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ABSTRACT
ECGSYN, a dynamicalmodel that faithfully reproduces
the main featuresof thehumanelectrocardiogram(ECG),
includingheartratevariability (HRV), RRintervalsandQT
intervals is presented.Detailsof theunderlyingalgorithm
andanopen-sourcesoftwareimplementationin Matlab,C
and Java are described. An exampleof how this model
facilitatescomparisonsof signalprocessingtechniquesis
provided.
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1 Introduction

Thefield of biomedicalsignalprocessinghasgivenriseto
a numberof techniquesfor assistingphysicianswith their
everydaytasksof diagnosingandmonitoringmedicaldis-
orders.Analysisof theelectrocardiogram(ECG)provides
a quantitative descriptionof the heart’s electricalactivity
andis routinely usedin hospitalsasa tool for identifying
cardiacdisorders.

A large variety of signalprocessingtechniqueshave
beenemployedfor filtering theraw ECGsignalprior to fea-
tureextractionanddiagnosisof medicaldisorders.A typ-
ical ECG is invariably corruptedby (i) electricalinterfer-
encefrom surroundingequipment(e.g. effect of the elec-
trical mainssupply), (ii) measurement(or electrodecon-
tact) noise, (iii) electromyographic(musclecontraction),
(iv) movementartefacts,(v) baselinedrift andrespiratory
artefactsand(vi) instrumentationnoise(suchasartefacts
from theanalogueto digital conversionprocess)[1].

Many techniquesmaybeutilisedfor filtering andre-
moving noisefrom the raw ECG signal, suchas wavelet
decomposition[2], PrincipalComponentAnalysis (PCA)
[3], IndependentComponentAnalysis(ICA) [4], nonlinear
noisereduction[5] and traditionalWienermethods. The
ECG forms the basisof a wide rangeof medicalstudies,
including the investigationof heartratevariability, respi-
rationandQT dispersion[6]. Theutility of thesemedical
indicatorsreliesonsignalprocessingtechniquesfor detect-
ing R-peaks[7], deriving heartrateandrespiratoryrate[8],
andmeasuringQT-intervals[9].

Despitethe numeroustechniquesthat may be found

in the literatureandthosethatarenow freely availableon
the Internet[10], it remainsextremelydifficult to evaluate
andcontrasttheir performance.Therecentproliferationof
biomedicaldatabases,suchasPhysiobank[10], providesa
commonsettingfor comparingtechniquesandapproaches.
While this availability of real biomedicalrecordingshas
andwill continueto advancethepaceof research,thelack
of internationallyagreeduponbenchmarksmeansthatit is
impossibleto comparecompetingsignalprocessingtech-
niques.Thedefinition of suchbenchmarksis hinderedby
the fact that the true underlyingdynamicsof a real ECG
cannever be known. This void in the field of biomedical
researchcallsfor agoldstandard, whereanECGwith well-
understooddynamicsand known characteristicsis made
freelyavailable.

Themodelpresentedhere,known asECGSYN(syn-
theticelectrocardiogram),is motivatedby theneedto eval-
uateandquantifytheperformanceof theabovesignalpro-
cessingtechniqueson ECGsignalswith known character-
istics. While thePhysionetweb-site[10] alreadycontains
a syntheticECG generator[11], this is not intendedto be
highly realistic. The model and its underlyingalgorithm
describedin detailin thispaperis capableof producingex-
tremelyrealisticECGsignalswith completeflexibility over
thechoiceof parametersthatgovernthestructureof these
ECGsignalsin boththetemporalandspectraldomains.In
additiontheaveragemorphologyof theECGmaybespec-
ified. In order to facilitatethe useof ECGSYN,software
hasbeenmadefreely availableasbothMatlabandC code
1. FurthermoreuserscanoperateECGSYNover theInter-
net usinga Java applet,which providesa meansof simu-
latinganddownloadinganECGsignalwith characteristics
selectedfrom a graphicaluserinterface.

