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Abstract

The successof radiation therapy dependscritically

on accuately delineatingthe target volume which is
the region of known or suspecteddiseasein a pa-
tient. Methodsthat can computea contour setdefin-
ing a target volumeon a set of patientimages will

contribute greatly to the successof radiation ther-

apy and dramatically reducethe workload of radi-

ation oncolgyists, who currently draw the target by
hand on the images using simple computerdrawing
tools. The most challenging part of this processis
to estimatewhele there is microscopicspread of dis-
ease We are developing methodsfor automatically
selectingand adaptingstandadizedregionsof tumor
spread basedon the location of lymph nodesin a
standad or refeilencecase togetherwith image reg-
istration techniques. The bestavailable image regis-
tration techniques(deformabletransformationscom-
puted using “mutual information” optimization)ap-
pear promising but will needto be supplementedby
anatomicknowled@-basednethodgo achievea clin-

ically acceptablematc.

INTRODUCTION

With the developmentof conformalradiationtherapy
in thefield of RadiationOncologyit is now possibleo
conformahigh doseof radiationto irregulartarget(tu-
mor)volumeswhile restrictingdoseto thesurrounding
sensitve structuresHowever, thesucces®f this strat-
egy dependson knowing the exact extent of the tar-
getvolumein eachpatient.Radiationoncologistshave
adopteddefinitionsfor the variouscomponent®f the
targetvolume,in orderto achieze someuniformity and
facilitate the conductof interinstitutionalclinical tri-
als!> 2 The GrossTargetVolume(GTV) is thevisible
and palpabletumor mass. Althoughit canusuallybe
seenon images(CT andMR), it is normally not easy
to automaticallyidentify with existingimageprocess-
ing techniques.To dateit is still usuallyhanddravn
by cliniciansusinga computerdrawing softwaretool.

The Clinical Target Volume (CTV) includesthe loca-
tions of microscopidocal andregional spreadwhich
usuallymeansthe GTV plusthe lymph noderegions
aroundit. Microscopicdiseaseannotcurrentlybeim-
agedby ary existing technique Eventhe nodesthem-
seles are often hard to identify in the images. The
task of delineatingthesenodalregions, which is also
usuallydoneby the clinicians,is quite time consum-
ing. Cliniciansoften electto performlessaggresasie,
non-conformingtreatment,becausehey do not have
thetime to draw the outlinesof the nodalregionsand
CTV, evenif they areconfidentof which nodegroups
arelikely to have diseasdo treat.

Imageregistrationtools, that matchdifferentkinds
of imageson the samepatient,e.g. CT to MR or PET,
have beeneffective in assistingphysiciansto decide
whatregionsto treat,but the actualcontoursstill have
to be drawn manually We hypothesizehat a refer
encemodel, with imagesand standardnode groups
(regions)predravn, canbe mappedo a patientto au-
tomatically definefor that patientthe locationsof the
nodalregions. This is amorechallengingproblemfor
imageregistration,sinceit involvesmatchingbetween
two differentinstance®f humananatomyratherthan
two imagesof the sameanatomy

The work we reportherewas conductedusing the
Prismradiationtheray planningsysteni not only to
take advantageof the drawing toolsin Prism,but also
to eventuallybe ableto testthe methodwith a series
of clinical cases,and ultimately to put it into direct
clinical useif it is successful.

NODAL REGION REFERENCE MODEL

Somet.al.* 5 undertooka studyto createanimaging-
basedclassificationfor the lymph nodesof the neck
that canbe acceptedy cliniciansandeasily usedby
radiologists. Imaginganatomiclandmarkswere cho-
sento createa consistenhodalclassificatiorsimilarto
the clinically basedclassifications Radiologistsamust
be able to identify the pertinentanatomiclandmarks



suchas,thebottomof thehyoid bone thebackedgeof
thesubmandiblargland,andthebackedgeof thester
nocleidomastoidnuscle. We chosea patientto sene
asareferencanodelfor creatingthe standardegions.
At this stagethe referencemodelis an arbitrary data
set.In the courseof thiswork, we expectto determine
criteriafor anoptimalreferencemodel.

