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ABSTRACT

Existing ~JRI/PET rt'gistratioll ruethods are tracer-dppendent and nlay nat work

weIl with the PET ernissioIl images obtained using tracers which anly accunlldate

significantly in specifie regions. or with PET iIuages of patholof!;Y which have abnormal

tracer distribution.

This thesis descrilH's aIl au tOluar.ed trélcer-ind(~peud('llt :\IRI/ PET registration

method. in which the registration of :\IR irIlages ta tracpr-independent PET transmission

inlages is perfornleu to rf'gist.pr r.he eorresponding :\IRI and PET cmission images.

Two yoxel-basecl registration lllethods - Inutual information lllcthod (MI) and yoxel

intensity ratio (VR) method. \\"pn' inlpl(,IIH'Ilted for thp registration of :\IRI/PET

transmission iillages.

The validation of t11(' two nlgistration lllethods was first perforIned on siIIlulatl'd

PET transnlission ÏIuages with ["(laI :\IR iIuages. The quantitative l'valuation of thl'se

registration results r(',"pals that t Iw MI Illethod givcs more aCCl1rate registration re

sults (mean :3-0 registratioll (Irror lflss than :2 lIlIn) t.han the VR nlethod (Inean :3-0

registration error Illon' than 2.;j lUIH): aIld the MI IllPthod is nlon~ ro bast against

noise and data truilcatioll thau rhe VR IlIPthod. 80th methods are Inore sellsitin' ta

low spatial rl'solution than tu dH' noise of the PET t.ransInissioIl Îlnages. The \"alida

tion of the l'JII Illcthod on [('al :\IRI/PET Îlnages was also carried out. and the resnlts

show no obvions misregisnation b~" \-isual inspf'ction. Tracf'r-independent :\IRI/PET

registration using the 1\111 algorithrIl is shawn tn be Cl. fpêlsible and robust method to

rcgister the ~IRI to PET iIuages. f('gardless of the tracflr nsed in the PET studies.
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RÉSUlVIÉ

Le recalage de données IR:\I aw'(' des données PET pernlet une rueilleur inter

pretation de rinfofIllêltion fOllctioIlllclle fournie par HIle acquisition PET lorsque ces

données sont utilisées ('onjointclucut an~(' des informatioIls rnorphologiques fournies

par des inlages IR.\I de haut<~ qnalité. Actuellement. les nléthodes de recalage IR).I/PET

sont traceur depéndantes et Ipur efficacit(;s \'arient selon que le traceur s'accumule

dans des régions anatoluiqups prècisps on que la distribution du tracpur est anorrnale

lorsque nous SOUlllles PH pn.'SPllCf' de données PET pathologiques.

Ce travail de thèsf' décrit UIle IIlethode de recalage tllltOIIlatique entre dOllnées IR:\!

et PET. Cette uIéthode pst tracpur indépendante pt p('rnH't le recalage de données

IR.\;I et PET émission par If' recalage préalable des données IR:\I et PET transrnission

correspondantes. Deux nH~thodes de rpcalage baséf's sur nne information de type voxel

ont été developpé pt implcruent6 durant ce travail de thèse. Ces deux méthodes sont

la uléthode cl ~information lIlutuellc (:\fI) et la lw',thodp du coéfficient cl ïntensité pn

un \roxel (VR)

Ces deux luéthodps out (;t(; \'alidp dans lIU pn'Illi('r tl'rups par l'utilisation dïmages

simulées PET de transmission pt (h' dOIlIH;(·'S IR:\[ réelles. L'analyse quantitative des

résultats de recalage lllontrp <[up la Illet.hode :\II pt-'ut douuer clps résultats de recalage

plus precis que la IIlôthode \"R. <'lTor dp recalage l'st inü;rif'ure a :2 lULU versus error

de recalage superieure Cl :2.5 IllIl!. OP plus. la method :\II est moins sensible au bruit

et à la troncation dt, dOllU{-PS. Lps dpux IIléthodt's sont plus sensihIes ù. une faible

resolution spatiale qu'au bruit d{'s iIIlaf.~/'s de transmission PET.

Dans une deuxièrIle (;t nc1e. la lll(;t.hode :\ II a été \raliclé lorsque des données réelles

IR:YI/PET sont utilisées, ('ptte 6tllcip montre que cptte IIl(~thode Il ~elltraine pas

d'erreurs explicites de recalage. base sur Hne inspection visuelle des résultats.

En conclusion. le recalag;c de donuees IR).I/PET par une ruethode traceur-indépendante

basée sur l'algorithme :\[! est. unc Iuéthode robuste de recalage~ quelque soit la nature

du traceur utilisé durant r a('qllistion PET.
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Chapter 1

Introduction

1.1 Background of Image Registration

lu the last several dccades. IIlèlny nc\\' Inedical imap;ing tf'ch!lolo~ies. sncll as cOluputcd

tornography (CT). magIlctic [Psonance (~IR). positron Plnission tomography (PET).

and single photon Pluissioll cOIIlpnted tOIIlography (SPECT) lla\'(' been introduced

into clinical use. Thesp imaf!;ill~ tpchnolog;ips ~r('atly ilnpro\"{' clinical diaguosis. treat-

lIlent planning. and therap~' {'\·aIuation. FnrtlH'rmofl'. SiIlCP the images froln these

imaging modalities can p[()\'idp ('()lllplcIlleIltar~' infonnatioll. correlating the infor-

lnation contained in diffcrent iluagps has 1>ef'l1 et widply Plllployed approach in both

research and clinical P!l\'ir011IlH'nts.

One of the applications ta ('onlbillP cOlllplementary infornlation from different

imaging modalitics is the inn'stigation of fUllctional PET iluages with the help of

anatomie .\IR or CT ilnagps [1. :2. :3. ..L :jJ. PET iruages l'an prOdUCelTl vivo quantita

tive measurenlent of varions fUIlctiollal parameters on et regional hasis in the hunlan

brain~ including local heillodynarllics. nletabolisIIl. rcceptor kinetics. and tissue pH

[6~ 7~ SJ. However. PET irna~('s sllffrr froln poor spatial resolution and a possible law

signal-ta-noise ratio (S:\R). ~ron)on'r. poor COllIlting statistics and inaclequate refiec

tion of underlying anatomical \'ariation by the distribution of the radiolabellinlit the

l
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ability of PET iIuages to yipld accnrate ilnatonlic inforIuation [1]. This nlay be duc

to the limited distribution of a tracp[. whieh only accunlulatps in specifie regiaIls~

or because the nornlai distribution is distl1rned ny the prf'Sf'llee of large pathologieai

areas. Henee. it is oft(,Il hard Tn idf'ntify the location of the functionai aeti,rity that

a PET irnage indicatps. Hi~h r('solution )'IR ÏIllages can proyide cletailed anatornic

information about the hUluan body. but otfer no funetiollal infornlation (except for

DJR images) as PET iIIlages do. Consf'ql1('ntly~ by (,oIubining )'IRI data with PET

data~ information eoneprning- physiological acti,rations coutained in PET inlages will

he more aeeurately illtPrprete'd \,oith thC' h('lp of 11nclerlying ëlnatornic structures pro

videcl by ~IRI data. Bpsidps t h(' applica tioIls in res('arch eUYirOIllnent. cOlubining

~vIRI/PET image fronl the SëllW' patiput is also 11s('f111 in the dinical environnlcnt. For

exainpie. PET ilIlages can i<1('ntify the rE'gions of high Illetabolic activity or protcin

synthesis~ which an~ arpas of possiblp cancprous tissue. .-\ccnratP localization of the

cancer will be grpatly <'Ilhau("(ld by COlTPlating Cl PET iluag;c with a )'IR irna~e frOIlI

the saIne patient.

Beeause the iInages iln·oh'pd in information correlation arp acql1ired at differpnt

tinlCS. the variations in patipllt position. and differf'ucf's in inlage spatial resolntion

and vaxel size nwke it difficuit for ('xalniucrs to visllally correlate. the iIuages aCCll

rately. Therefore. pxplicit n'gistration of the illlages froui differeut IIlodaiitips is a

necessary step for iufonnatioll illtegration.

Image registration (soniC'tiIlles called iluagc fusiou~ iluap;c luatching. or iIuage cor

relation) is the technique to hlld the g<'otuetric transfornlation \\"hich will spatially

align the two image data sets in Cl CUIlllllon spacl'..-\.Ithollgh thcre were IIlany atteInpts

ta fuse t\Vo inlages at acquisition tiule [1. 9. lOJ. lllost atteIltion has been paid to 3-D

retrospective registration. and it is aI::;o the interest of this thesiso [n retrospective

3-D registration~ one of the t\\"o data sPls is nSllally callcel the target volulne. and is

taken as the referenef' ,·oluIHe: the other Olle is called the source \"OIUIne. on which a

linear geometrie transfornlatioll (llsually containing thn'e rotation and three transla-

2
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tion paranleters) is applied tn align it with the target volaille, Once the geornetric

transformation ha~ becn found. tllP source \'OIUnle can then be re-sampIed via this

geometric transformation. The superimposition of the re-sanlplecI source volume on

the target volunie enablps tIlt' \'oxpl-to-\'oxPl comparison of the two data sets either

by visual inspection or by llsil1~ digital opprations on the t\Vo aligned data sets,

Figure 1.1 illllstrates the-' ima~f' l'f'gistration procedure êlnd a conlparison setup

of t\Vo image volullH's. In du' tirst 1'0\\' of tlH' figure. the 1eft irua~e denotes the

source image V0111lllt'. and the midd1e one is the target volullle. The right image

shows the sllperiIupositioll of the' sourcf' and the targpt image voluInes. It shonld

be uoted that the SUpf'rilllpositioIl is done in a cOInInon coordinate space. It can

be seen from the figUrE' that dup to different oriC'tltations of the head during t\Vo

separate scanuing sessions. the t\\'O \,(llumcs arc Ilot aligned in the sc.une coordinate

space. Image registration procedure is applied to t.he t\\'O iIuages ta fincI a geoIIletric

transfornlation to aligll tlH'Ill. .-\ftel' th<, rpgistratioll procedure. the source \'olume

can he re-saIuplecI by the n\gi~tration reslllt and thf' transforrned source \'olurne (left

image in bottorn ro\\') cau tlH'll \)(' slLIwriIllposcd on the targ-('t \'olurne. allowing direct

\'oxel-to-voxel comparisoll.

1.2 Key Elements in Image Registration

f

The franwwork for thf' iIllag;e rl'~istratioll IllC'tllod can \)(' \'iewed as a cOIlloination of

four key elements as follo\\'s [Il]:

• Extracting ~Iatching featurps. The matching Ecatures cousist of infonnation

extracted frorn the original iIuag-('s which is used for matching. This IIlay be

explicitly-defined corf(\sponding features snch as anatomical lancIlllarks or sur

faces identified iu each image'. .-\lternativcly. therp may be no specifie corre

sponding [eatures d('fiul'd but n'gistration 1S adüc\'cd by alignillent of SOllle

intensity-derived propf'rty of tlH' ÏInages.
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Fignre 1.1: Image registration procedure.
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• Parameter search spacp. The searching space is Cl sct of transformations which

is used to resarnple the source inlage to align it with the target inlage. Thp ex

tension of the searching spacp is deternlined by the problem itself. For example.

in 2D irnage registration. t.hpre an~ llstlall~" three parameters in the geonletric

transformation - two translations and Olle rotation: while in :30 image registra

tian of rigid bodies (as in int ra-subjpct registration). there l'an he six parameters

- t.hree translations and t hrpC' rotat ions" Th(' cOIllplexity of the searching pro

cedure is partly detprminf'd hy the nnluber of these transforrllation pararlleters.

• Sinülarity rneasureIlleut. Thl' sirllilarity rlll'ëlSUrenlcnt is the criterion used to

measure ho\\' wf'll the source inlag(' aligns with the targpt \'olunle after the

source uuage has been re-sa IIIpied hy the carrent transformations in the pa

rameter search spat'('. For l'XêlIllplp. the Sllm of absolute differences bet\\"een

corresponding VOXcl \'a1tH's from t\\"O iruages may bp taken as Ci sinlilarity nlea-

sarement. \ '-hen t he SUIn is mirlÏrnizf'ci. t 11(' t\\·o inlages are assumed to be

optimally reg-istered .

• OptinlÏzation procpd url'. SiuC"(' the' n'gistration 1S a procedure to find the best

transfornultion which l(lacis to au optirnal siluilarity IUPêlsurement on the Illatch

ing features. au optirnizatiou Illethud is a uecpssary component in this problem

dornain.

The choice for PCich e1r'IlH'llt is iruportant for a successfnl final result of the image

registration and has great impact on t h<' other elenH:-'nts. For exarnple. a nlatching

feature which l'an hc easily detect('(l by iIllage procpssing techniques nlÏght elinlÏnate

the necessity of hUluan interypution in the registration procedure..-\ good similarity

measurement defined on the matching features Inay cause [ewer local extremes in the

parameter search space. which will greatly rPlie\T' the bllrden from the optinüzation

procedure and make the n~gistratioll method Iuore robust.
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1.3 Monomodality and Multimodality Image Reg-

istration

Depending upon the ~olIrcp:-; of thf' ima~p~ pngagf'd in The n~gistratian prablpnl. there

Prist twa kinds of iIllage regjstration - nlonomarlalit~· and multimadality registratian.

~lanomodalityinlage rf'gi~traTion tacklps the rf'gistration prablem for n\"o or more

images from the saille irnage Illodalit~·. This céltpgory can be funher di"ided to intra

subject and inter-subject n~gi:-'traTion.

Intra-subject monomodality rpgistratian focusps un the sanIe patient's inlages

which are acquired at diffprf'In iiIlH'S )~. 1:3. 1-1. 15;. As an example. accurately

aligning two X-Ra~' inlagps fram thp saIllP patient acqllirpd at different times might

be llseful ta detect. locatp. and IlH'asure pathological changes in a Target organ. Inter-

subject single modality inlagp n>~istri:ltion is u:-;pful in <l.-.;spssing morphornetric \'ari-

ability o\'er large nunlber uf patif'nb )6. 17. lS]. Although both saurce and target

images are from the S<lIlIP Illudalit~-_ intPr-~llhjpct rpgistration is an interesting prab-

lem. due ta dissimilarit\- in :-:ize..; and shap(l~ of subj(ictS' brains and is the subject of

much recent research.

