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Abstract

The successof radiation therapy dependscritically
on accurately delineatingthe target volume, which is
the region of known or suspecteddiseasein a pa-
tient. Methodsthat can computea contoursetdefin-
ing a target volumeon a set of patient images will
contribute greatly to the successof radiation ther-
apy and dramatically reducethe workload of radi-
ation oncologists, who currently draw the target by
hand on the images using simplecomputerdrawing
tools. The most challengingpart of this processis
to estimatewhere there is microscopicspreadof dis-
ease. We are developingmethodsfor automatically
selectingandadaptingstandardizedregionsof tumor
spread basedon the location of lymph nodesin a
standard or referencecase, togetherwith image reg-
istration techniques. Thebestavailable image regis-
tration techniques(deformabletransformationscom-
putedusing “mutual information” optimization)ap-
pear promisingbut will needto be supplementedby
anatomicknowledge-basedmethodsto achievea clin-
ically acceptablematch.

INTRODUCTION

With the developmentof conformalradiationtherapy
in thefield of RadiationOncology, it is now possibleto
conformahighdoseof radiationto irregulartarget(tu-
mor)volumeswhile restrictingdoseto thesurrounding
sensitivestructures.However, thesuccessof thisstrat-
egy dependson knowing the exact extent of the tar-
getvolumein eachpatient.Radiationoncologistshave
adopteddefinitionsfor thevariouscomponentsof the
targetvolume,in orderto achievesomeuniformity and
facilitate the conductof interinstitutionalclinical tri-
als.

���
	
TheGrossTargetVolume(GTV) is thevisible

andpalpabletumor mass.Although it canusuallybe
seenon images(CT andMR), it is normallynot easy
to automaticallyidentify with existing imageprocess-
ing techniques.To dateit is still usuallyhanddrawn
by cliniciansusinga computerdrawing softwaretool.

TheClinical TargetVolume(CTV) includesthe loca-
tionsof microscopiclocal andregionalspread,which
usuallymeansthe GTV plus the lymph noderegions
aroundit. Microscopicdiseasecannotcurrentlybeim-
agedby any existing technique.Eventhenodesthem-
selves are often hard to identify in the images. The
taskof delineatingthesenodalregions,which is also
usuallydoneby the clinicians, is quite time consum-
ing. Cliniciansoftenelectto performlessaggressive,
non-conformingtreatment,becausethey do not have
thetime to draw theoutlinesof thenodalregionsand
CTV, evenif they areconfidentof which nodegroups
arelikely to havediseaseto treat.

Imageregistrationtools, that matchdifferentkinds
of imageson thesamepatient,e.g.CT to MR or PET,
have beeneffective in assistingphysiciansto decide
whatregionsto treat,but theactualcontoursstill have
to be drawn manually. We hypothesizethat a refer-
encemodel, with imagesand standardnodegroups
(regions)predrawn, canbemappedto a patientto au-
tomaticallydefinefor thatpatientthe locationsof the
nodalregions.This is a morechallengingproblemfor
imageregistration,sinceit involvesmatchingbetween
two differentinstancesof humananatomy, ratherthan
two imagesof thesameanatomy.

The work we reportherewasconductedusing the
Prismradiationtherapy planningsystem

�
not only to

take advantageof thedrawing tools in 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.
� ��


undertookastudyto createanimaging-
basedclassificationfor the lymph nodesof the neck
that canbe acceptedby cliniciansandeasilyusedby
radiologists. Imaginganatomiclandmarkswerecho-
sento createaconsistentnodalclassificationsimilarto
theclinically basedclassifications.Radiologistsmust
be able to identify the pertinentanatomiclandmarks



suchas,thebottomof thehyoidbone,thebackedgeof
thesubmandibulargland,andthebackedgeof thester-
nocleidomastoidmuscle.We chosea patientto serve
asa referencemodelfor creatingthestandardregions.
At this stagethe referencemodel is an arbitrarydata
set.In thecourseof thiswork, we expectto determine
criteriafor anoptimalreferencemodel.

We usedPrismto createa seriesof contouredvol-
umesrepresentingthe nodalregionson the reference
model.With thePrismvolumeeditor, we created2-D
contoursfor all thenodallevelson eachrelevantaxial
image.Hencethenodalregionsaredefinedasa series
of 2-D contoursin the3-D space.Figure1 shows one
of the axial imageswith contoursof the level IA, IB,
II, andV nodalregions.

IMAGE REGISTRATION ALGORITHM

Imageregistrationis a processof finding a geometric
transformationg betweentwo setsof images,which
mapsa point x in oneimage-basedcoordinatesystem
to g(x) in the other. By assumingthe anatomyhas
similar characteristicsbetweena specificpatientand
areferenceperson,wecantransformaregionfrom the
referenceimagesetto thepatientimageset.

