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ABSTRACT

ECGSYN, a dynamicalmodel that faithfully reproduces
the mainfeaturesof the humanelectrocardiogranfECG),
includingheartratevariability (HRV), RRintervalsandQT
intervalsis presentedDetailsof the underlyingalgorithm
andan open-sourcsoftwareimplementatiorin Matlab, C
and Java are described. An example of how this model
facilitatescomparison®of signal processingechniquess
provided.
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1 Introduction

Thefield of biomedicalsignalprocessindhasgivenriseto
a numberof techniquedor assistingphysicianswith their
everydaytasksof diagnosingand monitoringmedicaldis-
orders.Analysisof the electrocardiograntECG) provides
a quantitatve descriptionof the hearts electricalactivity
andis routinely usedin hospitalsasa tool for identifying
cardiacdisorders.

A large variety of signalprocessingechniqueshave
beeremployedfor filtering theraw ECGsignalprior to fea-
ture extractionanddiagnosisof medicaldisorders.A typ-
ical ECGis invariably corruptedby (i) electricalinterfer
encefrom surroundingequipment(e.g. effect of the elec-
trical mainssupply), (i) measurementor electrodecon-
tact) noise, (iii) electromyographi€muscle contraction),
(iv) movementartefacts,(v) baselinedrift andrespiratory
artefactsand (vi) instrumentatiomoise (suchas artefacts
from theanalogueo digital corversionprocess]1].

Many techniquesnay be utilisedfor filtering andre-
moving noisefrom the raw ECG signal, suchas wavelet
decompositio2], Principal ComponentAnalysis (PCA)
[3], Independen€omponenfnalysis(ICA) [4], nonlinear
noisereduction[5] andtraditional Wiener methods. The
ECG forms the basisof a wide rangeof medicalstudies,
including the investigationof heartrate variability, respi-
rationandQT dispersion6]. The utility of thesemedical
indicatorsrelieson signalprocessingechniquedor detect-
ing R-peakd7], deriving heartrateandrespiratoryrate[8],
andmeasuringQT-intervals[9].

Despitethe numerougechniqueghat may be found
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in the literatureandthosethatare now freely availableon
the Internet[10], it remainsextremelydifficult to evaluate
andcontrastheir performanceTherecentproliferationof
biomedicaldatabasesuchasPhysiobanK10], providesa
commonsettingfor comparingtechniquesndapproaches.
While this availability of real biomedicalrecordingshas
andwill continueto advancethe paceof researchthelack
of internationallyagreeduponbenchmarksneanghatit is
impossibleto comparecompetingsignal processingech-
nigues. The definition of suchbenchmarkss hinderedby
the fact that the true underlyingdynamicsof a real ECG
cannever be known. This void in the field of biomedical
researcltallsfor agold standad, whereanECGwith well-
understooddynamicsand known characteristicis made
freely available.

The modelpresentedhere, known asECGSYN(syn-
theticelectrocardiogram)s motivatedby the needto eval-
uateandquantifythe performancef the above signalpro-
cessingechniqueson ECG signalswith known character
istics. While the Physionetweb-site[10] alreadycontains
a syntheticECG generatof11], this is not intendedto be
highly realistic. The modelandits underlyingalgorithm
describedn detailin this paperis capableof producingex-
tremelyrealisticECGsignalswith completéflexibility over
the choiceof parametershatgovernthe structureof these
ECGsignalsin boththetemporalandspectradomains.In
additionthe averagemorphologyof the ECGmaybe spec-
ified. In orderto facilitate the useof ECGSYN, software
hasheenmadefreely availableasboth MatlabandC code
1. FurthermoreauserscanoperateECGSYNover the Inter-
netusinga Java applet,which providesa meansof simu-
lating anddownloadingan ECG signalwith characteristics
selectedrom a graphicaluserinterface.