:\Iultimodality iIllage rp~istration i~ tIH' rpgi:..:tration uf t\\"o inlage ,-olumes [rom

different rnodalities. u:..:nally frOIn t he saIlle patient. COlnhilling anatumical and fUllc

tional images [--1 ..J. 19! froIu the' ~amp ~ubject can lpad to bettf'r interpretation of

the functional infornl<ltion. Currelating n\'o anatomie iIIlages is alsa a ,"aluable tool

in radiotherapy and radi():..:urg('r~-. Precise dose localizëltiun in radiotherapy requires

bath precise target contours. \dlÏch are lwst olltlilled froIlI ~IRI: and accurate dose

distribution calc:lliations. \\'hich arE' bettpr dpri\'pd from the tissue-density infonnation

pro\'ided by CT )0. 11. :2~~.

In the intra-subject InultiInodality registratioll prablpIll. the difficulty resicles in

the enormous dissimilarit~· [)('t\\-ppn t h(' sourcE' and thp target inlages. Similar tissue

types in the two inlages Illay t akp on ,'ery different intPllsÎty "alues. and the prablenl is
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e\'en worse when one uf the irnages records anatomie inforrnation and the other records

funetional infornlation. WhPH' rhe' lattpr rni~ht nor pro\"ide' much nseful information

on anatomie struct ure.

1.4 Objective of This Thesis

.-\lthongh existing Imaglng tP('hllulo~ies can he applied to different parts of human

body. snch as spinal conL hrain and chpst: the :\IRI and PET ilnages from the haman

brain are the major sourcps for iun'srig,Hion of brain function at the Brain Imaging

Center (BIC) of ~Iontreal \-purological Institutp r ~I~I). H(~nce. rhp focus of This thesis

is the ~IRI/PET registratiull problf'rIl as applied to :3-0 images of the hUIIléln brain.

1.4.1 Problems with Existing lVlethods of IvIRI/PET Regis-

.( tration

~Iany methods han~ bpPIl rpportf'd for :'llccf'ssfully rpgistpring :\IRI to PET emission

images [31. 2:3]. SOillP uf tlHIIll arp I!lèUllltLl ur spnlÎ-autonli-ltic nceding sonle hllman

inten"ention during tlw [flgistrarioll procpdllrp. .-\l1TO[IlatPd ~IRI/PET registration

methods make use of irnage proC('ssing tPcllnologi(ls to pxtracr corresponding ff'ature~

fronl t'wo data sets and sparch for rlH' lwst t ran~forrIlation ta Illap tlH'se feat ures in

a completely automatic \\"ay. 8uth typps of nll'th(Jd~ han' tLch'antages: howf1\+er. this

f

thesis covers the registratiou of ~IR to PET ilnage5 in an èl.lltomated fashion.

In differpnt PET stlldips. "arions tracprs are llsed to measure physiology+ For

example. [18FjfiuorodeoxyglllcosP (FDG) is widely llsed in nellrology. cardiology and

oncology to stlldy glucose [llptaholism. :\Iany PET tracers Ulea511re receptor or neu

rotransmitter kinetics. for example. ~l,'iFlfluoroOOP.-\. can hp llsed to measure the

aetivity of the dopa de('arhox~·lasp. Cl prp-~ynaptic enzyme in,"olved in the synthesis

of the neurotransmitter dopamine.

The existing automatic: :\[RI/PET registration methods only \York "'eIl ,,-ith :\IRI

-
1



-(
to sorne PET images acquirpd IlS1Ug" tracers sllch as FOG and HY50 which sllffuse

the entire brain parellchyma. Imt not to thosp. obtainpd by enzyme tracers snch as

rereptor ligands which often pro\"idp liruitf'd anatonlÎcal dctail in the en1Ïssion irnages.

In other words. pxisting mpthods af(~ tracpr-deppndflnt. Furthermore. for tracers

which do accunlulate throll~hout the brain in cerebral hlood flo\\" or metabolism

studies. registration techniques based on assuruptions of lluifornl tracer distribution

can often fail with PET iruages cOlltaining large regions of abnormal accumulations

snch as in stroke or tUIIlor stlldips. Figure 1.2 shows a PET f'mission image acquired

using [l8FJfiuoroD()P.-\. which <!(}E'S not coutain ad('quate anatonüc information for

registration purposes.

1.4.2 Tracer-Independent NIRI/PET Registration

f

.-\ PET transnlÎssion (tPET) iIllag('. llsllally acqllin~d ilurucdiately hefore the PET

emission (ePET) stndy. is similar to an X-ray CT scan of tissue density but acquired

with 511 ke\· ganlIua rays instf'ad of the llsual SO-HJO ke\· X-rays. It carries the in-

formation necessary to corr(lct for gaIllIlla-ray attPIluatioIl in the tissue which occurs

during the subsecllwIlt ePET stlldy. Althongh the tPET irnagc lacks the fille detail

of X-ray CT inlaging. it can still idC'ntify some anatomie strnctures. such as petrous

bones. sinus cêl\'ities and skull. This anatomie information is sufficient to register

the tPET image with :\IRI data, I3('cause the tPET and t'PET inlages are acquired

in sequence while the patient is iIllIIlobilized in the PET scanner by il custornized

foam head-holeler. Wf' aSSUIIH' tbat the tPET and cPET iIIlages are spatially aligned.

Furthermore. thf' post-injection tPET scan technique (2-1] and the siIllultaneous trans

mission and enlissiun scan techuique [:25. 26] in PET greatly reducl' or e\"(~n elirninate

the time span between transluission and enlission scans. thereby the likelihood of

patient motion clllring scans. This fllrther eusures exact spatial alignnient bct\\"een

tPET and ePET data. In a clinical CUyirOnluent. to prp\·ent fronl possible misregis

tration between tPET and ('PET due tu the patieut mon~nlent in a long time PET

8
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Figure 1.2: A transverse slice of a typical [IHF)fllloroDOPA PET image acquired from Siemens

ECAT HR+ scanner (F\VHM = 8 mm. ,·oxel size = 2 x 2 x 2.-1 mm3 \Vith 63 slices. The slice shows

the dopamine distribution in the normal corpus striatum).
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scan. several transrnission scans can he made along the cPET scan. [n this way. a

tPET scan will be nsed for registration of cPET scans ruade around the tinle when

the specifie tPET scan was ruade. which can aIso cnsure the registration of tPET and

cPET images of the sanIe patient.

From the registration of ~IRI/tPET lInagcs. the :\IRI and ePET inlage can be

indirectly registerccl. Sinct~ tPET images carry the saIne information regardless of

the kind of PET tracer stlldy. :\IRI/tPET n~gistration allows the registration of :\IRI

to ePET image in a tracer-independent \Vay. Se\"eraI research groups have tried

ta use tPET to rf'gister :\IRI to ('PET iIuages [-1. 77): however. their rnethods are

either manual or senlÎ-alltomatic. in which hunlan intervC'ntion is necessary to identify

matching featllres. In this thesis an autoruated registratioll methad which rnatclles

:\·fR/ePET image through :\IR/tPET inlagt' registration is investigated.

In summary. the objective of this thesis is ta find an accarate and robust nlethod

which will register :\IRI ta tPET images: and thcreby accomplishing :\IRI/cPET

image registration alltornatically.

Due to the linlitations of tPET iIIlagps and characteristics of rnultimodality inlage

registration. it is also desirabl(' that the :\IRI/tPET rC'gistration he stable when:

• the tPET iluage is at lo\\" spatial n'solution:

• the tPET inlage has ID\\" signal-ta-noise ratio (S:\"R):

• the :\,IRI and tPET data do Ilot ('o\"pr pxactly the sanle volume of brain.

1.5 Structure of This Thesis

In this thesis. chaptcr :2 bricfiy dcscribes the basic principles of positron ernission

tonlography and the relationship between tPET and ePET irnages. Chapter 3 gives a

review of existing nlultimodality iruage registration Iuethods. In chapter .1. the rneth

ods for :NIRI/tPET ilnage registration llscd in this thesis and sorne inlplenlentation

10
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details of the algorithrlls arp dpscrilH'd. \ "alidation methods on the registration algo

rithms are also prpsPIlted in this dIapter. Chapter 5 prespnts the experirnents and

results of ~TRI/sinnI1ated-tPETiluage and ),IRI/real-tPET image registration. Sev

eral implementation details an~ l'xplorcd first in this chapter: and then experiments

are carried ont on sirllulated tPET ilnages p;eneratpd hy setting scanning parameters

close ta those llsed in dinical stlldies: Hnally the robustness of the Inethod to various

resolutions. S~R. and data trllIlcatioIl is pxplored. Discussion of the experimental

results and a corllparison of t\\"o n\~istration rIlf'thocb; are also given in this chapter.

The last chapter draws conclusions froIIl the pxperimental results: and possible fnture

work is praposed to PHd this thC'sis.

Il
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. Chapter 2

Positron Emission Tomography

Positron emission tOluography is a technique used to study the distribution of sub

stances labeled by positron pntittillg radioisotopcs within a three-diInensional object.

The radioisotopes arl' first inj('{'ted or iuhaled into the' body. and by making use

of measurelnents of radiation from thl'sC isotopes. an intensity irnage can be recOll

structed [rom the r('cordee! radiation data. The intcnsity of voxels can be regarded

as the representation of the isotopp ('OIH'cntratioIl.

:\Iany comprehensi\'e paI>prs ar<' j:t\'ailable gi\'ing dptailed infonnation about the

positron emission tonlography tc'clinique [27. 28J. In this chapter. ouly the basic

principles of PET and thp characteristics of PET iluagl'S are briefiy described.

2.1 Positron Emission and Detection of Emission

Positrons are positi\'ely ('har~p(l plpetrons. The nucleus of sorne radioisotopes~ which

have an excessive llumber of protons. can ('mit the positrons to stablize the nucleus

by removing the positin' c!largc'..-\lthongh proton-rich radioisotopes can reduce ex

cessive positive charge in the nuclens by unother way in which the nucleus captures

an orbital electron and nC:'utralizes the positive charge. aIl radioisotopes usee! in the

PET technique decay by positron emission.

12
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After traveling a short distance (the distance depends OD the energy of the positron.

i.e. for F-18 the ma..ximuIIl range of the distance ~ :2.6 mIn) . a positron emitted from a

decaying nucleus will collidc with a surrouIldin~ electroD. The annihilation caused by

the collision \vill CODvert tlH' masses of bot 11 positron and electron iuto plectromagnetic

radiation. In arder to conserve thfl pnerg;y and linear rnonlPntum. the electromagnetic

radiation takes the fOrIn of two ?j Il h'\" ganlllia-ray photons at 1800 ± ~ 0 apart from

each other. The two photons arp ofteIl callcel coinculent FaJlS. Easily penetrating

the hunlan body" the coincident g-aIIlrlla-ray photons are then recorded by external

detectors. Because the t\\"o annihilation photons are PIIlittecl at 1800 to each other

and they are crcateel at r he saIlle tiule. the uear-simultaneous detection of the two

photons by a pair of c1C'tpctors plaCf~d opposite to Pëlch other can determine the 10

calization of the enlission to he liluited to the line joining the two detectors. If onlv

one of the photons is detectpri. the' annihilation illust han' originated from the region

olltside the \'Olnnle betwpen the detpctor pair or the other ray Wi:L~ lost by scattering

or absorption in the scanncd objpct. III this case. the detpcted evcnt will be rejected.

Figure 2.1 is a scheluatic diagraIll of coincident ray dptectioIl. T\\"o detectors are

placed on the opposite sidps of tlu' ubject. The n~gion (OftPIl callee! sensitive volurne)

ellcased by the detcctor and t hl' t\n> dashf'd lines is an arCë! in which truc coincidence

event can be detpctpd. In t Il<' diagrarn. it can b<:' SPPIl that another coincident e\'ent

that happenecl outside of thl' s<'nsirin' voluIlle is n~ject('(l by the detectors since only

one gamma-ray photon is e!pu'ct('(l.

The detection of the annihilation coincidence is in oue dilnension only. To obtain

a three dimensional iluage. it is IH'cessary to get the' measurernents fronl different

directions. This procedure is in psscucc siIllilar to other tomography techniques. snch

as computed tomography (CT). Ouce enough llleasurements have been obtained. the

data can be reconstructed iuto a t\\'o-dimensional tomographic image [29. 301.
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Fi,gllfl' 2.1: Detection of positron l'mission.

2.2 PET Transmission Image

.-\S the annihilation photon ppnetratps 111lluan body. it may lose sorne of its energy or

cven he absorbed. This attC'ullation of photons is OUf' of the rnajor SOlHCPS of inac

curacy of PET ÏIllage. TIH' pmissions that OlTl1rrpd in the center of the hlllnan body

\\"ill be attenuated mon' than thp Ol1PS npar the ~llrfac(' of the> body due to the longer

distance bet\yeen t11(> eruissioll and r1H' dptpctor. \\ïthollt attpnuation correction. the

measurement of annihilatioll photons can not tr1l1y repn'sPllt t he' concentrations of

isotopes in the body. The attpnllation uf radiation after photons pass rhrough an

object can be represented as:

/ = /OC-IU (2.1 )

where /0 and / are t.he uriginalnuluber of photons and the nUlllber of photons left after

passing throngh th(l objpct [('SI)flctively: .1' is the distance of the radiation trm"eling

\\Oithin the attenuation objpct; and Il is the attenuation coefficient of the object.

One way ta measure t1lP attpullation correction is to ~pnerate a PET transmission

image. In arder ta get thC' attpnuation factor for the subject. two additional scans are

1-1
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{
Figure 2.2: The G(lOU1Ptry of cPET and tPET Scans

needed before the enlission scan. \\ïth Cl ring positron eluitter p1aced in the field of

view (FO\") of the scanncr. t he ~('anner tirst dof's a hlank scan of the ernitter source

without the subject in the FO\· b('fo1"(l it scans dl(' snbjpct of interest (transnlÎssion

scan).

For every line-of-n1sponsp bpt\\'PPIl t,,·o PET detectors i and j. LO Ri). the blank

scan data and tranSIIlission scan data llleasure 10 and 1 r(lsppcti\"{~ly in Eqnation 2.1.

