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Several methods have been proposed for similarity search in time series (TS). Our
previouslypublishedmethodQP-DTW(QuasiPeriodicDynamicTimeWarping)has
beenproposedasarivalmethodtoDTWforquasiperiodicTSalignment.However  the
method is expensive in terms of time complexity. Consequently it is not
appropriateforsimilaritysearchinTS,wherethemethodswithlesstimecomplexity
areneeded.InthispaperweproposeanacceleratedversionoftheQP-DTWmethod and
we use it to solve the problem of searching similar ECG (Electrocardiogram) time
series in a data base. We have focused on ECG TS for its utility in various medical
domains, including Diagnostic of cardiac disease and biometry. The proposed
Accelerated QP-DTW (A-QPDTW) used Haar Wavelet Transform as a
techniquetoreducethedimensionalityoftheTSandtheKNN(Knearestneighbor)
approach to search for TS that are similar to a given query. Experimental results
show that the proposed method is more efficient than QPDTW method with

comparativeaccuracy.AllresultshavebeenobtainedusingtheECGTSoftheUCR
(University of California at Riverside) time series Dataset, universally admittedas
the first Benchmark in time series analyses.

1. Introduction

There are many phenomena that are
representedintimeseriesforms(TS)suchasthe
values of stock exchange (companies shares),
prices of goods and services, the ECG signal
(Electrocardiogram), the traffic density in a
computernetwork,multimediadata,etc..

A time series is a collection of data
obtained sequentially in time. Formally, a time
series is a continuation of couples
<(vi,t1),(v2,t2),...,(Vi,ti)),...> where viis a value or a
vector of values taken at time index ti. This
notation can be abbreviated in <vi, va,...,
Vi,...>when the reference to the time does not
need to be clarified [1].

Proximity or similarity searching is the problem
of, given a data set and a similarity measure,
findingtheelementsfromthesetthatarecloseto a
given query. This is a natural extension of the
classicalproblemofexactsearching|2].

Ithasmanyapplications.Someexamples
are: speech recognition [3],handwriting
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recognition [4], content-based image retrieval
[5], slice music similarity search [6], etc.

Literature shows that the most used
types of similarity search queries are: (a) range
query and (b) nearest neighbors query. Range
query consists in retrieval of all time series in a
data base within a certain distance r from the
query object, while k nearest neighbors query
returns the k time series most similar to the
query time series [7].

In both cases, the performance of
similarity search depends highly on the distance
measureusedtocomparethetimeseries[8].ltis
knownthatDTW(DynamicTimeWarping)isthe
most suitable measure for many applications of
timeseries,includingsimilaritysearch[9].Chen
etal,forexampleadaptDTWatIndividualQuery
for Electrocardiogram Analysis in Cardiology
[10].

In another context, our previously
published method QP-DTW (Quasi Periodic
Dynamic Time Warping) has been proposed asa
rivalmethodtoDTWforECGalignment.However
the method is expensive in terms oftime
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complexity.Consequentlyitisnotappropriatefor
similaritysearchinECGTS,wheremethodswith
less time complexity are needed, particularly in
large databases. In this paper we propose an
accelerated version of the QP-DTW method and
we use it to resolve the problem of searching
similar ECG time series within a given database.
We have focused on ECG for its utility invarious
domainsincludingDiagnosticofcardiacdiseases
andbiometry.

Diagnostic applications for people with
risk of heart dysfunctions are more and more
usednowadays.Forinstance,peoplewithcardiac
high risk factors bear wearable sensors in their
daily lives. These sensors continuously monitor
health conditions like ECG and send the data to
Automatic Diagnostic Systems, where they are
processed in quasi real-time diagnosis [11].
Regarding the field of biometry, it is suggested
thatECGtraceisuniquetoeachpersonandithas
been introduced as one of the most powerful
biometric tool for personal identification [12],
[13].

The proposed AQP-DTW (Accelerated
Quasi Periodic Dynamic Time Warping) uses
Discreet Wavelet Transform (DWT) as a
techniquetoreducethedimensionalityoftheTsS.
The obtained TS are fed to QP-DTW and finally,
theKNN(Knearestneighbor)approachusesthe
AQP-DTW procedure to search for the K TS that
are most similar to a given query. Experimental
results show that the proposed method is more
efficientthantheQPDTWmethodinthecontext
of TSsimilaritysearchforacomparableaccuracy.

All results have been obtained using the
ECG TS of the UCR (University of California at
Riverside) time series Dataset, universally
admitted as the first Benchmark in time series
analyses.

The rest of this paper is organized as
follow. Section 2 presents related works, while
Section 3 describes our proposed method. The
4th section is devoted to application of our
method to similarity search and to experiment
tests.Finally,Section5concludesthispaperand
gives perspectives of ourresearch.