We usedPrismto createa seriesof contouredvol-
umesrepresentinghe nodal regionson the reference
model. With the Prismvolumeeditor, we created?-D
contoursfor all the nodallevelson eachrelevantaxial
image.Hencethe nodalregionsaredefinedasa series
of 2-D contoursin the 3-D space Figure1 shavs one
of the axial imageswith contoursof the level IA, IB,
II, andV nodalregions.

IMAGE REGISTRATION ALGORITHM

Imageregistrationis a procesf finding a geometric
transformationg betweentwo setsof images,which
mapsa pointx in oneimage-basedoordinatesystem
to g(x) in the other By assumingthe anatomyhas
similar characteristichetweena specific patientand
areferencepersonwe cantransformaregionfrom the
referencémagesetto the patientimageset.

The algorithm and implementationwe employed
wasdevelopedby MattesandHaynof for registering
onepatients PET andCT imagedata. We adaptit for
registeringCT imagesof two differentpersons.

To alignthe patientimagewith thetransformedef-
erencdmage we find thesetof transformatiorparam-
etersy that maximize$ animagesimilarity function
S:

Hoptimal = argma)ﬁjs(/v‘) 1)

The algorithmusesmutualinformationto measure
the similarity (or discrepang). Mutual information
is an entropy-basedmneasurementf imagealignment
derived from probabilistic measuref imageinten-
sity values™ & ? It is calculatedby estimatingthe
mauginal andjoint probability distribution (histogram)
of theintensityvaluesof thetestandreferencemages.

The joint probability distribution of the testimage
(fr) andthe referenceimage (fr o g) is calculated
usingthe Parzenwindow densityestimation® andis
givenby:

sk = o3 k- BTk
xeV R
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wherek, [ aretheindicesof the probability distribu-
tionsof thereferenceandtestimagescorrespondingo

theintensityvalues,« is a normalizationfactorto en-
sure> " p(l, k) = 1,y isthezero-orderedplineParzen
window, andg is the cubicsplineParzenwindow. The
imageintensityvaluesarenormalizedby theminimum
intensityvalue, 3 or £2, andtheintensityrangeof the
histogrambins, Abg or Abr.

The maginal probability for the testimageis com-
putedfrom the joint probability distribution equation

),
r(lu) = Zp (1, k|w) ©))

The marginal probability for the referencamageis
independenof thetransformatiorparametersandcan
becomputedas:

W=ay a0~ BRIk g
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Thengyative of the mutualinformationbetweerthe
testandreferencamagess usedastheimagediscrep-
ang/ measurewhich canbe expressedasfunction of
the transformationparametewector . and computed
with equationg?2), (3), and(4)'°:

. o, Hlp)
2 2 vt M log o ars®

B-spline basesare usedto representan imageto
malke it a continuousfunction f(x) for betterinter
polation and samplingresults. Valuesof f(x) for
non-integer x can be interpolatedwith the samples

fz' = f(XZ'),XZ' eV byG’ 10.
= Z cif(x —x;) (6)
The expansioncoeficientsc; of the basisarecom-

puted from the f; with a recursve filtering algo-
rithm.'* The cubicB-splinewindow 8 hasarguments

+(4— 627 + 3|z|?) 0< |z| <1
Blz) =14 #(@8—12Jz|+62% —|z[°) 1< |z <2
0 2< ||

The transformatiorof a pointx = [z, y, z]7 in the
referencémagecoordinatego the testimagecoordi-
nateis definedby a3 x 3 homogeneousdtationmatrix
R, a3-elementransformatiorvectorT andadeforma-
tion termD(x|4)®:

9(X|p) = R(x = xc) = T(x = xo) + D(x|d)  (7)

wherex¢ is the centerof thereferencesolume.



. TRANSVERSE-VIEW

Del F'anl Plot |
| TRAMSYERSE-YIE'
| Local |F~:em0te
| Image Objectsl

Paos: 3.5

[Foosd
i |
=

| Win: 500.0
| Lew: 1024.0
Ruler |

Figurel: Nodalregion contoursof areferencanodel.