The ratio of the two data sets Gln t1H10 bp llsecl to COInputp the attenuation correction

for the corresponding LORI] from the ePET seau. The log of this ratio (Il in Equation

2.1) l'an be reconstructed to pro,·ide an iIllage of the attenuation coefficients of the

cross section in a fashion analogons ta the reconstruction of the ePET image. This

irnage is called the PET translllission image (tPET). Figure 2.2 shows the geornetry

of ePET and tPET sCélnning.

In principle~ the fornlation of Cl t.PET iIllage is the sarne as that of an X-ray CT

image. :\lthough the actua1 iInage qnality of the tPET image is much \\"orse than

CT image. it l'an still dplineate SOIlle of the ilnportant anatomical structures snch as

15
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(a) PET Emission Dœage (b) PET Transmission Lmage

{

(
"

(c) Superimposition of Emission and Transmission nœ&ges

Figure 2.:3: PET emission and transmission images

bone. Figure 2.3 :-;ho,\·s sagittal slices [rorll a pPET image and frorn a corresponding

tPET iIllage. These PET irnages are obtained [rOIn ct Sipmens E(,AT HR+ ~("anner

(F\YH~[ = S mm. \"()xel size = :2 x :2 x :2.-1 IllInJ with 63 sUces) in a Hj5 0 tracer study.
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2.3 Characteristics of the PET Image

2.3.1 Spatial Resolution of the PET Image

Ideally. the spatial resolution of a PET image is deternüned by the detector \\"idth of

the PET scanner. In reality. there are two more factors \\'hich will reduce the accuracy

of positron enlission localization detected by the scanner. and thereby lowering the

spatial resolution of the final ilnage [:28]:

• ~ot all annihilation photons are emitted at exactly 180::: (i.p. 180e == r) due to

the residual nlOlllentum of thl' pmitted positron:

• The positron tra"els ~OIlW distance (i.t'. for F-18 the mêL"Gmum range of the

distance ~ 2.6 rnm) fronl the site of the PIIlitting nucleus before annihilating

with an electron. This distance dt'pends on the ener~- of t he positron .

:\Ioreo\·er. if there is patient motion during scan. it apparently will cause resolution

10ss (i.e. blurring) in the final image. There are three aspects of effort to rt'medy this

problem:

• a comfortable scanning setting to allU\y the patient to be at case during scanning:

• a short scan tiule:

• a well-designed restraint ~y~tem.

2.3.2 Noise

(

In the section 2.1. an ideal detection of positron enlission was described. Howe,-er. in

reality~ there are two kinds of spurious {,"l'nts which can be mistakenly accepted as

coincidence rays (shown in Figure 2.1) - ~catter coincidence and random coincidence.

Because of the interaction witb sllrrounding tissues. the annihilation photons can

scat ter from their original direction. In Figure 2.1. a coincident e\"ent that happened

li



(
outside the sensitivp \"oIUnlp. is dfltpcted sinllIltaneouslv b\' the two detectors due to

scatter.

The random coincidf'nt f'vpnt accf'ptf'd by th(~ dptf'ctors is actually two photons

from different emissions which happf'n to rPélch the two dptf'ctors at aIrnnst the same

time. Due to the speed linütations of the detf'ctor itself and the finite speed of gamma

rars~ the detectors cannot distill~llish the randonl f'w~nt from the tnlP. coincident

event.

80th scattpr and randorn ('vpnts will cause artifacts in the final PET iIIlage" To

gether with other Iloisf' sonrcf'S (i.f'. dptpction efficif'ncy) which will not he discussed

in detail here. the artifacts conrained in the data ;")('t nlake PET images han" lower

signal to noise ratio (S:\"R) t han the ~[R iluages.

(
2.4 Summary

(

From the abo\"p spctions. it can lw ~(,f'n that d ne to thp physics of the ernission process

and the physic:al :-;izf' of t 11(' df'tf'ctnrs. both ('PET and tPET images haye \'f'ry poor

spatial resolution. \\ïth :-iuch alow spatial n'solution. tl1(' partial \"olurne effect 1 is aIso

a problem a'5sociated \\"ith PET imagps. \\"hPH conlparfld with ~[RI and CT irnages.

PET images Ils11ally han' luwpr S.\R. dur' tu lu\\" cOllnt.in~ ratps. scattf'r coincidences.

and accidentaI coincidpncps.

Despite the abon~ liluitations. PET iluage can pro\·ide lTl Inl:o measurelnf~nt of

a wide \'ariety of funC'tional paraIIleters in hunlan brain. These func:tional illea."iUre

illents can greatly impro\'p thl" Ilnderstanding of hunlan brain func:tion and provide

an effective way ta detect tlH' abnornlal fllllction of tiSS1WS"

l Refers ta the ca-;e of il data f>1pmf'nt (pixP! or voxel) contajnin~ more than une tissue type.
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Chapter 3

Review of Multimodality Image

Registration Techniques

In this chapter. a revif'w of multirnodality inlap;e registration techniques is presentecl.

The goal is nat ta caver aIl of tlw pxisting inlage registration methocls. but ta focns on

the methods for three dirnensional rIlultinlodality rnedical irnage registration problern.

~,Iany methods hayp bpf'll proposed ta df-'al with the meclical inlagc registration

problem (sec [23. 31. :3:2] for an pxtPIlsin' literat urp rp,·ipw). Since the [oeus of this

thesis is the intra-subjcct reg;istratioll of ~IRI/PET iruagcs. this re\'ic,\" is lirnited to

3-D linear registration nlcthods. wbcrc a global l lincar :! transformation is nsed to

re-sample the source \"OlllnlC to align it \Vith the target ,"oiurne.

In Chaptcr 1. the four key plenlents in the framcwork of an image registration

rnethod were described. Four cat('~ori('s of rnethods will bp discussecl in this chapter

as follows:

• Point-Iandmark-baspd methods.

l A transformation is called global when Cl change in aay one of the matching parameters influences

the transformation of the image ~ a "·llOle. [31]

2In this thesis, we definc the linear transformation éUi Cl transformation only including translation.

rotation and isotropie scalc.
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• Surface-based Iuethods.

• Principle é.Lxis transfornuttioll rnethod.

• Voxel-based Illf'thods.

Although the optirnizatioll Iucthods \yill not he c(}n~red in this review. it should be

nated that this eleIIlent is ilnportant to thp accllracy and robustness of the registratioll

methods. Two registratioIl ruethods llsing the seune rnatching featares but different

optinlization methocls ulay yipld \'pry ditfprent rpsIllts. :\.lso. et better optinlÏzation

method may allaw a rnore accllratp n~~istratioll n_'sult with faster convergence speed.

3.1 Point-Iandmark-based Multimodality Registra

tion Methods

(

Paint-landnlark-baspd IlH'thods llSP sIllall sets of hOIllOlogous point landmark pairs

[rom bath the source and tIH' targ;et imap;es as tlœ matching Eeatures, The points ta

be matched are obtainpd froui Plther pxtprnal fiducial markers or intrinsic anatomical

landmarks in the irlla~es t IH'UISd\'('s.

3.1.1 Extrinsic Landmarks

The points ta he nlé.ltched cau }l(' obtaincd fronl pxternal fiducial markers, These

markers are attached pither to thp head of the patient directly [3:3. 3..1. 35. :36] or to

a structured fiducial fraIne fixcd to the patienfs head [:37. :38. :39. -l0. -11. -l2~ -13].

Ideally~ the fiducial nlakers ShOllld meet the following requirements ta generate the

appropriate landIuarks for the registratioll:

1. The markers shauld appcar in bath IIlodalities (i.e. ~[RI and PET): and the im

age of the markers in bath Illodalities shauld have high contrast when compared

\vith surraunding strnctnres for ('ase' of identification.
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2. The locations of thE' rnarkf'rs cau bp accl1rately identified. The accuracy of their

localization slIould not 1)(' ",orse than the spatial n'solution of the inla~es frorn

each modali ty.

3. The nlarkers should IH' comfortahle for the patient to wear and easily attached

to or detached from tlH~ patient.

4. The rnarkers shonld not cause artifacts (p..g.. Iuagnetic susccptibility or chelll

ical shift in :\IRI) in both iInag;c modalities. Otherwise they will dptf'rioratp

the quality of tl1(' irnagp. and furtIH'rnlOrp. affect tlH' following processing and

Clnalysis.

The ficlueial rnarkers might not satisfy aIl of tllf'SP n~qnireInents ln practicf'. For

cxaIuple~ the locations of tlu' markers in a sterpotactic fra.Ine fiducial rnarker system

can be identified accllratply from !>oth images. but it is Ilncolnfortable for the patient

ta wear and Iuight cause' artifacts in th{' .\IR. iluages. On the other hand. markers

attached to the skin of the IH'ad kts thp patieut fpel Inore cOInfortablc cl uring the

scanning. HowP\·er. tlH'n~ is Cl p(Jssihilit~· of skin IllO\'enlPnt bct\n~en or during irnage

acquisitions. and t}1(' fidllcial markprs Illi~ht not }H' fixpd stpadily relativp tn the

subject. Therefore. this kind uf marker systelIl is mostly Ilsed in dH' case where one

of the inlage rl:lodalities prod uCPS Cl Im\"{'r [('solution iIIlage than the other one does.

sneh as in ~IRI/PET regisr.ration.

3.1.2 Intrinsic Landmarks

{

.-\.nother way ta obtain corn'sponciing laudruark pairs is to idcntify the pquiyalent

points in the t\Yo irllages base'ci on anatolnical strllct ures [5. -1 ..1. -l5~ -1G]. :\ user.

who has enough radiological knowlt'dge of the élnatorny of structures in both modali

ties, can use a display and na\'igatp software to search for corrcsponding tag (either

intrinsic or extrinsic) points on huth the source and the target irnagcs. After the cor

responding points are identified fr0111 the t\Va iInagcs rpspectively. the co-registration
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transformation can he obtained by mlnlllllzlng sonle distance Hornl between these

point landmarks.

A \videly used distance norm in point-Ialldnlark-based registration methods is the

least square fit [49J [51J:
X

/:;r/! = l: Il (Jl - T * Pl Il:!
1=1

(3.1 )

{

\vhere Pi and Qi (i = l. ...V) an) thp the Sf't of landnlark pairs for the source and the

target volumes resppcti\·cly. and t.llP :3-0 transfornlation applied ta the source volume

is rl'presented by T. Il . Il is the notation for IlOrIn of \T'ctor. \Vhen the geometric

transformation minirnizps the /'-;(/' tprnl. the transforrnation is taken as the solution

for the registratioll of the t\\"o data sets.

Cnlike the other registration methods discnssed belo\\". the optilnization proce

dures in landmark-based registration methods are not iterative. The direct solution

from linear algebra nlakes the optinlÎzation very pfficient. The Procrustes algorithnl

[4ï. 48J was used by Enuls et al. [51 to rninirnize the least square nleasurement.

Since the locations of landmark points are deterInined by the user. the accuracy of

the points~ location deppnds on the expertise of the lIser. the type of data (i.e. )'[RI.

PET) and image qllality (i.('. ('ontrast and spatial resolution). Thereforc. Cl friendly

user-interface for the labelliug operation is a k('y cOlnpouent for the success of this

method.

~Ioreover. two factors affect:-; tll(' accuracy of th{' intrinsic landnlCuk registration

approach:

• hornology error. l.e. uIlcertaint:,-' in idf'lltifying the equivalcllt landmarks from

the two images:

• the number of lalldrnark points used in the rpgistration.

:\eelin et. al. used point simulations to inyestigate the cffect of these t""O factors

on the intrinsic landrnark fC"gistratioIl method [fïJ. Figure 3.1 (fronl [ff]) shows their

resuIt. A constant honlology error Œh = 5TTL'Tl1. \Vas injectcd into the sinlulation. The
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Registration and homology errors at test points
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Figure 3.1: Re~istration and HOIIlOlu~y Errur in [ntrinsic Landrnark Re~istration )'Iethod.

{

registration errors faIl rapidly with _V (the' nUIllbe[ of points used in the registration)

when .v < 5. But when .V is b<'t\\"('pn 8 and 10. the rC'gistratioIl ('rror is proportional

to (TItiR. Siluilar cun"ps wpn' obs('[\"('<1 from their experiment. for injectcd nOlse

levels of 2~ 10. and 15. with the' ('rror scalinJ.; linearly with noise le\"('1.

3.1.3 Discussion

Once the point landmark pairs an' idpntitied. t.IH' point-landnlark-based registration

nlethods have the advant<l1!;p of compntational dficiency. The direct solution of the

optinlÏzation increases the robustrH'ss of this Iuethocl o\·er the iterati\'c approaches.

However. the extrinsic landlnark Iuethod complieates the ilnage acquisition process

and makes retrospectiyp aualysis impossible. Placing the external fiducial nlélrkers

on patient's head is illCOll\"('nient for the patient and Illay Le expensi,"c as weIl. Fur

therrnore, if the nlarkers arp attached to the skiu. landluark location rnay not he

accurate since skin 1l10\"PIIleut \\"ill he in('\"itableo The intriusic landlnark Iucthod re-

(

lieves the patient [rom any C'xtPfnal attachluents: and it ('nables the retrospective

registration since no presean pn)('pciur<' is rpquifeci. But the accuracy and robustness

of this method depends hea,oily ou the expertise of the user. This Iuethod is also time
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cansuming due ta difficulty in identification of la\\" contrast anatomie structures. espe

cially in anatonlÏcaljfunctional irnage re~istration. such as :\IRI/PET or :\IRljSPECT

registration. \Vith respect to hunlan interaction dllring the registration procedure.

extracting the coordinates of pxternal ticiuciais is Ils11ally straightforward and can be

automated: the intrinsic point-landmark-based registration nlethods require mailual

interaction to identify the landIllark points.

3.2 Surface-based Multimodality Registration Method

In arder to overCOlue the difficnlty of idflIltifying ë:lnatonlÏc structures in low contrast

nledical inlages. IIlaUY rf'SeardH'rs han' proposed to use corresponding surfaces fronl

the images as Illatching fpatnres to fnltill the registration [..1. 52. 53. 54]. In Inast

Inedical image illodalities. continuous snrfaces are IIlore easily labelled than specifie

point landmarks. For <,xalnple. t IH' contrast bet\\"pen air and tissue is high in :\IRI

and CT. which rnakes it Pë:lSY to ('xtract as bOllndary or surface feature fram original

images.