2. Materials andmethods

The search for similarity is limited
becauseofthelargesizeofthetimeseriesBDDs. The
best solution, according to [14], would beto use
a dimensionality reduction technique on the
data such as DFT(Discret Fourrier Transform)
[1], DWT (Discret Wavelet Transform [15],PAA
(Piecewise Aggregate Approximation) [14], SAX
(Symbolic Aggregate approXimation)[16] orto
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use index structures. Echihabi et al. [17]
compared these methods in terms of efficiency
under a single, unified experimental framework.
Their work indicates that there is no single best
method that outperforms all the rest. Recently
Gogolou et al. [18] provides progressive whole-
matching similarity search results on large time
series collections. They show that there is a gap
between the time the 1st Nearest Neighbour (1-
NN) is found and the time when the search
algorithmterminates.Inotherwords,usersoften
wait without any improvement in their answers.
Theyfurthershowthathigh-qualityapproximate
answers are found very early with their method.
In our case, we will use the wavelet transform to
acceleratethesimilaritysearchwithQP-DTWand
KNNmethods.

2.1. Discrete Wavelet Transform(DWT)

DWT or Discrete Wavelet Transform
[15] is a mathematical tool for signals and time
series modeling based on a hierarchical
decompositionfunction.Meanwhile,itisusedas
an effective characterization and dimensional
reduction technique for similarity searching in
timeseries.

The basic idea of DWT is similar to that
usedbyAgrawalfortheDFTtechnique[l]inthe
sense that a time series can be represented only
by a discrete wavelet transform, but by taking
only the first N coefficients. This way, we can
reduce the dimensionality and keep a large part
oftheinformationwithintheoriginaltimeseries.
DWThasseveraladvantagessuchasitsabilityto
search at different scales and its temporal
complexity which is O (n), compared to that of
DFT which is O(n2).

2.2. Quasi-Periodic Dynamic Time Warping
(QP-DTW)

Quasi-Periodic Dynamic Time Warping is
a similarity measure proposed by Boulnemour&
Boucheham [19]. It combines the SEA [20] and
the DTW [21], [22] methods. It was especially
designed for alignment of quasi-periodic time
series and specifically for heartbeats time series
providedfromECG(Electrocardiogram)records.
It is argued that Quasi-periodic time series are
very complex TS for they are concatenations of
quasi-similarformscalledperiods(Cycles).Such
that,thealignmentoftheseseriesisnotpossible
beyond the SEA method and its derivatives
(includingQP-DTW)[20].Itwasdemonstratedin
[20]and[19],thatDTWcompletelyfailswhenit
comes to align quasi-periodic time series
containing each a different number of quasi
similar and phase shiftedperiods.

Fig.1(a)showstheoriginaltracesXand
Y.Fig.1(b)illustratesthealignmentdonebyQP-
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DTWforXanditsreconstructedtimeseries(left of
Fig. 1(b)) and for the time series Y and its
reconstructedtimeseries(rightofFig.1(b)).Fig. 1
(c) presents the alignment done by the DTW
methodforthetimeseriesXandY.Notethatthe

twotracesarefromthesametimeseriesbutthat

they are of different lengths. They are alsophase
shifted because they are not taken at the same
time (offset of 35 seconds for Y). Fig.2, illustrate
the QP-DTWdiagram.
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Fig.1.Comparison of the QP-DTW and the DTW
methodsforthecaseofquasi-periodictimeserieswith
phase shift (rec.215). (a) Original signals. (b) Original
signals vs. reconstructed signals by QP-DTW (c)
Original signal vs. warped signal by DTW [19].
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Fig.2. lllustrative diagram of the QP-DTW method.
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3. Accelerated Quasi Periodic Dynamic Time
Warping(A-QPDTW)

Inthissection,wedescribeourproposed
method: Accelerated Quasi Periodic Dynamic
TimeWarping(A-QPDTW).A-QPDTWismainly
composedoftwosteps.ItisdescribedinFig.3.

A. FeatureExtraction

In literature, there are several types of
wavelet transforms. We have used the OneLevel
Haar Wavelets Transforms due to its simplicity,
efficiency (Linear order of complexity) and
effectiveness in extracting the discriminate
features and reducing the dimensionality of
quasi-periodic time series(QP-TS).

TheHaarwavelettransformisaseriesof
matching and differentiation operations. In the
matching  operations, we obtain the
approximationcoefficients.Inthedifferentiation
operations,wegetthedetailcoefficients.Tohave an
idea of how the Haar wavelet transform
works,let'sconsiderthefollowing 4-
dimensional TS:

X=[10,6,5,7].Weobtainthedetail(cD)andthe
appr%lO m+a6te g%ﬁnments F%)_%sf%l Igv%/ﬁ

A T PP T

The one level Haar Wavelet transform
ofXusingcAisthen[2,-1]JandusingcDis[8,6].
Fig.3, shows the original TS and its reduced TS
using approximation coefficients of Haar
wavelets Transform. We see that, the length of
thereducedTSisthehalfoftheoriginal TS.
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Fig.3. Original TS vs. Reduced TS with approximation
coefficients.

