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Abstract—In this paper we presentthe design principles and
the main features of a new Monte Carlo simulation code for
tomography that, through a modular object oriented approach,
maintains the efficiency of specializedsolutions while incorporat-
ing features common to general Monte Carlo particle transport
simulation packagessuch as the presenceof a comprehensive
geometricalmodeling subsystem.The simulation of photon history
through a heterogeneousmedium is treated as a distinct case
of particle transport, rather than a geometrical representation
problem, leading to efficient tracing through voxel-based an-
thropomorphic phantoms. The approach is general and flexible
allowing for a mixed voxel and surface based representation of
the attenuation distrib ution (similarly for the activity distrib ution).
Various variance reduction techniquesare intr oduced.

|. INTRODUCTION

HE Monte Carlo methodfor particletransportsimulation
hasproven to be a powerful tool in the field of medical
imaging.lts variousapplicationsaswell asits limitations have
beencomprehenskly presentedn recentpublications[1], [2].

The Monte Carlo method popularity has lead to the de-
velopment of various codes, mary implementing ingenious
techniqueghat efficiently addressspecificissuesencountered
by their authors.The flexibility and extensibility of suchcodes
is often limited by the very presenceof such specialized
techniques,or by other design options introduced early in
their development(restrictionsin representingthe attenuator
mediumor theactvity distribution,limited detectorgeometries,
etc.). On the other hand the generalMonte Carlo simulation
packageslike MCNP [3], GEANT [4], [5], or EGS [6] are
less frequently employedin diagnosticimaging applications
thanonewould expect giventhe powerful modelingtools such
codesinclude. Besideslong and difficult learning curves one
explanation comesfrom the fact that the generalityis often
achieved with somelossin efficiengy.

In this paperwe presentthe designprinciplesand the main
featuresof a new Monte Carlo simulationcodefor tomography
that,througha modularobjectorientedapproachmaintainsthe
efficiengy of specializedsolutionswhile incorporatingfeatures
commonto generalpackagesuchas the presenceof a com-
prehensie geometricalimodelingsubsystem.

Il. ARCHITECTURE OF THE SIMULATION APPROACH

In Fig. 1 are schematicallyidentified the componentsec-
essaryto be modeledin an emissiontomographysimulator
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Fig. 1. Diagramoutlining the main modulesof the simulator

Although the diagramshaws the caseof a PET scannerthe
componentsepresentedrethe commondenominatofor most
tomographydevices usingionizing radiationsources.

From one perspectie we canidentify componentghat have
a certainphysicaldescription(i.e. geometricshape,substance
content,positionin space)thesearethe detector the attenua-
tor, andthe souice spatial distribution or actiity distribution.
On the otherhandwe have the functionalcomponentsequired
for the simulation of particle histories. Here we distinguish
betweenthe particle emissionand the particle transport A
last classof componentsarerepresentetby the eventcounters
someof which have physicalcounterpartsn the detectionand
dataacquisitionelectronics.

A versatiledesignapproachis neededgiven the variety of
possiblescannerconfigurationsthe wide rangeof shapesand
form of representatiorfor the attenuatorand source spatial
distribution, and the multitude of specifictasksto accomplish
through simulationsin an optimal manner Eachof the above
componentsnustbe ableto instantiatespecificversionswhile
preservinga uniforminterfacewith therestof the system(seein
Fig. 2 themodulesandtheirfunctionaldependenciesp natural
candidatefor achievzing this goal is the use of inheritance
and polymorphism features offered by the object oriented
programminglanguagesWe have used C++, and the above
genericmoduleswith all derived versionsare implementedas
C++ classes.

More detailsaboutthe function andimplementatiorof each
abore moduleare givenin the following subsections.
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Classhierarchy The Module classfrom which are derived all other classesmplementsthe commonmechanismf input and output as well asa

multi-stepinitialization procedure(a la Unix SystemV) providing a uniform and flexible interfacewith the user In addition to the main modulesdescribed
in the text Source, SourceDistrib, Attenuator Detector Transport and Counter hereis shavn the Material modulewhich providesthe material specifications
usedby the Transport modules.Another categoryof modules(branchC) consistsof the Auxiliary modulesthat perform varioustasksthat are useful, but not
directly requiredby the simulation,suchas deterministiccomputationof the transmissiordata,or corvertinganalytically (surfacebased)definedphantomsnto
voxelizedimages.For the sakeof clarity the classnamesshonn here have beenslightly changedfrom thosein the original C++ code and a seriesof other
simplificationshave beenmade.