One of the pop1l1ar snrfac('-bas<'d rpgistration [11<,tho<1s is referrerI to as the head

and hat algarithIIl [-l!. The snrfacp ohtaÎlll'd from dU' first image. \\"hich is usually at

higher resolutioll. is repn'sPIltpd b\" a spt of 2-D contours pxtracted froIlI the slices of

the tOIIlographic iluagp. For iustancp. the' pxtprnal sllrfacp of tissues in :\IRI or CT

images is easily ou tlincd: tlle'se coutours fonn the head Illodel. The corresponding

surface fronl the second iIllagp is usuall~' representC'd hy series independent points~

and is referred ta tll(' hal. .-\fu'r the !lcati and !lat are acqllireci. the hal surface is

transformed to fit the fLead surface. Tht' registratioll n'snlt is tinally obtained when

the hat surface nlost dosely tits outo thp head surfacC'. Csually. the Illeasure of fit

between t'\Va surfaces is defiuf'ci as the square of the distancp bet\\"pen Cl point from the

hat and the nearest point on tl1(' fLeuri surface in tilt' direction of the hea(fs ('Putroid.

HoweveL this nleasure of fit has il probleIll that the point on the head surface. \\"hich
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is nearest to a point on the hat. rllight nnt be in the direction of the heacfs cpntroid.

The author c1airned the llH',UI rpg-istration ('rror of .\IRI/PET registration is below

2.5 mm. Se\reral resf'arch groups irnpron~d the fit rneasurcrnent by applying distance

transforms ta nnagps. which caIl })(' [H'rforrncd cfficiently bv the chanlfer method

[55. 56~ 5ïl.
In sorne cases. it is difficult to id('ntify thp f'qlli\'alent high contrast surfaces fram

the t\Vo images ta be [('gistf'red. For <,xanlple. the inner surface of the skull is distinct

in CT images whilc it is not vcry clpar in .\IR irnages. Hill and Ha\"kes [.58] pro

posed using adjacent anatarnical structures instcad of pxactly equivalent structures

as matching features. In tl1e'ir lIletllod to [l'gistpr .\IR and CT irnages. the inner

surface of the skull frorn t hl' CT iInage and the Gutpr surface of the brain frorIl the

.\'IR image are tirst f'xtracted frorn the original irIiag;es. Although the two surfaces are

not exactly eqllivalent to Pêlch otl1er clup to the prflspncp of membranes. blood \·essels.

etc.. between theIn. knowlc'df.!;c' about th(' relationship between the t\va surfaces (Le.

containment relation) cau still hdp tu dpfinc a fit rneaSllrernent benw'en the t,,·o snr

faces. \\"llÎch can leacl to an optilual gpolllerric transformation to align the t,,"O image

\·olunles.

Sllrface-based Il1(,thods tak(, Cl furt!ler step towards automa.tin~ the Illedical image

registration pracedllrp. Since nUIlH'rollS f'dge and bOlludary detection methods already

exisL the extraction of a surfacE' fronl the :3-0 \"()l liUH' ('an be alltarnatecl. hence

relieving the burden of detecting f'qlli\ë:1LPnt anatonlic structure fronl users. However.

the existing eclge and boundary dl,tpction methods are far frOIlI accurate and robust

on real meclical inlages. TIH're[orp. soIIle USE'r interaction is uSllally still needed ta

accurately extract the surfaces froIll the inlages.
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3.3 Principle Axis Transformatioll

{

The principle ëL'(is transfonnation (PAT) Illcthod introdllced by .-\.lpert et al. [lgI is an

analytic approach ba~ed on the classical theory of ri~id bodies [50j. A rigid body l'an

be uniquely localized Gy the position of its l'pnter of nlass and the principle a..xes :1 with

origin placed at the center of mass. Rigid boclies cau he constructed by extracting an

equivalent surface from pach imagp and taking the sllrface-endosed \"OIUIUe as a 3-D

abject of llniforrn dcnsity. Once' the rigid bodies ha\"e bef'Il defined from the inlages.

the center of ma~s and priuciplp axps cau bp obtaiued for eëlch abject. lu the PAT

Iuethod. one rigid body is tirst translate,cl to rnake the t\\'O bodies' cpntprs of masses

coincident. then the nec(-'ssary rotational uperations are applied ta align the two rigid

bodies~ thereby r('~isterin~ t hl' two imag;ps. This approach. as the éluthor claimed

[19]. l'an accoIllplish \\"ith typical prrors in thp rauge of around lIIlIIl.

The principle axis transformation has thp advèlntage of an analytic solution. It

a\'oids the hea\'Y COInplltatioIl and loca.l-IIliuilua prohleIll associatcd with the iterati\'e

registration techniquC's. Hm\'('\'PL this IIlPtllod is sPIlsitin' ta truncation of one or bath

of the inlage volurnes [23}. \\'hic:h .\·idds noncqlli\'cl1ent objpcts and different Illornents

of inertia for the t\\'o iluagps.

3.4 Voxel-based Multimodality Registration Meth

ods

The point-Iandmark-based. tll(' sllrface-bascd. and the PAT rep;istration Illethods

achieve their goals by matching- correspondent features pxtracted fronl the original

Images. Due ta the' faet that él('('urately id('ntif~'ing C'orresponding f('atures is not easy

and is sensitive to noise and data trllncatÎon. thesp Illethods reqnire sonle user inter

vention dllring the rcgistration procf'durc. Fllrth<:>rnlore. in SOIlle cases. if the contrast

:lOrthogonal axes about \\'hich the moments of inertia are minimized.
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is low between the feature of intprpst and surrounding tissue. it is e\"en clifficult for an

operator ta visuaUy deteet the corrpsponding features frorn both ima~es. Voxel-basecl

registration methods. which arp baspd on the nunlerical comparison of aU or a large

number of \'oxels from thp twc> ima~f's. nsuaUy do not r('([nire an accurate feature

extraction step,

The assumption 1I1 \'oxel-baspd merhods is that a nurnerical operation between

pach carresponding "oxe! pair ,,"il! pro,"ide a :;iluilarity measure. which is optimal

when the two ilnagps are correctly registered. Therf'fore the :-ïimilarity rneasure-

ment is the most illlportant P1{'nH~nt in the "oxel-based Iuethods: in contrast. the

accuracy in identifying corresponding feéltnrps largely deterInines the Sllccess of the

point-Iandmark- based and surfacp-baspd registration rnethods.

Three sinülarity IlleêL-;llrPlllPnts proposed for IIlultirllodality rnedical image regis-

tration will be discnssed in rhe follo"'ing spctions: cross-correlation. \"êlfiance of voxel

intensity ratio. and Illutual inforIllation,

3.4.1 Feature Space Histogram

{

The feature spacf' histogram. sOIllPtimc:-; called Cl scattpr plot. is a very Ilseful tool for

cxanlining the etfects of Iuisn'gistratioll. Sincr' ruost ,'oxPl-lmsed Inethods re\"iewed

in this chapter are dircctl~· or illdireetl~' related ta r he analy~is of the [cature space

histogram. a brief description of t hr' histograIll and its charactcristics is given here

first.

The feature space histograIIl is in principlc Ci 20 histogralll (h(.r. y)) of spatially

aligned yaxe1 illtensit~· péurs froIll the suurce and the target YOIUnles respecti,"ely.

The \"ariables of .r and .lJ are tlw intensity \"allleS of "oxe1s frolll the source and the

target image '"OIUnles ha"ing the saIlle spatial caordinatcs. The \"alue of h(x. .'J) is the

number of the \"oxPl pairs. snch that. tlw intensity "êtIue of the "oxel from the sonrce

,"olume is x. and the intensity ,"aluc of the aligned "oxe1 froIn the target yolurne equals

ta .lJ. Equation 3.2 illnstrates riH' structure of the [eature space histogram:



(3.2)

(

where Ps . Pt are the coonlinatps of the \'oxpls fronl source and target \"olumes rpspec

ti\"ely. and I( P) represents trH' intf'llsit\' of the \"oxel at P.

The shape of the fpature hi~to~rarn has a duse relationship to the image misregis

tration. To cxplain this relationship. a [pat ure space histo~ram sequence of [(~gistered

and misregistered inlagcs \\ëlS ~erH'rated (shown in Figure 3,2). For simplicity. a Tl

:\IR inlage was chosen [or tJoth ~()llrCe and targ('t volllnH~s. In the original setting.

the source and target \'()IUIIH'S \1;P[f' :'trietl~' aligned because they are identical. Sinee

tbe two images are pxacth' rhe sawe. thp [pature :ipace histogram (Figure 3.2 (a)) is

a straight diagonal Une \\'IWIl t lw t\t:o inlagps are rp~istPrpd. In Figure 3.2 (b). (C)

and (d). the SOllrCf~ inlagf' i~ ~hiftf'd by :3 nlIIL :j Hun. and 10 mm [rom its original

position along the l dirf'ctiun rpsppctiw'ly: in (e). (fi. and (g). the source ïrnage is

rotated around the l din~cti{)n for :3~ . .j':. and IO: rpspfl("ti\·ply.

It is \"ery clear that as t hfl n\T) inlagps are misregistercd. dispersion fronl the

diagonal line in the [pat Tl rp spacp hist ograrn is ine rea..~ed .

.-\ feature spacp histogranl ~('qll{'ncp froIll :\IRI/tPET data wa.s also genprated

(shown in Figure :3.:3). This tinl(' tllf' twC) illlag('~ \\,prp acqllireci from diffel'ent IIlodali

ties and there is no monotonie rplatioIl:-hip bptwppn :\IRI irltpnsity and tPET intensity.

The relationship bptWPPIl tlw scatlp[ plot:-; and Iuisregistratiun is not sa c!ear as it \\'as

sho\"n in Figure 3.2. but rhe di~IH'rsion of the :iCéU tpr plot \\'i t h Iuisregistration can

still be obsPr';pred. The "cloud" iu tlH> fpature spacp histogram becames less tight as

the t~·o images are IlIO\'ed fart hpr from the r('gisterf'd pusition.

3.4.2 Cross-Correlation lVlethod

(

Cross-correlation has bppn \\'idply nSf'd in signal procflssrng ta rneasure how clûsely

two signaIs match each othpr. Thus. it is n'l'Y natural to use cross-correlation in image

registration. In three dinH'llsions. for \'olumes A and B \\'ith 1 x J X [\" dinlensions.
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(b) shifted 3 mm

(e) rotated3°

(a) registered

(c) shifted 5 mm

(f) rotated 5°

(d) shifted 10 mm

(g) rotated 10°

Figure 3.2: Fpature space histogram and image misregistration
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\11<1

(I ... I.:.:r"ùlld
.lIlll \11'

1'1,1

(a) regis tered

(

(h) shifted 3 mm

(e) rotated 3°

(c) shifted 5 mm

(f) rotated ,5°

(d) shifted 10 mm

(g) rotated 10°

( Figure 3.3: Featl1re space histov;ram and image misregistration in ~IR/tPET images. Due to the

blurring of ~IRI (Gaussian kernel of FIVH JI = CJmrn \Vas applied) and tPET (intrinsic blurring)

images, the "cloud" in the feature histogram distributed widely.
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the correlation value for a 1!;f'onletric transformation T on .-\. is defined as:

1 J h'

corr(..!. B: T) = L L 2: A . T(E) (3.3)

The transformation T is the solution for the registration problem if it ma.ximizes the

correlation value.

The matching feature user! in these kind of methods cali be voxel intensity [611, or

derived features such as voxel intcnsity gradient [59. GO. 61]. or ridge-iike Lvou features

[57]. However. in illultimodality registration. directly using voxel intensity as the

lllatching feature is less sncLessflll. becallse the voxel intensity values in one image

are uSllally not a nlonotonic function of the \'oxel intensity values in the other image

acquired from a different illlage modality. This leads ta rHultiple values in one image

corresponding to the saIne \'alue in the other ilnage.

{ 3.4.3 Variance of Voxel Intensity Ratio Method

The variance of voxel intensity ratio method was tirst introduced by \Voods pt al. [15J

to deal with the intra-subjf'ct intra-modality fegistration problem. The assumption

behind this method is that. the \'oxel intensity froIIl the sallIe tissue type frorn one

rllodality should be tlle SallH'. Of ouly different by a constant factor. In other \vords.

the ratio of \'oxel intensities frOIIl the image pair should be a constant when the

two images are registered. Howe\·er. in realities. even two exactly alignecl images

will show sorne residual \'ariatioll due to cOllnting statistics. partial \'olllme effecL

and interpolation error. Therefore. the similarity Illeasurelnent for the rcgistration is

defined as the variance of this ratio . .-\S an illustration. let ai and bi he the intensity

of voxel i from the two ilnages to be registt>red:

(

(ll

fi =-
!Ji

\vhere i covers aU possible \"oxels in the volumes.

And the normalizecl variance value can he represented:
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(3.5)

(3.7)

(

(

where ra is the standard deviation and rrn is the rnean value of ri. \Vhen the two

images are registerecL the \'ariable ri should be ITlaxinHl1ly llniform if not constant

(when registering two irnages on the sallIe sllbject and from the same ITlodality), which

minimizes the value R.

In intra-modality registration. the variance of the intensity ratio (VR) [151 method

is based on the assumption that there i~ a linear relationship between the ulatching

feature acrass the whole \"Olllllle. However. in multi-nlodality image registration~ this

assumption daes not holcl. <'special1y in the case where one volume is an anatomie

image and the other is a functional ilnage. Xevertheless. \Voods et al. extended this

idea to the multimodality ilna~e re~istration [63). In this method. instead of using a

global randam variable rI ~ in Equation 3.-1. a set of snch intellsity ratios. basecI on the

segmentation of the reference inlage. is used ta overcalllC the non-lïnear relationship

between voxel intensities across the t\Vo volullles in ~IRI/PET registration.

The reference ilnage (tht' ~IR iluage in ~IRI/PET rcgistration) is partitioned dc

pending upan the intPIlsity \·a.lu('. The voxels whose intensity \'alues arc equal ta bj

are in the same partition j . .-\ \"ariable r J is clcfined as:

(l

,. = -L (3.6)
J b

J

where aj are intensity values froul corresponding vaxels of the other image.

For each variable rr the saIne lueasurernent Rj as in Equation 3.5 can be gen

erated. Finally, the sirnilarity rneasurement is defined as the weighted average of

R j :

R' = ~ HJ x Tl)

L- V
J •

where nj is the namber of the \"oxel pairs in the partition j and the ~ is number
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of whole voxel paIrs in the registration ( .V

registered. R' should be Illinirllizeci,

L) nJ, \Vhen the two lillages are

"Voods et al. n~portPd snccpssful registration of :\IRI/PET iIllages (PET FOC

images) by this method. obtainillg a lllPaIl 3-D prror in the registration result of less

than 2 mm [63].