2 Background

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

1www.physionet.org/physiotools/ecgsyn
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Figure1. Two secondsof syntheticECGreflectingtheelec-
trical activity in theheartduringtwo beats.Morphologyis
shown by five extremaP,Q,R,SandT. Time intervalscor-
respondingto theRR interval andtheQT interval arealso
indicated.

as an RR tachogramand the variation in this time series
is governedby thebalancebetweenthesympathetic(fight
andflight) andparasympathetic(restanddigest) branches
of the central nervous system,known as the sympatho-
vagal balance. In general,innervation of the fast acting
parasympatheticbranchdecreasesheart rate whereasthe
(more slowly acting) sympatheticbranchincreasesheart
rate.This RR tachogramcanthereforebeusedto estimate
theeffectof boththesebranches.A spectralanalysisof the
RR tachogramis usuallydivided into two main frequency
bands,known asthelow-frequency (LF) band(0.04to 0.15
Hz) andhigh-frequency (HF) band(0.15 to 0.4 Hz) [12].
Sympathetictone is believed to affect the LF component
whereasbothsympatheticandparasympatheticactivity in-
fluencetheHF component[6]. Theratioof thepowercon-
tainedin the LF andHF componentshasbeenusedasa
measureof thesympathovagalbalance[6, 12].

The structure of the power spectrum of the RR
tachogramtendsto varyfrom personto personwith anum-
ber of spectralpeaksassociatedwith particularbiological
mechanisms[13, 14]. While the correspondencebetween
thesemechanismsandthe positionsof spectralpeaksare
strongly debated,thereare two peakswhich usually ap-
pearin mostsubjects.Thesearedueto RespiratorySinus
Arrhythmia(RSA) [15, 16] causedby parasympatheticac-
tivity which is synchronouswith the respiratorycycle and
Mayer wavescausedby oscillationsin the blood pressure
waves[17]. For example,RSA couldgive riseto a peakin
theHF region around0.25Hz correspondingto 15 breaths
per minute,whereasthe Mayer wavesoften causea peak
around0.1Hz.
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Figure2. ECGSYNflow chartdescribingtheprocedurefor
specifyingthetemporalandspectraldescriptionof theRR
tachogramandECGmorphology.

3 Method

Thedynamicalmodel,ECGSYN,employedfor generating
the syntheticECG is composedof two parts. Firstly, an
internal time serieswith internalsamplingfrequency

��� ���
is producedto incorporatea specificmeanheartrate,stan-
darddeviationandspectralcharacteristicscorrespondingto
a real RR tachogram.Secondly, the averagemorphology
of the ECG is producedby specifying the locationsand
heightsof the peaksthat occurduring eachheartbeat. A
flow chartof theprocessesin ECGSYNfor producingthe
ECGis shown in Fig. 2.

Thespectralcharacteristicsof theRR tachogram,in-
cludingbothRSAandMayerwaves,arereplicatedbyspec-
ifying a bi-modal spectrumcomposedof the sum of two
Gaussianfunctions,
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with means
� ��" � � andstandarddeviations

� ��" � � . Power in
theLF andHF bandsaregivenby � � � and � �� respectively
whereasthe varianceequalsthe total area ��� � ��� � ! ���� ,
yieldinganLF/HF ratioof ��� �$# ���� .

A timeseries% �'&$
 with powerspectrum
���	��


is gen-
eratedby takingtheinverseFouriertransformof asequence
of complex numberswith amplitudes

���	��

andphases

whicharerandomlydistributedbetween0 and
�(�

. By mul-
tiplying this time seriesby anappropriatescalingconstant
andaddinganoffsetvalue,theresultingtime seriescanbe
givenany requiredmeanandstandarddeviation. Different
realisationsof therandomphasesmaybespecifiedby vary-
ing theseedof therandomnumbergenerator. In this way,
many differenttime series% �'&$
 maybegeneratedwith the
sametemporalandspectralproperties.

TheECGtracesaquasi-periodicwaveformwith each
beatof the heart,with the morphologyof eachcycle la-
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Figure3. Three-dimensionalstatespaceof the dynamical
systemgivenby (2) showing motionaroundthelimit cycle
in the horizontal
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 -plane. The vertical + -component
providesthesyntheticECGsignalwith a morphologythat
is definedby thefiveextremaP,Q,R,SandT.

beledby its peaksandtroughs,P, Q, R, S andT, asshown
in Fig. 1. Thisquasi-periodicitycanbereproducedby con-
structinga dynamicalmodelcontaininganattractinglimit
cycle;eachheartbeatcorrespondsto onerevolutionaround
this limit cycle, which lies in the

�') "	* 
 -planeasshown in
Fig. 3. Themorphologyof theECGis createdby usinga
seriesof exponentialsto forcethetrajectoryto traceout the
PQRST-waveform in the + -direction. A seriesof five an-
gles,( ,�- , ,�. , ,�/ , ,�0 , ,�1 ), areusedto specifytheextrema
of thepeaks(P,Q,R,S,T)respectively.