2 Background

The averageheart rate is calculatedby first measuring
the time interval, denotedRR interval, betweentwo con-
secutve R peaks(Fig. 1), taking the averagerecipro-
cal of this value over a fixed window (usually 15, 30 or
60 secondspndthenscalingto units of beatsper minute
(bpm). A time seriesof RR intenvalsis often referredto

Iwww.physionet.ay/physiotools/ecgsyn
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Figurel. Two second®f syntheticECGreflectingtheelec-
trical actity in the heartduringtwo beats.Morphologyis
shawn by five extremaP,Q,R,SandT. Time intervals cor-
respondingo the RR internval andthe QT interval arealso
indicated.

asan RR tachogramand the variationin this time series
is governedby the balancebetweernthe sympathetiqfight
andflight) andparasympatheti¢restand diges) branches
of the central nenous system,known as the sympatho-
vagal balance. In general,innenation of the fastacting
parasympathetibranchdecreaseseartrate whereasthe
(more slowly acting) sympatheticbranchincreasesheart
rate. This RR tachograntanthereforebe usedto estimate
theeffect of boththesebranchesA spectrabnalysisof the
RR tachograrmis usuallydividedinto two mainfrequeng
bandsknown asthelow-frequeng (LF) band(0.04t0 0.15
Hz) and high-frequeng (HF) band(0.15to 0.4 Hz) [12].
Sympathetidoneis believed to affect the LF component
whereadothsympatheti@andparasympathetiactity in-
fluencethe HF componeni{6]. Theratio of the power con-
tainedin the LF and HF componentdhasbeenusedasa
measuref the sympath@agalbalancd6, 12].

The structure of the power spectrumof the RR
tachograntendsto vary from persorto persorwith anum-
ber of spectralpeaksassociatedvith particularbiological
mechanism¢$13, 14]. While the correspondencbetween
thesemechanismsndthe positionsof spectralpeaksare
strongly debated there are two peakswhich usually ap-
pearin mostsubjects. Thesearedueto RespiratorySinus
Arrhythmia(RSA) [15, 16] causedy parasympathetiac-
tivity which is synchronousvith the respiratorycycle and
Mayer waves causeddy oscillationsin the blood pressure
waves[17]. For example,RSA couldgiveriseto apeakin
the HF region around0.25Hz correspondingo 15 breaths
per minute, whereaghe Mayer waves often causea peak
around0.1Hz.
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Figure2. ECGSY Nflow chartdescribingheprocedurdor
specifyingthe temporalandspectraldescriptionof the RR
tachogramandECG morphology

3 Method

Thedynamicalmodel, ECGSYN,employedfor generating
the syntheticECG is composedf two parts. Firstly, an
internaltime serieswith internal samplingfrequeny fi.:
is producedo incorporatea specificmeanheartrate,stan-
darddeviationandspectracharacteristicsorrespondingo
areal RR tachogram.Secondly the averagemorphology
of the ECG is producedby specifyingthe locationsand
heightsof the peaksthat occurduring eachheartbeat. A
flow chartof the processesn ECGSYNfor producingthe
ECGis shavnin Fig. 2.

The spectralcharacteristicef the RR tachogramin-
cludingbothRSAandMayerwaves,arereplicatedby spec-
ifying a bi-modal spectrumcomposedf the sum of two
Gaussiariunctions,

S(f) = onc

V2rc2 2¢2 2c3

)
with meansfi, f» andstandarddeviationscy, ¢o. Powerin
the LF andHF bandsaregivenby o? ando3 respectiely
whereashe varianceequalsthe total areac? = o2 + o2,
yieldinganLF/HF ratio of 07 /o3.

A time seriesT () with power spectrumS( f) is gen-
eratedy takingtheinverseFouriertransformof asequence
of complex numberswith amplitudes,/S(f) and phases
whicharerandomlydistributedbetweerD and2z. By mul-
tiplying this time seriesby anappropriatescalingconstant
andaddingan offsetvalue,theresultingtime seriescanbe
givenary requiredmeanandstandardieviation. Different
realisation®f therandomphasesnaybespecifiedy vary-
ing the seedof the randomnumbergeneratarIn this way,
mary differenttime seriesT'(t) may be generatedvith the
sametemporalandspectralbproperties.

The ECGtracesaquasi-periodiavaveformwith each

beatof the heart,with the morphologyof eachcycle la-

U% exp((f—f1)2>+ U% exp((f—fz)2

)



Figure3. Three-dimensionatatespaceof the dynamical
systemgivenby (2) shaving motionaroundthelimit cycle
in the horizontal (z, y)-plane. The vertical z-component
providesthe syntheticECG signalwith a morphologythat
is definedby thefive extremaP,Q,R,SandT.