In an adaptation of the \ '·oods· approach. Hill et al. [81 J proposed selecting specifie

bins of the intensity value frOtU the fpêHure spacl' histogratIl to calculate the variance

of the voxel intensity ratio in the :\[RjCT ilnage registration, For cach bilL different

weights can be used on the \'ariaucc ratio: i,p., Ulore wpights can he assigned to the

bins corresponding to tisslH1S that are likely to bp nseful for registration.

3.4.4 Mutual Information l\IIethod

In information theory. <'Iltropy is a ll1easure of the llIlcprtainty of a randoIIl variable

a.nd can he denoted as [Tl]:

H(_\:) = - L p(,r)loy(p(L'))
rES

(:3.8 )

(3,10)

(
',,"

\vhere X is a randoIn \ïlriable and p(xl is the probability mass fllnction of X.

It is very casy to pxtend the Plltropy concppt to a pair of randoIn variables" Joint

entropy H(X.Y) of ct randOUl \"êlriablt' pair (X,Y) is definl'd as:

He\:. } -) = - L L p(.r. y)loy(p(.r)p(y))
.LES yE}"

where p(x)~ pey) are the Illarginal probauility distributions of X. y respecti\'ely~ and

p(x~y) is the joint probabilit~' distribution of (X.Y),

:\Iutual information of randOIll \'ariablcs X and Y is iIltroduccd to Ineasurc of the

amount of information that one \'ariable contains about another nuiable:

_ _ "" ~ [(p(.r.lJ))]
I(~\: } ) = L- L- p(J:. y)lo!J ( '()

rES !JE}" P J:)p y

If one random variable contains nlore information about the other. the Illutnai infor-

mation vë:ùue will be higher due to the reduction ln the llncertainty of one random

:33



·(
variable from the knowledge of the other. The relationship between the joint entropy

and mutual inforrnatioll is:

(3.11 )

Based on these concepts. Collignon pt al. recently proposed t\Vo voxel-based reg

istration methods. First. thpy llsed the entropy of the joint probability distribution

of the combined intensity \'alues of aIl comrnon \'oxel pairs in the t\Vo images as the

similarity measurelul'nt [69J:

E(_\. }': T) = - L L p( T(J~) . .tJ )lo!J(p( T(J:) )p(y))
rEX yE}"

(3,12)

.{

where .'\ and Y élre random \'ariables that rl'present the \'oxel intensity from the source

and the target yolumes and T is Cl. geornetric transformation appliecl to the source

volume. Ideally the transforrnation T is the rl'gistration rl'sult when it mininlÏzes the

function E(.\. }.: T).

In subsequent work [iO]. tlwy found that thp joint entropy nleasurenlent is sensitive

ta the problem of partial o\·prlap of the t\Vu data sets. They then proposed using

rnutual inforrnation of tlip joint probability distribution to iluprove the robllstness

of the method to partial on'rlap and to rpduce the ullrnber of local mininla in the

parameter searching spacp:

. , [J(T(~·) . .11)
JI l(.\.} : T) = - L L p(T(.r). y)log[ (T( .)) ( )1

rE X !JE}' [J J, P.ll
(:3.1:3)

(

Again the registration n'suit is the transformation T ",hich can miniIllize JII (_\. }P: T).

The assumption behinc.l these t\\"o rul'thods is that ",hen t\\"o relatecl inlages cor

rectly registered. one image should pro\pide the most infonllation about the other

one. thereby rnininlizing EC\. } P: T) or JIIC\. }P: T). The author didn~t give quanti

tative evaluation of ~IRI/PET rcgistration using this nlcthocL but their result fronl

\IRI/CT registration inciicatf'd t hat registration error is belo\v 2.5 mm.
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3.4.5 Discussion of Voxel-based Registration lVIethods

(

(

AIl of the voxel-based registratio[l llicthods described above use a sinlilarity mea

surement ta solve the registration probleru. Ideally~ the rneasurement is nlaximized

or minimized \vhen the iIllages are exactly registered. and it decreases or increases

monotonically with incrPëlsing; misregistration between the two images. Furthermore.

the methods use a.H possihle n)xpIs in the two image volumes to calculate the sinlÎ

larity measurement. This has thp acl\"antagp of robnstness against random noise and

the partial overlap problern.

Besides the three IIlethods rp\"ip\yed in this section. there are several other ,"oxel

based methods. snch as tlH' IlIPtllocis haspd on meaSllrernent of S'UTTl of a!Jsolute differ

ences [66. 67]. stochastic Sl!J1l r:hllTl.fJ(~ [1:2. 1-1]. and reg'wu over-lapping [681. Howe\"er

these nlethods are pither not sllitable for tlH' multÏIllodality registration problelll or

they require user interaction dllring the registrëltion procedure. These lliethods are

not discussed here.

Although cross-corrplation of ,"oxel intensity is not sllitable in the multinlodality

registration problem. it caIl \)(' applied ta dC'riypd features snch as intellsity p;radicnt

ta accomplish the nlultiIllodalit~" r('~istration (such as ),IRI/CT registration [5ï]).

The ,"ariance of illtensity ratio IIlcasurernent in the ),IRI/PET registratian problem

requires that the regions COITPsponding to scalp and skull be reIIloved before regis

tration. The remoyal of tlH'se r('~ions IIlight incrcase the likelihood that aIl \"oxels

with a particular ,palue in the ~IRI study ,,"ill represent sinlilar tissue types [63] and

thus reduce the number of local minirna in the parameter searching space. This pre

processing step llsllaHy inH)ln's hUlnan intcryention. A.t the ~Iontreal :\eurological

Institute~ the non-brain structUl"ClS can he extracterl éllltolnatically using a brain atlas

in standard space. In this approach. the), l R imag;e is tirst re-sarnpled into the stan

dard 3-D coordinate span' of the atlas using 9-pararneter transfornlation (3 rotations.

;3 translations and 3 scales) [62]. The urain atlas can then be used as a rnask to zero

the extra-cerebral \"oxels in the image.
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Information theory nlethods propospd by Collignon et al.. are different from \'Vooels'

VR method in that tll(' siruilarity measnrelllent is symrlletrÎC. The VR lllethod is

not symmetric since the resnlt depends llpon which of the two images is used as the

reference image. For exarnplp. in ).IRI/PET registratioll. the )'IR image is chosen as

the reference inlage. In the inforlllation theory based ruethods. on the other hand.

the selection of the refpreIll'(' irlla~e is not irnportant. and this symmetric sinlilarity

llleasurement may Iead a Illorc robust [('gistratioll lllethud.

3.5 Summary

)'Iultimodality inlage registratioll is ct difficult problcru in the rnedical irllaging field.

Although many methods han' iH'f'Il proposed. there has becil no consistent way (i.e.~

different methods 'n're> \Oalidatpd by llsing different data sets) to compare the regis

tration accuracy and rohllstrH'sS (unon~ rhesp methods froIll the litpratllre. Therefore.

it is alsa hard to choosC" tl1<' I>pst [rom the pxisting nlcthods. For practical use. the

amount of hUlnan interactioIl. thp ('omplltatiou <-'fficiency of the rnethod. and the data

dependeucy of the Iuethod (i.l'. Cl wgisrratioll Iucthod Illa~' work wPlI with ).IRI/CT

image registration but Ilot with ).IRI/PET) affect tla' selection of the registration

techniques. :\Iost attention in this n'\"ipw was paid to IUê.ltching features and the

similarity meaSllrernl'ilts of t1l(' rpgistration Iuethods: ho\\"p\"cr. due ta the conlplexity

of the image registratioll problpIll. other eleIIlents in the registration algorithrn Inay

aIso affect the perforrnancp~of the tpchniqup. such as the interpolation algorithIll and

the aptimization methodo Thesp issups an" discnssed in Chapter -! and 5.
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Chapter 4

Registration and Validation

Methods

Two registration Hlf'thorb ·..:prp irIlplpInr-ntpd for :\IRLrPET iInage [(.l~Îstration -

:\Iutual Inforrnation :\:11 tiI1d \"arianu' of Int(.ln~ity Ratio (VR). In This chapter

the implementatiùn dptaib ",l:iIi 1>p di:-:cus~pd hrst. fol1u\\"pd by fi description of thp

\"alidation methods.

4.1 Introduction

In the implempntatÎnn uf :\IRltPET iIlla~e [pgistratiul1. the higher [f>5Ullltion :\IR

images are takell a.s :;Ollrcp ':oluHlPs and t PET irnages iLS Target \"oluInes. Therefare.

once the registration rf-'snlt ha....: }wpn ubtained. the :\IR iIIlage can be re-sampled Ly

the geometric transformatiou illtU The l'o<Jrdinate ~pace uf t he PET image in urder ta

perform ,"oxel-to-\Ooxpl c(jrnpéiri~()ns.

Because of the rigid ~kllll of dH' hf'ad and intra-~llbjpncharaoeristics uf :\IRI/tPET

image regjstration. tlH! paraIIwtpr :,parchin~ ~pace nf This registration can he safely

restricted ta a set of glùbal ri~id budy transf()rrnatiùDs. which ha\Oe six degrees of

freedorn - thrpe translations éiIHl threp rutation:;. In order ta facilitate the c:alcuiatioll

'J
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These matrices are concatflnated inta Cl single six-paraIueter hOlllageneous matrix:

('0:;0('0.-; ..; ('080.-; i Tl ..; -."jino Tr

..,fnesin oros.; - r'u.'d) ...,. iTl .; sinfJ.-;illOsiTl"; ~ co:·;f)co.-;.; .o;i n(}coso TI)
RT= (-1.5)

cos(},'iinoc(}s..; ~ siTlfJ.o;iTl'; (·o.";(}sirzosin..; - .-;iTl(}COS'; cOHf)coSO T;

() 0 0 l

4.2 Preprocessing the Source MRI Volume

Since the fO\" of the ),fRI clata llsually co\'prs the head and neck. which contains a

luuch iarger '"OIUlUe than the t PET image, it i~ Il('cpssary to crop the ),IRI tlatël ta

caver approxilllëltely ouly thl' \"()IllllH' of the brain.

Ta rnake use of standard Talairach spacp to l'rop the :\IR image ta the desired

pxtent. two prepracessing stpp:-; arr> (lc('Olllplished alltaIllatically with application tools

already built at the BIC of ),['\1:

1. Transfornl the :\fRI data iIlto the standanl Talairach spac{' f61i throllgh the

registratian of ),IR 1 data ro an a\"('ra~p braill rllod('i ~G2].

2. Cse the a,'prage hraiu \"C)iUIIH' in Talairach ~pacp to mask the llndesirable "oiuIDe

in the original :\IRI data. TIl(' cropppd rpcrangular ,'oiuIne encases the head

from the top of the :-:calp ro the middle of the cprp!JelluIll n~rtically.

4.3 Registration Methods

4.3.1 Estimation of Probability Distribution of Random Vari

ables in the l\/Iutual Information lYlethod

The sinlilarity nleasureIlH1llt in the 1\11 ruethod (Equation 3.1:3) requires the knowI

edge af probability distributions of the randolll '·cuiables. The probability distribu

tion is estimated [ronl the ObSprYCltioIl of the feature histagraIll. Collignon et al. [70}
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indicated that if the quantization of the feature space histogranl is tao fine. the ap

plication of Parzen-windowing f721 can he Ilsed to reduce the effect of inlage noise

and increase the reliability of i llP pstirnation. HOWP\"PL the computation cost of this

method is high . .-\ccording; to Collignon Pt. al. [70). it is cxpectcc1 that small intensity

distortions of the obser\"ations do Ilot introducp large de\"iations in the registration

solution. Cpon thesp. a ('rudf' but COIIlputational PtfiCil'Ilt approximation method 

normalized feature space histo~rarll - is used in our irllplementation. The nornlalized

feature space histograrIl is dpfincd as:

Id.F. y)
fJ(·r . .tJ) = .Y (-tG)

where h(x, y) is the feature span' histograrIl. and .Y is the number of \'oxel pairs in

the overlapped sanlple set \\"!len calculating h(x. y).

The marginal probability distributions of p(J.') and p(.tJ) are also estimated in a sim

ilar way. Since there lliight bp diffprent on-.rlap betwpen the nvo inlage \"olunles in each

transformation during the optimization procedure. p(.r) and p(y) are re-calclliated for

each transformation as \\"pll as pLI'. .1/ ).

4.3.2 Estimation of the Initial Transformation

(

The initial transfornl;Hion of the rf'gistration procrdure is llsual1y irIlportant to the

iterati\'e registration algorithm in t\\"O aspects:

• :\. better estimation of thp initial transformation which is doser ta the correct

registration transformation \\-ill SêlYP more computation tÏIue on the searching

for the optinlal transformation in the pararneter h~"pf'rspace.

• .-\ better estimation of thf' initial transformation will make the two images ha\"e

larger o\'erlappE'rl volume. which can reduce the local Ininima in the parameter

hyperspace in the \"oxel-haspd registration algorithIll.

In our implementation. anly the translation paranleters are estimated for the ini

tial transfornlation and aIl thl' rotation pararueters are set to 0° at the beginning

-10
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of optimization procedure. Two ruethods for the estimation of initial translation

parameters have heen iIllplernentec1:

• Take the translational alig-llIlH'llt of the geometric centers of the \'olume (center

coordinate of the irnage \-OlUnlf') of the two images as the estimation of initial

translation paraIlleters.

• Take the translational alignlucnt of the centers of gréu-ity (COG) of the two

images as the estinlation of initial translation pararlleters.

The comparison between the t\\"o approachcs will OP adcIressecl in uext chapter.

4.3.3 Multiresolution Registration Scheme

(

Owing to the low spatial n'solution of the tPET inlage. high-resolution information

in the :\;IRI volume may not 1)(' l1spful and a suh-sarnpled vprsion of the :\,IRI irnage

volume lllay be quite adequate for rl'gistration pllrposes while yielding faster results.

However. cOlnbiul'd with noisp pff('ct. subsampling the :\IRI data c1uring calculation

of the similarity IlH'aSUn'IlH'ut ma~- cause morp local rnillirlla in the paranlCter sparch

space.