Fig. 2. Module functionaldependenciesThe dashedines representglepen-
denciesrequiredwhen certainvariancereductiontechniquesare applied.

A. Geometricalmodules

A Monte Carlo simulationof particle transportis largely a
problemof geometryrepresentatiomnd ray tracing. Therefore
it would be helpful to have a flexible systemfor describing
the geometryand automaticallyperformingthe task of tracing

particlesacrossregions. For photontransportat enegies com-
monly usedin nuclearmedicine the effort spentfor simulating
theinteractionss exceededy the effort spentperformingother
tasks,mostimportantof theminvolving the geometry There-
fore the flexibility and generality of the geometrymodeling
systemshouldbe achiezed with a minimum overheadcost.

The geometricalaspectf the detectorand the attenuator
are representedising such a geometryrepresentatiorsystem
describedn moredetail in [7]. Herewe will mentiononly its
main features:(1) usesa surface(or boundary)representation
technique, thus offering high flexibility in defining various
geometricabodies;(2) providesa mechanisnfor automatically
linking the adjacentvolumes;(3) implementsa robust tracing
methodthat employsin a systemationannergeometricalrea-
soningin orderto avoid ambiguitiesinducedby floating point
roundingerrors.

For flexibility the detectorand attenuatorare represente@s
distinct entities, while the overall unified geometricalsetupis
achieved in the following manner:the detector suppliesthe
attenuatowith its innersurfaceandthe list of adjacentvolumes
to this surface.The attenuatorcompletesits setup with the
above dataandprovidesthedetectorwith thelist of its volumes
adjacento the detectorinner surface The emptygapshowvn in
Fig. 1 is includedas part of the attenuator;f a collimator is
presentit is consideredas part of the detectormodule, given



its intimate relationwith the detectorarray For eachregion of
the attenuatorand the detectoy the substancecontentand an
appropriatetransportmethodmust be specified.

The source spatial distribution modeling is a matter of
sampling a spatial density distribution at the requestof the
souice module that simulatesparticle emissions.In the case
of emissiontomographywe can have actvity distributions
given as geometricalbodiesanalytically definedor discretized
distributions. The samplingis done using Walker’s alias sam-
pling technique(8], [9] (describedalsoin [10]). An alternatie
consistsgn cyclically steppingthroughall volume elementdor
eachone generatinga numberof particlesproportionalto its
activity. The main dravback of the latter approachis that the
sequencef detectedeventsis notrandomwhichis undesirable
for certain applicationssuch as studiesusing list-mode data
in randomsuccessionln the caseof transmissionscansthe
sourcespatialdistribution is the trajectoryrelative to the object
followed by the scannersource.

B. Functionalmodules

The souce modulesimulateghe particleemissionsassigning
their initial valuesof enepy, direction, etc.. Distinct sources
for positron annihilation photon pair emission,single photon
emissionand transmissiorscansimulationsare implemented.

The transport modulesperform the simulation of particle
histories. The transportclassesused here are specializations
derived from versionsdevelopedand testedin previous work
[11]. Distinct transportclassesareusedfor modelingof photon
detectiomprocesseandtheseinitiate thetallying of thedetected
emissionevents. The photoncrosssectionsusedare thosepro-
vided by the code XCOM [12]. The Comptoninteractionsfor
unpolarizedand linearly polarizedphotonsare sampledusing
a generaltechniquedescribedin [10]. The linearly polarized
crosssectionis requiredin PET simulationsin orderto treat
accuratelythe caseof photonpairs when eachsuffers at least
oneinteraction,aspointedout by Bice [13]. However, our tests
sofar involving configurationscommonlyusedin experiments
have revealedlittle noticeableeffect of photonpolarization.

The counter modules are responsiblefor tallying of the
detectedemissionevents accordingto sourcetype and level
of detail required,which are saved in the desiredformat.