The algorithm and implementationwe employed
wasdevelopedby MattesandHaynor

�
for registering

onepatient’s PETandCT imagedata.We adaptit for
registeringCT imagesof two differentpersons.

To align thepatientimagewith thetransformedref-
erenceimage,wefind thesetof transformationparam-
eters � that maximizes

�
an imagesimilarity function�

:

� optimal � argmax� ��� ��� (1)

The algorithmusesmutual informationto measure
the similarity (or discrepancy). Mutual information
is an entropy-basedmeasurementof imagealignment
derived from probabilisticmeasuresof image inten-
sity values.� �
����� It is calculatedby estimatingthe
marginalandjoint probabilitydistribution (histogram)
of theintensityvaluesof thetestandreferenceimages.

The joint probability distribution of the test image
( ��� ) and the referenceimage( ���! #" ) is calculated
usingthe Parzenwindow densityestimation

�%$
andis

givenby:
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where
+E)�'

are the indicesof the probability distribu-
tionsof thereferenceandtestimagescorrespondingto

the intensityvalues,/ is a normalizationfactorto en-
sureF & �('*),+ � �HG , 6 is thezero-orderedsplineParzen
window, and @ is thecubicsplineParzenwindow. The
imageintensityvaluesarenormalizedby theminimum
intensityvalue, � $� or � $� , andtheintensityrangeof the
histogrambins,

<D= � or
<D= � .

Themarginal probability for thetestimageis com-
putedfrom the joint probability distribution equation
(2),

& � �('�- ��� � 0�I & �('*),+.- ��� (3)

Themarginal probability for thereferenceimageis
independentof thetransformationparameters,andcan
becomputedas:
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Thenegativeof themutualinformationbetweenthe
testandreferenceimagesis usedastheimagediscrep-
ancy measure,which canbe expressedasfunction of
the transformationparametervector � andcomputed
with equations(2), (3), and(4)
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B-spline basesare usedto representan image to
make it a continuousfunction � �(; � for better inter-
polation and sampling results. Valuesof � �W; � for
non-integer

;
can be interpolatedwith the samples��X � � �W; X%� )�; XAY[Z by

�,���N$
:

� �(; � � 0
XJ\ X @ �W;]9^; X � (6)

Theexpansioncoefficients \ X of thebasisarecom-
puted from the ��X with a recursive filtering algo-
rithm.
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ThecubicB-splinewindow @ hasarguments
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The transformationof a point x �ut _O)�vB)�w:x � in the
referenceimagecoordinatesto the testimagecoordi-
nateis definedby a

i ? i homogeneousrotationmatrix
R, a3-elementtransformationvectorT andadeforma-
tion termD
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wherex z is thecenterof thereferencevolume.



Figure1: Nodalregioncontoursof a referencemodel.

A rigid bodytransformationdefinedby R andT was
first calculated,andit wasusedasthe initial transfor-
mationfor thedeformationprocess.Thedeformation
termD

�
x
- y � givesanx-, y-, andz- offsetfor eachgiven

x. The deformationparameterswere computedat a
lower resolutionby choosinga grid of initially evenly
spacedcontrolpoints,eachof whichis associatedwith
a 3-elementdeformationcoefficient

y
, describingthe

x-, y-, andz-componentsof the deformation. Hence
thetransformationparametervector � becomes

�
:

� �~} 6 )*��)U�O),�%�5)��%�3),�%�:�,yU��� (8)

where } 6 )���),�O� aretheroll-pitch-yaw Euleranglesof
R, t � � )�� � )�� � x � is T, and

y �
is thesetof thedeformation

coefficients,j beingtheindex of thecontrolpoints.

EXPERIMENT AND RESULTS
The referenceimagesand test imagesare CT scans
performedat the University of WashingtonMedical
Centerusinga GeneralElectric CT scanner. A seg-
mentationprocesswas performedon the CT images
to removethebedandimmobilizationdevice from the
imagesbeforethey wereusedfor the imageregistra-
tion.

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

formedtest imagesetafter it was transformedto the
referencespacewith thetransformationparametersre-
sulting from the imageregistrationprocess.Figure4
shows thereferenceimagecorrespondingto thesame
z-planeasFigure3.

Figure2: Testimage.

Thereferencenodalregioncontoursweretreatedas
setsof 3-D points.Eachpoint x wasinput to thefunc-
tion g in Equation(7). Then the transformedpoints
wereusedto reconstructthecontoursin thetestimage
space.



Figure3: Testimagetransformedto referencespace.

Figure4: Referenceimage.

Figure5 shows the transformedreferencecontours
of the level IA, IB, II, andV nodal regionson a test
patientaxial slice. Themodelshown in Figure1 was
usedasthereference.

DISCUSSION AND CONCLUSION

While the alignmentof the transformedcontourson
the test imageare closeenoughto suggestthe tech-
niquehaspromise,theresultsdo not conformto clin-
ical criteria. The regions an oncologistwould draw
on thetestimagewill havebordersthatcloselyfollow
prominentanatomicobjectssuchasboneandpromi-
nentmuscles.