beledby its peaksandtroughs,P, Q, R, SandT, asshovn
in Fig. 1. Thisquasi-periodicitycanbereproducedy con-
structinga dynamicalmodel containingan attractinglimit
cycle; eachheartbeatcorrespond$o onerevolutionaround
this limit cycle, which liesin the (z, y)-planeasshawvn in
Fig. 3. Themorphologyof the ECGis createdby usinga
seriesnf exponentialdo forcethetrajectoryto traceoutthe
PQRSTwaveformin the z-direction. A seriesof five an-
gles,(0p, 0¢, 0r, 05, O7), areusedto specifythe extrema
of thepeakg(PQ,R,S,T)respectiely.
Thedynamicalkquation®f motionaregivenby three
ordinarydifferentialequationg18],

T = ar—uwy,
= oy + wz,
z = - Z aiAG; exp(—A07 /207) — (2 — 20)2)

ie{P,Q,R,S,T}

wherea = 1 — /a2 +y2, Af; = (0 — 6;) mod 2,
6 = atan2(y, «) andw is theangularvelocity of thetrajec-
tory asit movesaroundthelimit cycle. The coeficientsa;
governthemagnitudeof thepeaksvhereasheb; definethe
width (time duration)of eachpeak. Baselinewandermay
beintroducedby couplingthebaselinevaluez in (2) to the
respiratoryfrequeng f» in (1) usingzo(t) = Asin(2w fat).
TheoutputsyntheticECG signal, s(t), is theverticalcom-
ponentof the three-dimensionadlynamicalsystemin (2):
s(t) = z(1).

Having calculatedthe internal RR tachogramex-
pressedy thetime seriesT’(¢) with pawer spectrumS/(f)
given by (1), this canthen be usedto drive the dynami-
cal model (2) so that the resultingRR intervals will have
the samepower spectrumasthatgivenby S(f). Starting
from the auxiliary? time ¢,,, with angled = 65, thetime
interval T'(t,,) is usedto calculatean angularfrequeny

2Thisauxiliary time axisis usecto calculatethevaluesof Q,, for con-
secutve RRintenalswhereaghetime axisfor the ECGsignalis sampled
aroundthelimit cyclein the (z, y)-plane.
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Figure4. SyntheticECG signalsfor differentmeanheart
rates:(a) 30 bpm, (b) 60 bpmand(c) 120bpm.

Q, = T%fn . This particularangularfrequeng, €,,, is

usedto specify the dynamicsuntil the angle 6 reaches
fr again,wherebya completerevolution (one heartbeat)
hastaken place. For the next revolution, the time is up-

datedt, 1 = t, + T(t,), andthenext angularfrequeng,

Qg1 = % is usedto drive thetrajectoryaroundthe

limit cycle. In this way, the internally generatedeat-to-
beattime series,I'(t), canbeusedto generateanECGwith

associatedRR intervalsthathave the samespectrakcharac-
teristics. Theangularfrequeny w(t) in (2) is specifiedus-

ing thebeat-to-beatalues(?,, obtainedfrom theinternally
generatedRR tachogram:

W(t) = Qn, th <t <tpgi- (3)

Given thesebeat-to-beatvaluesof the angularfre-
queny w, the equationsof motion in (2) are integrated
using a fourth-orderRunge-Kutta method[19]. Thetime
seriesT (t) usedfor definingthe valuesof 2,, hasa high
samplingfrequeny of fi,, which is effectively the step
sizeof theintegration. Thefinal outputECG signalis then
down-sampledto fecg if fint > fecy by @ factor 2 to
generaten ECG atthe requestecamplingfrequeng. For
simplicity, fin¢ iS takenasanintegermultiple of fe.g.

The size of the meanheartrate affects the shapeof
the ECG morphology An analysisof real ECG signals
for differentheartratesshavs that the intervals between
the extremavary by different amounts;in particularthe
QRS width decreasesvith increasingheartrate. This is
asonewould expect;whensympathetidoneincreasesthe
conductionvelocity acrosgheventriclesincreasesogether
with anaugmentedheartrate. Thetime for ventricularde-
polarisationrepresentetly the QRScomplex of the ECG)
is thereforeshorter Thesechangesrereplicatedby mod-
ifying thewidth of the exponentialsn (2) andalsothe po-
sitions of the anglesd. This is achieved by usinga heart
ratedependentactora = \/huean/60 Wherehyeay is the
meanheartrateexpressedn unitsof bpm (seeTablel).

Operationof ECGSYN, composedof the spectral



Tablel. Morphologicalparametersf the ECGmodelwith

modulationfactora = \/hmean/60.