A rigid bodytransformatiordefinedby R andT was
first calculated andit wasusedastheinitial transfor
mationfor the deformationprocess.The deformation
termD(x|d) givesanx-, y-, andz- offsetfor eachgiven
X. The deformationparameteravere computedat a
lower resolutionby choosinga grid of initially evenly
spacecatontrolpoints,eachof whichis associateavith
a 3-elementdeformationcoeficient §, describingthe
X-, y-, and z-component®f the deformation. Hence
thetransformatiorparametewectory become$:

M= {7,9,¢,tw,ty,tz;5j} (8)

where{~, 6, ¢} aretheroll-pitch-yaw Euleranglesof
R, [te.ty, t.]7 isT, andd; isthesetof thedeformation
coeficients,j beingtheindex of the controlpoints.

EXPERIMENT AND RESULTS

The referenceimagesand testimagesare CT scans
performedat the University of WashingtonMedical
Centerusing a GeneralElectric CT scanner A say-
mentationprocesswas performedon the CT images
to remove thebedandimmobilizationdevice from the
imagesbeforethey were usedfor the imageregistra-
tion.

Figure2 shavs a CT imagefrom a testpatientim-
age set. Figure 3 shavs an image from the trans-

formedtestimagesetafter it wastransformedo the
referencespacewith thetransformatiorparameterse-
sulting from the imageregistrationprocess.Figure 4
shaws thereferencdmagecorrespondindo the same
z-planeasFigure3.

Figure2: Testimage.

Thereferencenodalregion contoursweretreatedas
setsof 3-D points.Eachpointx wasinput to the func-
tion g in Equation(7). Thenthe transformedpoints
wereusedto reconstructhecontoursin thetestimage
space.



Figure4: Referencémage.

Figure 5 shaws the transformedeferencecontours
of thelevel 1A, IB, Il, andV nodalregionson a test
patientaxial slice. The modelshown in Figure1l was
usedasthereference.

DISCUSSION AND CONCLUSION

While the alignmentof the transformedcontourson
the testimageare close enoughto suggestthe tech-
nigue haspromise the resultsdo not conformto clin-
ical criteria. The regions an oncologistwould drawv
onthetestimagewill have bordersthatcloselyfollow
prominentanatomicobjectssuchasboneand promi-
nentmuscles.

Oneproblemis thattheinitial (rigid body)transfor
mationfor thedeformatiorprocesss notsufficientfor
testimageswhoseanatomyis not closeto the refer
encemodel. Sincethis imageregistrationmethodis
non-landmarkbased,it canbe very difficult to come
up with a good transformationif the anatomyof the
testandreferencemagesdoesnot overlapin the ini-
tial transformationor is notatleastin closeproximity.

Onepotentialsolutionis to combinethe procedure

with somelandmarkmatchingto createa betterinitial
transformatiorfor the deformation.Someimagepro-
cessingoperationsvould be performedon bothrefer
enceandtestimagesto find easily identifiableland-
marksandincorporatdanto theinitial transformation.

Another approachis to provide a setof reference
modelsinsteadof just one,andchoosethe closestone
to the currentpatientimageset.

Futurework

Wewill firsttry toimprovetheresultsby incorporating
landmarkbasedinitialization to work with the defor
mationbasedon mutualinformation. We will experi-
mentwith multiple referencanodels,including clini-
cal patientdatawith differentanatomicalkcharacteris-
tics and alsothe imagedatafrom the Visible Human
Project!? We will analyzethe resultsto studythe ef-
fectsof thedifferentcharacteristics.

We plan to integrate this work with The Digital
Anatomist FoundationalModel'®* knowledge-baseo
addthe symbolicdefinitionsof the nodalregionsand
their relationshipto otheranatomy This will allow us
to studywaysto represenanatomicategionsandtheir
attributesin aknowledgebaseervironment.

This work will be integratedwith the Prisn? radi-
ationtherapy planningsystemsothatit canbe evalu-
atedin a clinical settinganda broaderevaluationcan
be performby moreclinicianson morecases.
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