\Voods et al. [G:3] Ilsed Cl hierardlÏcal stratf'gy in their VR IIlethod. which starts

\Vith sampling the sourn' \-OlUlnp at p\-flry 81st \"()xel. The convergence transforrnation

parameters at this sta~e are llspd as the initial paranleters for the next stage where

the sampling rate decreases to 2ï : 1. This procedure is repeated with ratios of 9 : l.

3 : 1. and finally 1 : 1. The intention of t his hierarchical scheme is to:

• increase the chance of not hcing trapped by local nlÎnima in the parameter

search space. Since a local IuinirllUlll in one stage may not be il minimum in

the next stage due ta rnore infornlation involvecl in the similarity mcasures. this

scheme increases tht' possibility that the optirnizCltion procedure avoids being

trapped in a local uüninHUIl and rcaches the global Illinirnum.

-4:1
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• accelerate the convcrg'f'IlCf' of the searching procedure. Subsanlpling the source

image volunle greatly n'duces the computation cost for the calculation of the

similarity meaSUrernE'llt.

Studholnle et al. [G5J llsed a traditional low-pass pyrarnid representation of the

image [ï4~ ï51 to achicvp rnnltiresolution optirnization. In their algorithm. multiple

resolution versions of irnagC's arC' crPHtf'd by an~ra.ging neighboring voxels. For an

example. the optimization procednre ~tarts at the top of the pyramid. \vhere the

image is built by an'raging PHch 8 x 8 x 8 neighboring voxels. The registration result

at this level is takrn as the initial guess of the registration at the next level where

the image is a less blnrred \"C'rsiOIl of tIH' orig;inal. crpated by averaging --1 x --1 x --1

neighboring voxcls. This pro('C'ciun' rppeats llntil the original resolution.

In onr inlplerIlC'utation. \vP abo llSP Cl hiprardücal IIllllti-resolution strategy to

optimize the siluilarity IllPèlSllrC'nH'nt with twu important differences from the other

rnethods described above:

• The saIne sllb-sarnpling intpn"al is nsed in each of the L . .'J. and:;; direction .

• An isotropie :30 ~aussiélIl kcrnf'1 is con\"oln'd with the :\IR iUla.ge befo[f' regis-

tration.

Subsampling the source VOlllIli(' rcciu('('s tIl(' number of \"oxels in\"oh"ed ln the cal

eulation of 2-D [eatllre spacC' histogrcull. which in turu nlÏght increase the effect of

the noise on sinülarity measurenwnt. The Gaussian blurring kernel which is a linear-.

shift-~ and rotationally-irl\"ariant 0IH'rator [61] [ï3]. is able' to r('duce the nurnber of

local minima in the paranH'ter s{'archin~ space célused b\" the combination of noise

and subsampling.

The illulti-resolutioll Sdll'IllP of our irnplernentation begins with SUbsêllIlpling blurred

:\IRI data at a sanlplîug ratC' of 3 : 1 in eaell of the .r. .1/. and:: direction. then performs

ct few iteratioIls with ct sèlmpling rate of :1 : 1 on :\IRI data to irnprove the registration
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accuracy, The issue of selecting the starting and ending sarupling rate for the illulti

resolution schenIe will be discnssf'd lclter in Chélptf~r .J. COIIlpared with full sClrIlpling

of ?vIRI data.. the sélmpliIl~ rate of :3 : 1 and :2 : l reeluees the eOillputation time to .,1__ 1

and ~ respectively in OIl(' transfonnation dnrill~ the optirnization procedure.

4.3.4 Interpolation lVlethods

During the registratioll pn)(·pdllre. pach \"oxel from the source \'OlllIUC has ta he trans

formed iuto the coordinate spacp of thp tar~et \"(llllillC. One to the continuons charac

teristics of the transforrnatioll paraulPters and different \"oxel sizes bptween the source

and the turget \'olurnes. the transfonIlPd \'oxPl is generally Ilot located at a grid point

of the target inulge. Thf'rpfore. ail interpolation al~orithnl IIlllSt he appliec1 to the

source image to obtain an interpolated \'oxel intensity \'alue at each gricl point of the

target \'01ume.

The simplest interpolation llH'thod is the uparest ueighbor interpolation. in which

the vaIne at the intprpolation point is assi~ued to the \'alue of the vaxel that is dosest

to the interpolation point. Thl' ad \'allta~p of this ruet !lod is its dficiellcy. However.

the nearest neighbor interpolatiou may cause the whole ilIlage ta he shifted with

regard ta the intended position. Sub-nlxel interpolation accuracy cannat be achieved

by this nlethad.

A better interpolatiou m('thod is linear interpolation (trilint'al' in :3-0) where the

value of the interpolation point is obtained by linearly interpolating neighboring

points, The lincal' interpolation Illay n'sult in SlIlOothing of the inlage [76].

In the MI rnethod. applyillp; the trilinear interpolation method on the target

image may cause unprpdictable chan~es of pl'obahility distribution p(y) [70]. Thus

Collignon et al. [70] proposed a Inethod called trilinear partial volunle distribution

interpolation, Insteacl of llsing tllP interpolation weights to average the neighboring

voxels in the target inlage as in trilinear interpolation~Collignou's method clistributes

the same interpolation weights outo the corresponding neighboring voxels in the target

·-1:3
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inlage when calculating tll(' fpatllrp space histogranl (scatter plot). In this way, the

normalizec1 histogranl of thp tar~('t iInage. which is thp ('stimation on the probability

distribution of p( y). will not changfl discretely by the interpolation operation.

Finally, a higher order intprpolation rnethod - tricabie interpolation. has been inl

plemented with the registration algorithnl. This method involves Cl -l x -l x -l instead of

2 x 2 x 2 neighborhood of voxels around the interpolating point. giving it the attribute

of continuous second order dprÎ\ë:ltin'. Although the tricubic interpolation illethod

leads ta nlore accurate and srlloother <'stiInation of the value between the iInage grid

than the other three rnethods. its cornputation cost is lUlich higher (i.e. at least it will

take six tinles more than thp trilinear intf'rpolation met hod to ohtain a interpolation

value). because of the greatpr Illllul}('r of \"(}xpls iuvolved in the calclliation.

The optirnization Iuet hod is êlIl iluportant P!PIllcnt of the registration algorithln. :\

good optimization luethod llsllall~' t'an 1)(' charactprizcd by the following three char-

{
4.3.5 Optimization l\tlethod

-(
.'"

acteristics:

• the ability to COU\'(lrgC' in any condition:

• the ability to con\Oprg(' quickly:

• the ability to PSC'élpP from local miuirua/ruaxirna and finally to COIl\,prgc at a

global Inillinllllu/IIlélxÎIIla.

However. in practicp it is noT pasy to find a method that Illeets aIl of these rpquire

nlents. For instance. thf' so-caIl<'d p;lobal optÎIllizatioll Illethods. sneh as silllulatf:'d

ëlllnealing [78] and the genctic algorithrn [ï9]. are able to a\'oid being trapped by local

nlÎnima. but they are Ilot COIllplltationally C'fficient.

In 3-D medical ilnagc rflgistratioll. the Ilumber of optiIllizatioll parameters i5 usu

ally six or more. The IIllllti\Oariatp charactcristic of the optinüzation in lllcdicai iInage

registration dramatically incrcases the cOIllplexity of the problcIll.
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Varions optirnizatian Illethods havl' been incorporated into the mllltimodality im

age registration algorithIlls. \'"oods <'t al. [63J llsed the :\"ewton-Raphson algorithm

[SOl which takes advantage of tllC' easily obtained true derivative value of the sinülar

ity nleasnrement. Collins pt al. [6 1] iUlpl(~IIlented the SirIlplex aptimizatian algoritbm

[SOJ in their ~IRI-~IRI intersllbjpct registration algarithnl. which is il downhill lliethod

that daes not require derivatin' infornultioll and bas SOIlle resilience ta local rninima.

Collignon et al. [iOJ usee! thp Po\\·pll alg-orithnl [SOj ta rllininlÏze the mutllal infornla

tian similarity nleasureIllent. Due to tlu' effkiency of the downhill methods. which

stop \vhen they reèlch an pxtn'Il1ël reg;ardless whpther the extrenla is global or local.

they have been llspd in rIlaIlY :3-0 IlH'dical inlagp registration rllcthods. How('ver.

ta reduce the effect of local pxtn'Illa within the parmneter searching space. several

approaches have been proposed ro irnpron~ these original optinüzation algorithrns:

• ~Iulti-start approach [81J. In this approach. lllauy initial guesses of the solution

are nsed to start the optiIllizatioIl al?;orithnl hopin~ that one of the starts can

lead ta the global miniIIlllIll.

• ~Iulti-resolntion strllctUH' of thf' optimizatioll algorithrll [61] [G3J [G5J. In this

nlethod. the n'p.;istratioll starts \\"ith lo\\"('r rcsolution irna~(' \·olurlles. then the

resnlt of this stage is llsed as tlH' initial gucss for the next stage where higher

resolution irlla~es are matdl('d. Csinp.; this approach. the iterative searching

procedure han' bettp[ cliancp to an)id lwing trapped by the local IllininlC.l in the

parameter sean'h spacp.

• Better estirnation of initial transformation. This will givc the optinlÏzation a

much better chance to g;pt to the ~lobal mininlUnl. Collins et al. [611 llsed the

principle ëLxis transforrllèltion registratioll method [19J to get an initial estinla

tion of the dcsircci transfornlation.

In our iIllplelnentation of both l\tII and VR rllethods~ an impro,·ed version of the

Powell method [82. 83] with IIllllti-rpsollltion structure was chosen as the optirnization
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metbod. In this Iuethad. WhpIH'\'pr the optinlizatian ruethod reaehes Cl rIlinimum

(either global or local). it will Ilot stop but apply a random perturbation (translations

within ±3 voxels and rotations within ± 1") to the transfornlation parameters, If the

aptimization procedure IllOYPS back to that rnillinlum position after the perturbation.

the optimization will finally stop, Otl!p[\\'ise. it will take that nlinimum as a local

one and resurne searching in the' parampter hyperspacc llntil the global mininlum is

reached or an iteration lirIlit is irllposed. Along \Vith the rnuiti-resollltion strategy~

the perturbation applied to the transfornlatÎon pararneters increases the possibility

that the algorithnl is not trapppd by local mininla.

4.3.6 Structure of the Implementation

{

It is desirable that the illlpl<'IIlclltation IH' modular so that ditferent ('lerneuts of image

registration ma~' l>e {'asil:,-' plllgppd into the algorithrIl (sP{' Figure -1. 1). For C'xanipie.

the similarity IIH'asurernent fUIlction of th(' rf'gist1'ation can ue changed anlong the

ML VR. or othe1' new sinlilarity fUIlctions. Thns. the structure of onr inlplenlenta

tion clearly separates th[('(' major dpIIH'nts from ('ach other. and strictly defines the

interface of these th1'pp pleIlll'Ilts:

• Similarity nWaSn[('IllPnt functioll - MI and VR art' supported ln' thp current

version of the pro~raIll.

• Interpolation Iuethod - IH'arl'st-rH'ig-hbor. trilinear. tricubic and trilinear partial

\'olume distribution interpolation methods are supportee!.

• Optinlization rnethod - ouly the Powell rnethod is cnrrently supported,

This modulaI' inlplpnlentation strnctnrp enables tlH' progranl to easily pxteud the

current method for a sppcific d('IIH~Ilt \\'hile keeping oth('rs unchanged. furthermore.

it is aiso usefui for investigation of the pprforrnance of differcnt rnethods. sueh as the

comparison of the perforInancps betwflf'Il the MI and VR nlethods.
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.Image Registration
Program

Similarity Measurement

Interpolation Nlethod

Optimization Method

Mutilai bzfonnatio/l

Variance ofIntensif)' Ratio

,Vearest Neighbour

Trilùzear

PO'rvell

Simplex

Fil-!;un' ...1. 1: Implementation Structure
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4.4 Validation Methods

{

Validation of a registration algori thrn in rlledical image registration itself is not tri\pial.

since the true registration solution is unknown for rpal images.

Se,peral illCthods haw' IH'pn proposed ro \·alidate ruedical iIllage registration algo

rithms. They can hp dassified into threp cate~ories:

• Visual inspection of the sllI)('riluposition of the re-salupled source inlage and the

target image [8-l J. This 1I1Pt had is suhjpctive and nOIl-quantitative. heuce it is

not sllitable for an accurate cOIIlparison het",een diffprpnt algorithms. HO'wc\"er.

this method does Ilot n'qllin' any special procedure during iUlage acquisitions

and it enables a quick asspssment on th(' SUC('('SS of thp registration algorithru .

• Cse the registration n'snIt frOIIl the pxtrinsic landrnark-bélSpd registration rnethod

as a refereucp to \·alidatp the' f(\gistration algorithru [19. 6:3]. The GHuparison

of the registration l'l'suIt \\"ith the n'fC[l'Ill'!' transforrnation can gin~ a quantÎta-

tive e\·aluation of thl' n'gistration prror. Ho",p\·pr. the referenee transformation

nlÏght also coutain ruisf('gistration. for instaIlCl'. the f'xtrinsic markers may rnoye

bpt'ween scans .

• Cse sinnl1atioll data for \tdidatioll [85]. TIlP[(-' arp t\\"o (lch'antages to IlSt-} sinlu-

lat ion data to \·alidatp illlagC' l"<'gistration:

The true registration [('suIt is known f'xactly. which enables the quanti ta-

ti\"c measureIllent of Iuisregistration:

The situulation prograIll can gpuerate imagp data with different sCëlnning

settings. Thus thp \'cdidation l'an hl' p{'rfornH~d on irnage data with \'arious

resolutions. noises. and contrast. It is llspflll to test thf' robustness of the

registration Iuethod against these factors.

In this thesis~ bath \·isllal insppction Iuethocl OIl rcal data and quantitatiye ,·ali

dation on simulated tPET data (clt'tails pscribrd in Chapter 5) are used ta \·alidate
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the y.IRI/tPET image registratiou algorithms.

4.4.1 Quantitative J\!leasurement of l\Ilisregistration

(

f'.....

The \"alidation method llsed ou y.IRI/tPET data registratioll proceeds with the fol-

lowing steps:

1. Csing a :3-0 )'[HI data spt as input ro thl' PET sÎlllulator (\\-hich will be described

in next chaptpr). gPlleratp a tPET iIIla~l' \"OIUIIH'.