Oneproblemis thattheinitial (rigid body)transfor-
mationfor thedeformationprocessis notsufficient for
test imageswhoseanatomyis not closeto the refer-
encemodel. Sincethis imageregistrationmethodis
non-landmarkbased,it canbe very difficult to come
up with a good transformationif the anatomyof the
testandreferenceimagesdoesnot overlapin the ini-
tial transformation,or is notat leastin closeproximity.

Onepotentialsolutionis to combinethe procedure

with somelandmarkmatchingto createa betterinitial
transformationfor thedeformation.Someimagepro-
cessingoperationswould beperformedon bothrefer-
enceand test imagesto find easily identifiableland-
marksandincorporateinto theinitial transformation.

Another approachis to provide a set of reference
modelsinsteadof just one,andchoosetheclosestone
to thecurrentpatientimageset.

Future work

Wewill first try to improvetheresultsby incorporating
landmarkbasedinitialization to work with the defor-
mationbasedon mutualinformation. We will experi-
mentwith multiple referencemodels,includingclini-
cal patientdatawith differentanatomicalcharacteris-
tics andalsothe imagedatafrom the Visible Human
Project.

�*	
We will analyzethe resultsto studytheef-

fectsof thedifferentcharacteristics.
We plan to integrate this work with The Digital

AnatomistFoundationalModel
�*�

knowledge-baseto
addthe symbolicdefinitionsof the nodalregionsand
their relationshipto otheranatomy. This will allow us
to studywaysto representanatomicalregionsandtheir
attributesin a knowledgebaseenvironment.

This work will be integratedwith the Prism
�

radi-
ation therapy planningsystemsothat it canbeevalu-
atedin a clinical settinganda broaderevaluationcan
beperformby moreclinicianson morecases.

Acknowledgements

Thanksto David HaynorandDavid Mattesfor assis-
tancein understandingandusingtheirprogramsto run
thetestcasedescribedin this paper.

References

1. InternationalCommissionon RadiationUnits and
Measurements. Prescribing,RecordingandRe-
porting PhotonBeam Therapy. Bethesda,MD,
InternationalCommissionon RadiationUnits and
Measurements,1993.Report50.

2. InternationalCommissionon RadiationUnits and
Measurements. Prescribing,RecordingandRe-
porting Photon Beam Therapy (Supplementto
ICRU Report50). Bethesda,MD, International
Commissionon Radiation Units and Measure-
ments,1999.Report62.

3. Kalet IJ, Jacky JP, Austin-SeymourMM, Hummel
SM, Sullivan KJ, UngerJM. Prism: A new ap-
proachto radiotherapy planningsoftware. Inter-
nationalJournalof RadiationOncology, Biology
andPhysics36:451–461,1996.



Figure5: Nodalregioncontourson thetestdata.

4. SomPM, Curtin HD, MancusoA. An imaging-
basedclassificationfor the cervical nodes de-
signedasanadjuntto recentclinical basednodal
classification.Arch OtolaryngolHeadNeckSurg
125:388–396,April 1999.

5. SomPM, CurtinHD, MancusoA. Imaging-based
classificationfor evaluation of neck metastatic
adenophy. AmericanJournalof Roentgenology
174,March2000.

6. MattesD, HaynorDR, VesselleH, LewellenTK,
EubankW. Nonrigid multimodality imageregis-
tration. in SonkaM, HansonKM, (eds),Proceed-
ingsof theSPIEConferenceon Medical Imaging
2001:ImageProcessing.2001.

7. StudholmeC, Hill DLG, HawkesDJ. An over-
lapinvariantentropy measureof 3dmedicalimage
alignment.PatternRecognition32:71–86,1999.

8. MaesF, Collignon A, VandermeulenD, Marchal
G,SuetensP. Multimodality imageregistrationby
maximizationof mutualinformation.IEEETrans-
actionson MedicalImaging16:187–198,1997.

9. Viola P, Wells III WM. Alignmentby maximiza-
tion of mutualinformation. InternationalJournal
of ComputerVision24:137–154,1997.

10. ThevenazP, UnserM. Splinepyramidsfor inter-
modal imageregistrationusing mutual informa-
tion. Proceedingof theSPIE3169:236–247,1997.

11. Unser M, Aldroubi A, Eden M. Fast B-spline
transformsfor continuousimage representation
and interpolation. IEEE Transactionson Pattern
Analysis and Machine Intelligence13:277–285,
March1991.

12. National Library of Medicine . Visible human
project.RFPNLM-90-114/SLC,June1990.

13. RosseC, ShapiroLG, Brinkley JF. The digi-
tal anatomistfoundationalmodel: Principlesfor
defining and structuringits conceptdomain. in
Proceedingsof theAmericalMedical Informatics
Association(AMIA) Fall Symposium.1998:820–
824.