B. SimilarityMeasure

The second step consists in applying
the QP-DTW similarity measure on the reduced
data and to search for the similar TS to a given
query within a given database, using KNN
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approach.Fig.4,describestheAQP-DTW(general 4. 2. Experimentalresults
diagram.
First we start by evaluating the
Quers proposedmethodAQP-DTW,intermofefficiency
(run time) with regard to the QP-DTW, on the
Featurs ‘ Approximation ‘ problem of similarity search. The executiontime
BB Je=y E’E%%m —/  coefficients =y QP-DTW is obtained by calculating the average execution
‘ timeofallthequeriesinthetestingdataset.Fig.5,

| shows the execution time in seconds for both A-
QPDTW and QP-DTW, on all ECG time series in
g UCR. We notice that, the method AQP-DTW is
: moreefficientthantheQP-DTWmethod.Infact, it
is about three times faster than QP-DTW
method in all datasets. Moreover, in the case of
long time series, we show that our method is
even faster. As an example, for the dataset
CinC_ECG_ torso,thetimeexecutionoftheAQP-
DTW is 1046, 20 seconds while it is 4228,75
seconds for the QP-DTW (four times faster).
4.1. Experimentalconfiguration Another example, for the small datasetECG200,
the time execution of the AQP-DTW is 0, 37
secondsanditisl,12secondsfortheQP-DTW.

Fig.4. lllustrative diagram of the AQP-DTW
method.

4. Experimentation

Inthissection,weevaluatetheefficiency
and the effectiveness of our algorithm on the
problem of similarity search on ECG timeseries.
The ECG time series dataset, for experiment are
selected from the UCR Time Series DataArchive
[Chen,201523].Thisdataarchiveisadmittedasa
benchmarkfortestingandevaluatingtimeseries
similarity measures. The UCR contains 7 ECG

timeseriesdatasetandeachonehaveastandard A Q*\ & @ L
partitions of training and testing set. A é’q@e’&"’{?j" R \fa\':"@{" = QP-DTW
description of the dataset used in our study is ng” CE qé":' &
presented inTablel. S S § nA-

© & &
Table1. Description of the used ECG datasets F @S’Q QPDTW

Numberof ~ Szeof  Sizeof  Time Fig.5. Execution times for AQP-DTW Vs QP-DTW.

Dataset Name Classes Tra;ining Testing  Series
« Set Length On the other hand,
ECG200 0 100 100 Y3 wecomparetheprecision of our method AQP-DTW
with regardto
ECGFiveDays I 7 861 136 the QP-DTW method within the problem of
similarity search. In that respect, we mention that
ECG5000 05 500 4500 140 the precision criteria measures the fraction of
relevant objects returned in a given query in
CinC_ECG_torso 04 40 1380 1639 relation to the total of returned objects[Garcia,
TwoLeadECG 0 . 1130 82 201424]. Fig.6, shows an example of a givenquery
andthe20returnedsimilarTSusingourproposed
NonInvasiveFatalECGThorax [ ) 1800 1965 mEthod. the parameter k = 20 hasbeenchosenempirically.
We clearly see that all the returnedTS
NonInvasiveFatalECGThorax2 4 1800 1965 750 _havethesameshapeasthequeryshape.
Table2 shows experimental results of the
precision comparison for both A-QPDTW and QP-
DTW on all ECG time series in UCR. Results show
that the precisions of the two methods are
All applications in this study have been comparable to each other. For the dataset,
performedonanexperimentalenvironmentwith “CinC_ECG_ torso”,theprecisionofQP-DTWis0.275
thefollowingcharacteristics:PClIntel(R)Core™ i7 and the one of AQP-DTW is 0.273. For the dataset
CPU, 2.10 GHz, 4Go of main memory, OS “NonlInvasiveFatalECG_Thorax1”, the precision of
Windows 7 (64 bits) and MATLAB 2014 QP-DTWis0.698andtheoneofAQP-DTWis0.693.

environment.
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Indeed,AQP-DTWwinsintwodatasetsandlosesin
fivedatasetswithcomparisontoQP-DTW.

100 120

0 20 40 60 80 140
Fig.6.PrecisionofAQP-DTWmethod.TheredTSis
thequeryobjectandthebluesTSarethe20returned
objectswhicharesimilartothequery(k=20).

Table2. Precision of QPDTW Vs AQP-DTW

Data sets QP-DTW A-QPDTW
ECG200 0.693 0.632
ECGFiveDays  0.576 0.552

ECG 5000 0.720 0.728
CinC_ECG tors 0.275 0.273
TwoLeadECG 0.532 0.578
NonlInvasiveFatal

ECG._ Thorax1 0.698 0.693
NonlInvasiveFatal 0730 0.712

ECG_Thorax2

5. Conclusion

In this paper, we have focused on the

problemofsimilaritysearchinECGdatabase.In
this regards, we have developed an efficient
similarity measure. The obtained AQP-DTW is
based on Haar Wavelet Transform and QPDTW
similarity measure. Experimental results show
that the proposed method is about three times
faster than QP-DTW with practically no loss of
precision. As future work, we aim to apply the
proposed method in biometricfield.
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