Thedynamicalequationsof motionaregivenby three
ordinarydifferentialequations[18],
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 and

6
is theangularvelocityof thetrajec-

tory asit movesaroundthelimit cycle. Thecoefficients B 9
governthemagnitudeof thepeakswhereasthe

G 9 definethe
width (time duration)of eachpeak. Baselinewandermay
beintroducedby couplingthebaselinevalue +YI in (2) to the
respiratoryfrequency

�
� in (1)using +JI �Z&$
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.
TheoutputsyntheticECGsignal, b �'&$
 , is theverticalcom-
ponentof the three-dimensionaldynamicalsystemin (2):
b �'&$
c� + �Z&$
 .

Having calculatedthe internal RR tachogramex-
pressedby thetime series% �Z&$
 with power spectrum

���	��

given by (1), this can then be usedto drive the dynami-
cal model (2) so that the resultingRR intervals will have
the samepower spectrumasthat given by

������

. Starting

from the auxiliary2 time
&Yd

, with angle , � , / , the time
interval % �Z&Yde
 is usedto calculatean angularfrequency

2Thisauxiliary timeaxisis usedto calculatethevaluesof fcg for con-
secutive RRintervalswhereasthetimeaxisfor theECGsignalis sampled
aroundthelimit cycle in the hji4kZlSm -plane.
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Figure4. SyntheticECG signalsfor differentmeanheart
rates:(a)30 bpm,(b) 60 bpmand(c) 120bpm.

n d � �Jo1apjq;rEs . This particularangularfrequency,
n d

, is
used to specify the dynamicsuntil the angle , reaches
,�/ again,wherebya completerevolution (oneheartbeat)
hastaken place. For the next revolution, the time is up-
dated,

&Ydut � �v&Yd ! % �'&Yde
 , andthenext angularfrequency,nwdut � � ��o1Apjq r`x8y s , is usedto drive thetrajectoryaroundthe
limit cycle. In this way, the internally generatedbeat-to-
beattimeseries,% �'&$
 , canbeusedto generateanECGwith
associatedRRintervalsthathavethesamespectralcharac-
teristics.Theangularfrequency

6z�'&$

in (2) is specifiedus-

ing thebeat-to-beatvalues
n d

obtainedfrom theinternally
generatedRR tachogram:

6z�Z&$
c�{n d " & d^| &~}{& dut �E� (3)

Given thesebeat-to-beatvaluesof the angularfre-
quency

6
, the equationsof motion in (2) are integrated

usinga fourth-orderRunge-Kutta method[19]. The time
series% �'&$
 usedfor definingthe valuesof

nwd
hasa high

samplingfrequency of
��� ���

, which is effectively the step
sizeof theintegration.Thefinal outputECGsignalis then
down-sampledto

�������
if
��� �������������

by a factor �	� ����	����� to
generateanECGat therequestedsamplingfrequency. For
simplicity,

��� ���
is takenasanintegermultiple of

�������
.

The sizeof the meanheartrateaffects the shapeof
the ECG morphology. An analysisof real ECG signals
for different heart ratesshows that the intervals between
the extremavary by different amounts;in particular the
QRS width decreaseswith increasingheartrate. This is
asonewould expect;whensympathetictoneincreases,the
conductionvelocityacrosstheventriclesincreasestogether
with anaugmentedheartrate.Thetime for ventricularde-
polarisation(representedby theQRScomplex of theECG)
is thereforeshorter. Thesechangesarereplicatedby mod-
ifying thewidth of theexponentialsin (2) andalsothepo-
sitionsof the angles, . This is achieved by usinga heart
ratedependentfactor

3�� �S�
���`� #���� where
�S�
���`�

is the
meanheartrateexpressedin unitsof bpm(seeTable1).

Operationof ECGSYN, composedof the spectral



Table1. Morphologicalparametersof theECGmodelwith
modulationfactor

3�� � �
���`� #E�W� .