2. Generate Cl randoIIl rigid 1>0<1\· transfonnatioll Tr . in whi("h the translations are

within range of ±lO IllIl! and the rotations are within the range of :i:10°. The'

rotations are centere'd ou t he' ~eOIlIPtric cent<.'r of tlIp iUl<lge \"olulne.

3. Csc the generated randorll transforInation to [e-së:lluple the )'IRI data. \\-hich

yields a y.IR inlClf.';(' no longer ~patially aligned with the tPET iUlage.

-1" Apply the registration method on the transforuled )'IR and siululated tPET

images to obtain an estiIllatpd gl'ometric transfonllation T~"

.J. COIllparp the n'suIt of rpgistratiou algorithrn Tt' with Tro Ideally" if the rpgistra

tian can recon~r the randOlll transforrnatioll applied to the original )'[R iIllage.

Te should bp the inn'rsp uf TIH' randoIll transfonnation Tr.

Ta quantitatin:,ly Illeasur(' t h(' Iuisregistratioll. it is dpsirab1e to use a single nUluer

ical \"alue ta repres{'llt thl' n'g;istratioll <'rror. Sinee the rigicl transformation contains

translations and rotatiollS. it is not suitahle to combine thenl bath into et single

quantitati\-e measureluent Pffor dirertly. Then~fore. the qnantitati\'e measurerllC'ut of

nlÏsregistration is based on r.Ill.S. (root IIleëln square) of the 3-D distance between

two sets corresponding \"oxc1s in uriginal )'IRI and the reco\"ered :\IRI data sets. A

set of \"oxels (Pi, i = l. .. _Y) arC' ChOSl'1l fronl the original y.IRI data. Then the ran

dom transformation Tr is applied ta this set of \"oxels to different coordinates (P; .
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i = l. ...\"). The registration n'suit Tt' transforn1s the P: back ta P;'. If the Tt' = Tr-

1•

the 3-D distance (j betwePIl corn'sponciing \'oxels frOln the sets P, and P," is zero. The

\'alue of (j can he r0presented as:

rr=
""' (p, - Pli):!
~l, l 1

li
(..Li)

where Pt = Pz * Tr * T,. and 11. is the Iluluher of points.

The same se\'en \"oxpl::; as thosp chosen bv \'eelin Pt. al. [ïïJ \Vere nsed ta ('\'aluate

the misregistration. The points \\"f'Te:

• the center of the braiu"

• six voxels at ï5 lUlU (~ radius of tLe brain) away fronl the ccntroid of the brain

along each direction"

{ 4.4.2 Similarity lVleasurement As a Function of Translational

Misregistration

(-

In arder ta qualitatin:>ly p\"aluëlt(· thp [H'Tforn1ances uf SOIlle iIIlpleluentatioil paraIlle-

tprs snch as sêllupling intPTyal. fUIlcrion Clln"pS for the sinlilarity IueaSllrement \"ersus

translational misrcgistration ('an lw g<'Ill'rau'd. This is <1cl'oIllplished by shifting the

y.fR in1age t Inn1 along onp of tll(' .r. .'1. and.: diTPctioIl. The siruilarity rneasurpment

value can be calculated on the translated y.IR irIlage and the corresponding silllulatecl

tPET image" Ideally. with t = () mm. the \ëllue should be Ininimized: while with

t increasing, the -'II \"alue should inCn'ël."ie Inonotonically also. .-\lthollgh the three

cun"es can not fully reflcct thp parameter searching space. the srnoothness of the

cun"es and the nunlber of local IuinÏIna appeariIl~ along the CUn"ps indicate ho\\" well

the implementation beha\"ps for a sl)('cific siInilarity rueasurcruent. It should he noted.

this qualitative p\"ë.l1uatiall d()('s not ('O\"['T the wholl' pararllcter searching space. i.e.

"similarity nleasurenlent as a fUllction of rotational nlÎsregistration'~ is Ilot measured.
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This is because t.he ohjectin' of this pyalllêltion is qllalitatiye and for cornparison of

the effects of different iluplenlentation paranleters.
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Chapter 5

Experiments and Results

In this chapter. f'xperirneIlts llsrng the t\\·o re~istration algorithrus (MI and VR)

on ~IRI with simulated and rpal tPET images are presented. The first section de

scribes the experinH'ntal data ~ets of :\IRI and tPET iruages. The next two sections

present the resllits fronl thp pxpprÏInents on :\IRljsimlllatpd tPET irnage registration

and :\IRljreal tPET image rpgistration rpspecti\·ply. The Iast section discusses the

experiment results and companls thp t\\·o rC'gistration algorithms.

5.1 Experimental Data Sets and Methods

This section descrilws the data S(lts and ruethods llspd in :\IRljtPET rcgistration

experiments llsing bath sirull1atPd and nlal tPET irnagcs.

5.1.1 MRljSimulated tPET Image Registration

5.1.1.1 Experimental Data Sets

In order ta quantitati\·pl~· (lvaluatp the Image registration algorithms discllssed in

Chapter 4. two subjects \\,PfP splpcted to acqllire the pxperimental :\IRljsinlulated

tPET image data sets. The pn)cf'riure of obtaining the :\IRI data and the sinnl1atcd
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MRI Scan
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1
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t
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,WRI Data

1

1 Data Flow

t

3-D PET Simulation
Program

1

+
Simillated PET

Transmission Image

Figure 5.1: PET simulation procedure

tPET images is illustrated as in Figure .5.1.

In the first stPp. T l-\\'('i~ht('d ~IRI data froln the two subjects. SI and 52. \ypre

collected on Cl Philips Gyroscan 1.5 Tesla Systf'lll with :3-0 gradient ccho acquisition

(TR = 75ms. TE = 1-1rn8. Hip angle = 600
• "oxel sizp = l x l x :J rnIll:J

). The

two colurnns in Figure 5.2 sia)\\' t.he sagittal sliCf~s of tllf' t""O ~[R înlagcs and "arions

blurred versions (blurred with different filter widths) of these two inulges respectively.

As described in Chapter .1:. n\"o preprocessing steps \\'pre cornpleted on the ~[R inlages

- the irllages were re-séllupled to have isotropie "oxe1 size of l x l x l Illln:J and cropped

to cover only the brain.

An automatic tissue classification program was then uscd ta segment the raw :\IRI
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Ori.gi.nal.

l"HWk • 3mm

FHWK • 6mm

PWHM • 9D1D1

Subject Sl Subject S~

(

Figure 5.2: Sagittal slices of original ~IR images and the corresponding blurred ~lR images. The

original ~-IRI data were collected on a Philips Gyroscan 1.5 Tesla system. The slices shown here

have been re-sampled and cropped. The blllrred ),iIR images \Vere generated by filtering the original

two :\IR images \Vith a 3-D Gaussian kernel \Vith F\VH11 = 3 mm, 6 mm, and 9 mm respectively.
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Figure 5.3: The procedure of a :3-D ~iIIllllatioIl program tu generate tPET images.
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data into gray matter. \vhite nla.tter. CSF structures. skull bone. scalp~ and sinus

[86. 87). This seg;rnented ),IR irna~e is taken as a :3-0 brain ruodel. Using this mode!.

a 3-D simulation progranl based on the geometry of the Scanditronix PC-2D48 PET

scanner [88. 89) was used ta ~f'nf'rate rpalistic sirnulated t PET image as illustrated in

Figure 5.3. In the first step. the :3-0 sinlulation prograrll takes the segmented :\IRI

clata as input to create tissue att('nuatioll maps b:r assigning the known attenuation

coefficient at 511 keV ta thf' \'oxels of each tiSSUfl type. Then. based on the physical

design of the Scanditronix PC-20-!8 PET scanner system. the simulator incorporates

the key physical characteristics of 3-D sampling and r('solution. detector efficiency.

at teouation. and COllut statistics. tn g<'nerate realistic proj(lction data, The sinlulation

matches the configuration of the Scanditronix PC-20-!8 PET scanner. \vhich generates

tPET irnages with 15 slices. G HIlll slice thickness and 6.5 Inm slice separation. The

details of generating noisy blank and transrnission scan data are as follows [89J:

1. The 3-D orain rnadel ÎIllage is resanlpled at specified inlage planes and smoothed

with the axial rpsolution fuuction of the ~canuer (i.f', Gaussian filter \vith filter

width = G IIlm).

2. True cauuts and attf'IlllatioIl factors are ('alcnlated hy prajecting eaeh inlage

plane and corresponding attenuation rnap outo a uniform grid at al! angular

positions of thp scanner (i.p. nunlber of angles = 128. llllluber of rays = 128.

ray spacing = 2 nlIn). The projections conuts are srIloothed oy convoh'ing \Vith

the in-plane resointioll fUIlC'tion (i.e, Gaussian filter with filter width = 6 rnln).

Then they are mapped onto <'aeh detector position and adjusted by detection

efficiency from the Scanditronix PC-20-t8 PET scanner system.

3. Scatter COllnts are estinlated by convolving the projection \vith spatially variant

filter derivcd fronl line sonrce scans in water.

-1. Random connts are estirnated [roIIl measnrpd single rates and scaled ta give the

desired total randoIn canuts, :\oisy projection data are then gellerated fronl
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Passion distributions \Vith variance ('qual to the total cannts.

In the last step. a:; in clinical studies. blank and transInissian scan data were

smoothed \Vith Cl Gaussian fiIter (i.e. tilter widths froni .5 IIlIn and 10 mm are llsed

in this thesis) and reconstructed iuto transmission iIuages by tiltered backprojcctiall.

Figure 5.4 shows the central transverse slice of :\IRI and segmented ?\,[RI of subject

S2. Figure 5.5 shows tranS\'erse slices of Cl rcal and a sirllulated tPET image.

In the follo\ving experinients. 12 tPET iIllages (15 slices with 3-D voxel Slze

2 x 2 x 6.5 nInl:!) \Vere p;eneratcd for each :\IRI volume from the two subjects (SI

and S2 as shown in Figure 5.2). These tPET inlages h,t\'e three different resolutions

(F\VH1\I) and four different noise le\"f~ls (Ill,LXÜUUffi total ('ounts per slice ,Vrrwx ) as

listed in Table .5.1. .-\rnong t1H'sP. image ['2:1 (F\\"H:\I = Il. ï mIn and ,VrnaI = 9J/)

dosely nlatches the scanning conditions used in dinical studies. Figure 5.6 sho\\'s the

sagittal slices of six ([11' In. fil' [1:1. ['2:i~ fJ:d siIIlulated tPET images ofsubject SI.

The resolution of F\VH:\I = ï.8 IllIIl is the highest possible resolution for Scanditronix

PC-2048 PET scanner used in clinical stllclies. thereforc' no higher r('solution than

F\VH:\I = ï.8 IIlnl was llsed in this thesis.

_VmaI = O.9.l[ .\iTTll1I = 2.\/ .Vmax = 9j/ ,VmaI = 28.\/

F\VH?\I = 7.8 Innl [11 [1"2 [1:1 [lot
1

F\VH~I = Il. ï IUIll [:!l ['2"2 ['2:3 [2-1
1

F\YHi\I - 16.2 Ium l:H fi:! l:i:l rH
Table 5.1: Paranwters of tw('l\'(~ simulated tPET iIllages for e(lch subject.

5.1.1.2 Experimental Methods

Based on the thes(-' siIllulated tPET lIuages. t\\"o typps of experiments were carried

out in arder ta eXëlIlline how diffcrellt imp1enlentation parameters affect the regis

tration algorithms and the performance of the registration algorithms llnder nuious
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MRI: Segmented MRJ:

{ Figure 5.4: Central transverse slice of ~[Rl and corresponding segmented ~IRI of subject S2,

conditions (i.e. different resolutions and noise 1('\"01s):

.-\.. Registration aCCl1racy: .-\ spt of raudom transformations (translations wit hin

± 10 InnL rotations within ± lO~) Wp[(-> applied the :\IRI data. The registration

algorithm "'as then used ta rpco\'pr the :\IRI data from each of these transfor

mations. The 3-D l11Ïsregistration error \\'as then llleasured by Equation -t1

for each transforrnation. The mean of the LIll.S. \'alaes (r.ln.s. value for each

registration) was calculated for the \\"hol(' trial as a nleasurement of the regis

tration accuracy. The \'a.riance of thp r.lll.S. \«llups for the trial was taken as an

indication of stability of the registration algorithnl.

B. Parameter sensiti\'ity: Cur\'cs of sinlilarity measurelllent as a function of trans

lational misregistration were generated for each of the x ~ y. and z direction (As

described in Chapter -l).
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Figure .5.5: 5imulated and real tPET ima~ps. Thp Ieft column are tranS\'erse slices of simuIated

tPET image of subject 52 (with resolution F\\'H~I= 11. ïmm. maximum total counts in one slice =

9~I). The right column are transverse slices of él typical real tPET from a different subjpct acquired

from the Scanditronix PC-20-t8 at resolution of F\\'H~I = 12mm. For each column. from top ta

bot tom rows are transverse slices from top ta bottom of brain in the tPET image volumes.
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Figure 5.6: Simulated PET transmission images at different resolutions and noise le\·els from

subject SI.



5.1.2 Real MRI and tPET Images

Although the true result of registration of :\!RI/tPET data is unknown and quanti

tative anal.ysis of registration is not possible. it is important ta apply the registration

algorithms to real clinical data and visually inspect the registration error. This will

highlight any grass errors which may not be apparent if the simulations do not ade

quately refiect the real situation.

5.1.2.1 Experimental Data Sets

Twenty-one Tl ~IRI data sets were collected from a Philips Gyroscan 1.5 Tesla system

with a 3-D gradient eeho acquisition (TR = 18 rIlS. TE = 10 ms. flip angle = 30°. voxel

size = 1 x 1 x 1 mm:J).

The tPET data sets from the saIlle subjects "'ere also acquired with a rotating

Ge-68 rod source. Fifteen irnage "olnilles were collectee! with a Seanditronix PC-2048

(F\VH~! =20 rnm. 15 slices and ,'oxel size = :2 x 2 x 6.5 mm:3). The other six tPET

data sets were collected on a Sie!IlPnS ECAT HR+ scanner (F\\'H),! = 8 mn!. yoxel

size = 2 x 2 x 2.--1 Illlll:
J with 6:3 slices). which can generate images with a larger FOV

and better spatial resolntion than the Scanditronix rC-2048 tomograph.

