 9994 852 9991 555 .9990 475 9994
2 659 9993 1360 9992 972 9991 926 .9996
5 1957 9994 2361 9995 2817 9995 2254 9998
Stock prices: 5413 legs in the database; retrieval of pattern in Figure 5.8(b).

15 640 1 719 19999 716 1 1202 1

2 979 1 1201 9999 1297 1 1774 1

5 2228 1 2292 1 3117 1 2467 1
Stock prices: 5413 legs in the database; retrieval of pattern in Figure 5.8(c).

1.5 1114 9998 984 19999 163 .9998 1182 .9999
2 1705 9999 1544 9999 375 9998 1783 .9999
5 2562 9999 2361 9999 1701 .9999 2375 .9999
Stock prices: 5413 legs in the database; retrieval of pattern in Figure 5.8(d).

1.5 647 9985 339 .9980 474 9982

2 964 9986 604 9982 941 9983

5 2383 9987 1676 9984 2237 .9985

Air and sea temperatures combined: 5557 legs in the database; retrieval of pattern in
Figure 5.8(e).

1.5 257 19999 184 9994 115 .9999 769 9995
2 518 1 327 9995 210 1 1184 9995
5 2245 1 862 9996 637 1 1489 9995
Sea temperatures: 200 legs in the database; retrieval of pattern in Figure 5.8(f).

1.5 11 9971 14 9977 31 .9966 40 9978
2 17 9979 16 9978 54 9970 69 9981
5 78 9981 55 9981 132 9974 93 9981
Wind speeds: 10,591 legs in the database; retrieval of pattern in Figure 5.8(g).

1.5 1941 9904 584 9909 522 .9885 723 .9905
2 3378 9905 1163 9916 1306 9891 1529 9911
5 5025 9905 3869 9918 6527 .9903 4324 9918
Electroencephal ogram: 2898 legs in the database; retrieval of pattern in Figure 5.8(h).
1.5 150 9979 380 9997 102 9981 339 9982
2 289 9980 656 9998 159 .9985 572 9983
5 891 9988 1193 9999 595 9992 1023 .9989
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Figure 5.8: Patternsused in theretrieval experiments.
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Figure 5.9: Retrieval of stock charts matching the pattern in Figure 5.8(a).

The horizontal axes show the number assigned to the retrieved matches by the fast
retrieval algorithm, in the best-to-worst order. The vertical axes are the numbers
assigned to the same matches by the exhaustive-search algorithm. If the fast algorithm
has found all close matches, then the graph is a forty-five degree line. On the other hand,
if the algorithm missed some matches, the lineis steeper.
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The horizontal axes show the similarity numbers assigned by the fast retrieval agorithm;
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Figure5.17: Retrieval time.
We show the dependency of the retrieval time on total number of candidate segments,

identified by the first two steps of the retrieval algorithm. The time grows linearly with
the number of candidate segments; it isaso linear in the size of the pattern
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CHAPTER 6 - CONCLUDING REMARKS

The contributions of the described work include an algorithm for compressing
time-series, and the use of this compression for indexing and retrieval of time-series.
The compression technique is based on selection of important points. We gave afast
compression algorithm and showed that the compressed sequences closely approximated
the original data, and that its quality gracefully degraded with the compression rate. We
then defined a new similarity metric and showed that it was often more accurate than
similarity based on mean, root mean square, and correlation coefficient.

These compression and similarity techniques enabled us to develop a novel
algorithm for finding a given pattern in a database of time-series. The key ideaisto
index time-series by their prominent features, and retrieve the series whose compressed
representation is similar to the compressed pattern. The experiments have shown the
effectiveness of thistechnique for identifying patterns in stock prices, meteorol ogical
data, and electrocardiograms. The implemented algorithm found a given patternina
database with 60,000 pointsin less than a second.

Thiswork leaves many open problems, which include application of the
devel oped technique to other time-series domains, investigation of its limitations,
extending of this technique to finding patterns that are stretched over time, and applying
it to identifying periodic patterns, such as weather cycles. Another open problem isto
apply statistical and machine-learning techniques to tune the knobs of the described
algorithms.
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