Index (i) P Q R S T
Time(secs) -0.2 -0.05 0 0.05 0.3
, 9 (radians)

� �� ��� 3 � �� �
� 3

0
�� �
� 3 �

�
�

B 9 1.2 -5.0 30.0 -7.5 0.75G 9 0.25
3

0.1
3

0.1
3

0.1
3

0.4
3

Table 2. Temporaland spectralparametersof the ECG
model

Description Notation Defaults
Approximatenumberof heartbeats � 256
ECGsamplingfrequency

�������
256Hz

Internalsamplingfrequency
� � ���

512Hz
Amplitudeof additiveuniformnoise

[
0.1mV

Heartratemean
� �
���Y�

60 bpm
Heartratestandarddeviation.

�W� �D�
1 bpm

Low frequency
� � 0.1Hz

High frequency
�
� 0.25Hz

Low frequency standarddeviation
� � 0.1Hz

High frequency standarddeviation
�
� 0.1Hz

LF/HF ratio � 0.5

characteristicsgiven by (1) and the time domaindynam-
ics in (2), requiresthe selectionof the list of parameters
givenin Tables1 and2.

4 Results

The syntheticECG providesa realisticsignal for a range
of heart rates. Figure 4 illustratesexamplesof the syn-
theticECGfor threedifferentheartrates;30bpm,60 bpm,
and 120 bpm. Notice that the PR, QT and QRS widths
all shortenwith increasingheart rate. It is important to
notethat the nonlinearrelationshipbetweenthe morphol-
ogy modulationfactor

3
andmeanheartrate

� �
���`�
limits

thecontractionof theoverall PQRSTmorphologyrelative
to the refractoryperiod(the minimum amountof time in
whichdepolarisationandrepolarisationof thecardiacmus-
cle canoccur).

Theability of ECGSYNto generateECGsignalswith
known spectralcharacteristicsprovidesa meansof testing
theeffect of varying theECGsamplingfrequency

� �����
on

theestimationof heartratevariability (HRV) metrics.Fig-
ure 5 illustratesthe increasein estimationaccuracy of a
HRV metric,theLF/HF ratio,with increasing

� �����
. Theer-

ror barsrepresentonestandarddeviation on eithersideof
themeans(dots)of 100MonteCarloruns. The true input
LF/HF ratio was0.5 asshown by the horizontalline. The
syntheticECGsignalshadameanheartrateof 60bpmand
a standarddeviation of 3 bpm. The methodusedfor esti-
matingtheLF/HF ratio,theLombperiodogram,introduces
negligible varianceinto theestimate[20], andthereforethe
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Figure5. LF/HF ratio estimatescomputedfrom synthetic
ECGsignalsfor a rangeof samplingfrequenciesusingan
input LF/HF ratio of 0.5(horizontalline). Thedistribution
of estimatesis shown by the mean(dot) and plus/minus
one standarddeviation error bars. The simulationsused
100realisationsof noise-freesyntheticECGsignalswith a
meanheartrateof 60bpmandstandarddeviationof 3 bpm.

downward biasof the estimatescanbe considereddueto� �����
beingtoo low. Notethatbelow 512Hz, theLF/HF ra-

tio is considerablyunderestimated.This is consistentwith
studiesperformedon realdata[21].

5 Discussion

A dynamicalmodel known as ECGSYN has beenpre-
sentedthatgeneratesrealisticsyntheticECGsignals.The
usercanspecifyboth the temporalandspectralcharacter-
isticsof the ECG.In addition,theaveragemorphologyof
the ECG may be input into the algorithm. Open-source
software for the algorithmunderlyingECGSYNis freely
availablein bothMatlabandC.A Javaappletfacilitatesthe
generationof ECGsignalsover theInternetwith operating
parametervaluesselectedusinga graphicaluserinterface.

By examiningthe statisticalpropertiesof artificially
generatedECGsignals,it hasbeenshown thatestimatesof
HRV using the LF/HF ratio dependon the samplingfre-
quency,

� �����
, of theECG.Smallvaluesof

� �����
givesriseto

ECG signalswhich lead to underestimatedLF/HF ratios.
This providesa basisfor the low samplefrequency prob-
lem in HRV studies[21]. In addition, theseresultspro-
vide a guide for physicianswhen selectingthe sampling
frequency of the ECG basedon the requiredaccuracy of
theHRV metrics.

The availability of ECGSYN through open-source
softwareandtheability to generatecollectionsof ECGsig-
nalswith carefullycontrolledandapriori knowncharacter-
isticswill allow biomedicalresearchersto testandprovide
operationstatisticsfor new signal processingtechniques.
This will enablephysiciansto compareandevaluatedif-
ferenttechniquesandto selectthosethatbestsuit their re-



quirements.
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