Index (i) P Q R S T
Time (secs) -0.2 -0.05 0 0.05 0.3
0; (radians) —imy/a —Lma 0 Sra iw
a; 1.2 -5.0 30.0 -75 0.75
b; 0.25 0.1a 0.1a 0.1la 0.4

Table 2. Temporaland spectralparameterof the ECG
model

Description Notation Defaults
Approximatenumberof heartbeats vV 256
ECGsamplingfrequengy fecs 256Hz
Internalsamplingfrequeny fint 512Hz
Amplitude of additve uniformnoise A 0.1mvV
Heartratemean hmean 60bpm
Heartratestandarddeviation. hstd 1 bpm
Low frequeny f 0.1Hz
High frequeny fa 0.25Hz
Low frequeng standardieviation c1 0.1Hz
High frequeng standardieviation ca2 0.1Hz
LF/HF ratio y 0.5

characteristicgjiven by (1) andthe time domaindynam-
ics in (2), requiresthe selectionof the list of parameters
givenin Tablesl and?2.

4 Resaults

The syntheticECG providesa realistic signalfor a range
of heartrates. Figure 4 illustratesexamplesof the syn-
theticECGfor threedifferentheartrates;30 bpm,60 bpm,
and 120 bpm. Notice that the PR, QT and QRS widths
all shortenwith increasingheartrate. It is importantto

notethatthe nonlinearrelationshipbetweenthe morphol-
ogy modulationfactor« andmeanheartrate ey limits

the contractionof the overall PQRSTmorphologyrelative
to the refractoryperiod (the minimum amountof time in

whichdepolarisatiorandrepolarisatiorof the cardiacmus-
cle canoccur).

Theability of ECGSYNto generat&ECGsignalswith
known spectralcharacteristicprovidesa meansof testing
the effect of varyingthe ECG samplingfrequeny fec, on
the estimationof heartratevariability (HRV) metrics.Fig-
ure 5 illustratesthe increasein estimationaccurag of a
HRV metric,theLF/HF ratio, with increasingfec.,. Theer-
ror barsrepresenbne standarddeviation on eitherside of
the meangdots)of 100 Monte Carloruns. Thetrueinput
LF/HF ratio was0.5 asshavn by the horizontalline. The
syntheticECGsignalshada meanheartrateof 60 bpmand
a standarddeviation of 3 bpm. The methodusedfor esti-
matingthe LF/HF ratio,theLomb periodogramintroduces
negligible variancanto theestimatg20], andthereforethe
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Figure5. LF/HF ratio estimatecomputedrom synthetic
ECG signalsfor a rangeof samplingfrequencieaisingan
input LF/HF ratio of 0.5 (horizontalline). Thedistribution
of estimatess shaovn by the mean(dot) and plus/minus
one standarddeviation error bars. The simulationsused
100realisation®f noise-freesyntheticECG signalswith a
meanheartrateof 60 bpmandstandardieviation of 3 bpm.

downward bias of the estimatescanbe considereddueto
fece beingtoolow. Notethatbelov 512Hz, the LF/HF ra-
tio is considerablyunderestimatedT his is consistentvith
studiegperformedon realdata[21].

5 Discussion

A dynamicalmodel known as ECGSYN has beenpre-
sentedthat generatesealisticsyntheticECG signals. The
usercanspecifyboth the temporalandspectralcharacter
istics of the ECG. In addition,the averagemorphologyof
the ECG may be input into the algorithm. Open-source
software for the algorithmunderlyingECGSYNiis freely
availablein bothMatlabandC. A Javaappletfacilitatesthe
generatiorof ECG signalsoverthe Internetwith operating
parameteraluesselectedisinga graphicaluserinterface.

By examiningthe statisticalpropertiesof artificially
generatedE CGsignals,it hasbeenshovn thatestimateof
HRV usingthe LF/HF ratio dependon the samplingfre-
queng, fece, of theECG.Smallvaluesof f.., givesriseto
ECG signalswhich leadto underestimated.F/HF ratios.
This providesa basisfor the low samplefrequeng prob-
lem in HRV studies[21]. In addition, theseresultspro-
vide a guide for physicianswhen selectingthe sampling
frequeng of the ECG basedon the requiredaccurag of
theHRV metrics.

The availability of ECGSYN through open-source
softwareandtheability to generateollectionsof ECGsig-
nalswith carefullycontrolledanda priori known character
isticswill allow biomedicalresearcherto testandprovide
operationstatisticsfor new signal processingechniques.
This will enablephysiciansto compareand evaluatedif-
ferenttechniquesandto selectthosethat bestsuit their re-
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