C. Transportthroughinhomogeneoumaterials

The modeling of photon transportthrough a voxel repre-
senteddistribution of substancds consideredas a particular
caseof the transportclass.That is, for one or more regions,
usually specifiedusing the geometricalrepresentatiorsystem,
insteadof specifyingtheir contentasa homogeneousubstance,
onecanspecifyinhomogeneousdistributionsandthe appropri-
atetransporimethodto dealwith thatdistribution. Oneexample
is the useof a ray tracingtechniquein which all voxels along
thetrajectoryarevisitedindividually. A secondapproachmore
generalasit is not limited only to the caseof voxels, is offered
by the methodof fictional interactiong(or deltascattering)14]
in which for a given spaceregion the interactionpositionsare
sampledusing the maximum attenuationcoeficient for that

y (cm)
z (cm)

-18-16-14-12-10-8 -6 -4 -2 0 2 4 6 8 1012141618
X (cm)

-18-16-14-12-10-8 -6 -4 -2 0 2 4 6 8 1012141618
X (cm)

Executiontime comparison

0 I | I

analitical surfaces I

2R
A o ® O N

time per 1000 counts [s]

N

voxels 128x128x128 delta
voxels 256x256x128 trace N

Fig. 4. Exampleof partitioningof a voxelizedUtah phantomin low, medium
and high attenuationregionsfor efficient use of delta scatteringmethod.The
executiontime is independenbf the imageresolutionand is comparablewvith
that neededfor tracing through analytical surfacesonly. Time measurements
were carried out for a PET sourcedistributed inside the phantomand were
performedon a PentiumMMX at 266 MHz CPU running Linux.

region, while the differencedown to the local value of the
attenuatiorcoeficient is assignedo afictitious null interaction.

D. Incorporation of variancereductiontechniques

Variancereductiontechniquesanbe introducedby deriving
new versionsof the appropriatefunctional modules. Briefly
theseare:

« Samplingof the emissiondirection function of detector

acceptanceangles.

« For the caseof PET sourceswe have implementeda
techniqueof particlesplitting for the secondoranchphoton
if the first branchphotonhasbeendetected15], with a
distinct splitting factor if scattered.

« Particle splitting if the photon suffers a first scatter As
shawvn in Fig. 5 this techniqguedramaticallyincreaseghe
calculationspeedfor scatterestimates.

« Samplingonly of the Comptonscatter with modification
of the photonweight accordingly

« RestrictedComptoninteractionthat sampleghotonswith
enegies abore a userdefinedthreshold.

« Forcedescapdrom the attenuator(or colimator),coupled
with the following techniqueis often called forced detec-
tion [16], [17].

« Forcedinteractionin detector
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Fig. 5. PET scatterdistribution simulationfor a point sourcein the center
of a 20 x 20 cm water cylinder. a) analogsimulation; b) simulation using
Klein Nishinacrosssectionrestrictedat 300 KeV and particle splitting for the
first scatterevent with multiplication factor MF=32. (Time measurementwere
performedon a Sun SFARC at 500 MHz CPU, running Solaris.)

I1l. CONCLUSION AND FUTURE DEVELOPMENTS

Through a modular object oriented approacha new flex-
ible and easyto extend Monte Carlo simulator for emission
tomographyhas been developed. It incorporatesa geometry
modeling systemthat facilitates the representatiorof various
detectorconfigurationscollimators and attenuationphantoms.
The designoption of treatingthe simulationof photonhistory
through an inhomogeneousnedium as an intrinsic transport
problemratherthan a geometricalrepresentatiorproblem al-
lows for efficient tracingthroughvoxel-basedanthropomorphic
phantoms,such as Zubal phantom, by confining the high
attenuationorgansin narrov analytically definedvolumesand
applyingthe deltascatteringechnique Variousvariancereduc-
tion techniqueshave beenintroduced.

The presenfeaturesmplementedso far aremotivatedby the
needsof our currentprojects,mainly PET systemsimulations.

The geometrymodeling systemprovides an easily extensible
framewvork andin future work we intendto enlage the library
of detectorsin order to adequatelytreat the caseof SPECT
or pinhole systemsand to adapt other variance reduction
techniqueanore suitablefor theseapplications.
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