5.1.2.2 Experiment Method

The experiments performed on rpal clata focnsed on testing if the MI algorithm (VR

method was not nsed on real data Sf'ts. r(lfer to Section 5.3 for the details) cauld suc

ceed in the registration of real ~IRI/tPET images. The ~!RI data were first blurred

\Vith an isotropie :3-0 Gaussian kernel \\'ith F\VH}! = 6 rnm (the choice of filter width

will be discussed in Section 5.4.1.2)~ then cropped ta cover only the brain approxi

mately as described in Chaptcr -1. The registration algorithm was applied to aIl 21

subjects ta register the ~!RI to the tPET images. Once the registration results were

obtained, the ~!RI data were rc-sampled tlsing the transformation from the registra

tion procedure. into the PET space and vaxel-to-"oxel comparison were performed.
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The re-sampled :\[R and tPET irnages \\'f.lre sllperimposed and the registration error

,"isually p,"aluated.

5.2 Results from the Experiments on MRI/Simulated

tPET Images

Two sets of experiments performed on :\IRlfSimulated tPET images are described"

\Ye first exanlÏned ho\\" different. irnplerllentatiun parameters wauld affect the perfor

mances of the \"oxel-based [f")g-istration nlethod. Howpn~r. only the MI registration

algorithm \Vas examined and the subsequent pxpprirnents on bath VR and l\tII meth

ods usee! the sarnp irnplernernation paranleter sertings dpri \'ed from this experiment

(the chaice of the irnplernentation pararneters for VR method will be addressed in

Section .5.2.2). The second set experiments e\Oahlated t he performances of both the

MI and VR registration algorithms llsing four criteria.:

1. registration accuracy

2. stability against noise

:3. stability against spatial resolution

-1. robustness to data truncation.

5.2.1 Implementation Parameters

Three issues were examined in this set of experiments:

1. illethod of estirnation of the initial transformation:

2. subsampling inten"al and blurring tilter \\"idth:

3. interpolation method.
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AlI of the experiments here were' focu~ed on the MI Inethod. In the second set of

experiments (Section 5.2.2). both the MI and VR rnethods used the same implemen

tation parameter ~ettings (see Section 5.2.2 for details).

5.2.1.1 Estimation of the Initial Transformation

Two trials of experiment typP A (registration accuracy. see Section 5.1.1.2) were

applied ta ~IRI and siInulatecl tPET inlage [.1:1 (F\\'H:\I = Il.ï lnIn. _Vrnax = gAI)

from bath subjects SI and 52. Each trial includecl 20 randam transformations and

the MI algorithm started \yith t\\"o different estimations of the initial transformation.

The 3-D registratian errars (Equation -1. ï) showed that there is no big performance

clifference of the t\yO nlethods on subject SI. This is because that the COG and

geometric volume center of subject SI are \'ery close. But for subject 52 (there is

a large offset bet\\'een COG and geOIuetric \'OlllffiP center for this sllbject) ~ with an

estimation of initial transfofInation by alignment of the image volurne centers~ two

out of twenty (lo'lé ) tests failcd (f.rn.s. > .j mill) ",hile a11 the cases sllcceeded (r.nl.s.

< 2.5 mm) when an estilnatioll by alig;ning COG \\'as used. Fllrthermore. CGC

alignlnent redllced the IlUIUbf'r of itl'rations by typically :259t on average cornpared

with \'olume center alignalent.

5.2.1.2 Subsampling and Blurring on MRI

To investigate the effect of subsèllnpling and blllrring on :\IRI data. t\\'o trials of

experiment type B (paranletpr sensitÏ\·ity. see Section 5.1.1.2) were performed on

~IRI and simulated tPET illlage J.!.:~ frolu subject SI and 52.

Figure 5. ï shows the MI function curves versus translational misregistratian far

subject SI (similar curves were observed for 52) when the original and blurred :\IRI

data \Vere subsampled at sarllpling rate of 1 : 1 and 3 : 1 respectively. In the case of

sampling rate = 3 : 1. the MI function cunoes for blurrcd :\IRI/tPET images have

fewer local nlÎnÏIlla than those for non-blurred :\IRI/tPET ÏInageso \Vhen sampling
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(b) Blurred MRI data(sample rate =1:1)
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Figure 5. ï: The 1\111 rnCa5urement as a. fllnction of translations along the I.. y. and.: directions.

Solid Hne - along x direction. dashed line - along y direction. clash-dot - along .: direction. (a), (c)

- the original ~IRI data sllbsampled with sampling rate = l : land 3 ; l respectively. (b). (d) the

blurred ~IRl data (F\VH~I = 3 mm) subsampled with sarnpling rate:::: l : land 3 : l respecti\·ely.

-(
..."

1IRI data at full resolution. the l\III-translational nüsregistration function cun'es for

original ~IRI data do not ha\'(' as many local mininlu as those at the sarnpling rate

= 3 : 1. Nevertheless. they are still fiat aroune! the correct registration position and

the local minimunl in the ClInT' for tlH' lJ direction (anterior-posterior. dashed line

in Figure 5) can be seen dcarly. The Gallssian blllrred .\IRI data~ ho\vever. gives a

sharper response around the correct registration position.
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Figure 5.8 shows the MI w'rsus translational rnisregistration function cun"es gen

erated for the cases of subsClrnpll'd blllrred :\IRI data (F\VH~I = :3 mrn and F\VHwI

= -l mm) at 1 : 1. 2 : 1. 3 : 1. aud -! : 1 rates. It l'an he seen fronl the figures that the

shape of the curves obtained at the sampling rates l : 1. 2 : 1. and 3 : 1 are similar.

without local nlÎnimum. The cur\"es frorn sarnpling ratC' -! : l has sonle local nlinima.

especially when the )'IR iIIla~(' \\"ëlS blllrred by the Gaussian kernel of F\VH).I = 3

mm. which is smaller than the séllIlpling interyal. For chis reason. our implementation

uses 3 : 1 and 2 : 1 as the starting and the f'ncling samplillg rates in the optimization

procedure. The sirllilar l'un'C's as F\\·H).I = -l lllnl. \\"ef(' obsen"ed for higher F\VHi\I

(i.e. F\VH~I = G rHm and 9 lUlU). i.e. lpss local minima with sampling rate of -! : 1

than the curves generated from F\\"H)'I = :3 illnl.

For tPET data at \·êuiollS n'sulutions. there should be aIl optirnal F\VH).I for

the 3-D Gaussian kernel applied to the )'IRI data which yields the best registration

performance. This issue was in\'pstigated by cxperirnent type:-\. llsing ~IRI at five

resolutions (Gaussian kernel F\\"H)'I = () [um. 3 mm. G mul. 9 nUll. and 12 HUll) and

simlliatecl tPET iInages Il:l. I:!:~. and I:n respecti\'ely from bath subject SI and S2.

Figure 5.9 shows the mPèlIl :3-0 LIIl.S. misreg-istration errors for this experiulent.

Consistent with the MI \·C'rslls rranslational rnisr<'gistration fllnction cun"es in Figure

5.8. it can been seen that with thp lo\\,('st n'solution tPET iluage (F\YH).I = 1G.:2 Illnl)l

the procedure cannat reco\"('r the' Iloll-blllrred original )'IRI data (F\\:H).I=O IIlIn)

from the randoIIl transformation H'ry wL'l1 due ta tlIlIIlatched information contained

in ~JRI and tPET iIuages (i.('. lack of details in tPET image but Illany details in non

blurred .\IR iUlage) ..-\nd for the tPET iluages at the rnecliuln rl'solution (F"\·H~I =

7.8 mm and 11.7 nlnl). the lVII algorithnl is not very sensiti\"e ta the resolution of )'IR

images; e.g., F\VH).I = 3 IUIll to 9 IIlill ga\"e sirnilar results. It can be Iloticed that the

t\Vo subjects respond to the r<'solution of )'IRI differently. i.e.. SI shows a minimunl

at F"VH~I = Gmm with la.rger registration error at lowest resolution (F\VH:\I = 12

mm) while S2 does not. this issup will be discussed latel' in Section 5.4.1.2.
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Figure 5.8: The effect of different sllh-sampling rates onlVII measurement. The :\IR data is blllrred

by 3-D Gallssian kernel with F\\"H:\I = -! mm. 3 mm respcctively before the MI versus translational

misregistration calculation. The fonr culumns from left ta right correspond ta sampling rates of

-! : l, 3 : l! 2 : l, and l : 1 respecti\'dy. Solid line - along .r direction. dashed line - along y direction.

clash-dot - along :: directioIl .
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Figure 5.9: Regi.stration errors [rom :\IRI and tPET ima~es at \'arious resolutions. The fin~ :\IRI

data sets are blurred by F\\'H:\[ = 0 mm. :3 mm. 6 mm. 9 mm. and 1:2 mm respectively. The three

curves represent tPET images at resollltiOll of F\\·H:\[=7.8 mm. 11. ï mm. and 16.2 mm as indicated.
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5.2.1.3 Interpolation Methods

The effect of interpolation Illethods on registration \Vere also f'xamined by analysis

of the MI versus translational misregistration function curves. MI measurement

with four different interpolation rnethods (nearest neighbor. trilinear. trilinear par

tial volume distribution. and tricubic) han~ been obtained fronl the same ),IRI and

tPET data as a.bon~. The> [(lsults ShOWll in Figure .=S.10 denlonstrate that the nearest

neighbor interpolation gi\'es step-wisf' cun'es along; eal'h direction and the other three

interpolation methods r('sul t in sirnilar function l'un·es.

5.2.2 Performance of Registration lVlethods

.(
a.

.(
, .

The performance of bath 1\111 and VR [flgistration algorithnls was assessed uSlng

different indices, induding (1). registration élccuracy. (:2). stability against noise .

(3). stability against spatial l'esolution of tPET iIllage. and (-1). robustness to data

truncation, In Section 5.2.1. thrpe irIlplclllentation pararneters induding estinlation of

initial transformation rnethod. sarupling and blllrring on ),fRI data and interpolation

method were in\'pstigatpd on tht' IVII IllPthod. Tlu'se t hree pararuetprs shollid ha\"e

the saIne effeet OIl both of dlt' r\\"o \'oxel-bast-'d ruethods (MI and VR):

• The estinlëltioll IlH'thod of initial tranSfOrIll<ltioIl intt'llcis to get a better o\"C'rlap

of the t""O irnages at tllP bpginnin~ of the iteratioll. therefore the onC' \"hich can

give a larger oyprlap n>lunH1
• will henefit any \'oxel-based registration rllethod

since the suceess of t11(' yoxel-based method dt-'pends on large nunlber of \'oxels

participating registration .

• A beter choice of sampling rate and blurring on :\[RI valunle cnables the two

iInages franl different Inodalities ta haye more Iuatched infornlatian and qllickens

the registration procflduf('. TherefarC'. for the t\\'o "oxel-based methocls using

the saIlle Inatching fcat lln~s (i.e. \"oxpl intensity) , the choice of these two

parameters should oIlly uc atfected by the data sets not by the method itself.
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Figure 5.10: MI rncasuremeIlt \'prslls trëlIlslational misre~istration Ululer different interpolation

methods.

~IR data is blllrrcd b('forc cakulation of NIl [UeaSl1rement and sampIed at rate of 1 : 1. SoIid line -

along x direction. diUihed line - alonl!, JI direction. clash-dot - along :: direction.

(a) Nearest neighbor interpolation

(b) Trilinear interpolation

(c) Trilinear partial volume distribution interpolation

(cl) Tricubic interpolation.
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• The choice of interpolation rnethod in this thesis is a trade-off accuracy and

computation efficient. So \H' tlSP the trilinear interpolation on both rllcthods.

Based on these reasons. tlH' sauH' implernentation pararneters are nsed on both MI

and VR methods.

5.2.2.1 Registration Accuracy

Experiment type .-\ was applied ta ~rRI and simulated tPET inlage f'2:J (F\VH)'[ = Il.7

rnm and .Vmax = 9.\/) froul bath snbj(lct SI and S2. Forty random transfannations

\Vere applied on each sllbj(lct. TllE! :3-0 misregistratian errors of the resuIts fronl the

twa registratian algarithrlls are ShOWIl in Table 5.L.

The sirllulated tPET data imagp f'2:J is closest t.a tlH' [pal OIlPS obtaining dllring

general clinical stndif's. Th(' tl("('uracy of the registration caI! !lE' <'xarnined by t1H'

3-D mean r.m.s. (Equation ..L:- ). The standard dl'\"iation of the r.rll.s. \"allleS aiso

indicates the stability of thl' [pgistration alg;orithnl. The MI Inethod sllcceeded in

aIl of the SO ruus on the two :-;nbj(,t'ts (max r.Ill.S. < :2.5 IUlll). while 10% of the VR

registrations han' LIU.S. misregistration \·ahws of > -t IUlll.

Iuethod !
1

j

1

subject UH'an r.Ill.S. (UlIll) 1 std r.Ill.S. (IllIll) IllilX r. Ill.S. (nlIn) ,

)'II 1.90 i 0.16 2.35
SI

i

\"R 2.81
1

0.72 5.68

~II 1.8-1
1

0.17 2.1.5
S2

1
\'R ") -,) O.-t:3 -t.56_.1-

Table .5.2: 3-D misrpgistration errors on subject SI and S2

5.2.2.2 Noise and Resolution

The performance of the registration algorithnls against the nOise and rl'solution of

~IR images was not ill\"estigated in this thesis. Conlpared with the tPET irllages.
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:\IR images have lllUl'h highl'r resolution and signal ta nOIse ratio. Besides the in

trinsic characteristics of the' t\\·o iIllage modalities. the :\IR images is blurred before

registration in our inlpleruentation. therefore. the noise in :\IR inlages is negligible.

The resolution and noise level of PET transmission irnages are the nlajor eifect on

the 0.IRI/tPET ilnage registratioll.

The stability of the reg;istration algorithnls as a function of resolution and noise

level in tPET images was exaluined using type .-\ experiments (registration accuracy.

see Section 5.1.1.2). The :\IR inHlge \YëlS registcrpci wi th each of the 12 simulated

t PET irnages [rom thp SëlIllf' subj{'ct. Twputy randarn transformations were used on

each :\IRI/tPET inlage pair of both subjf'cts of SI and S2. Figure 5.6 denlonstrates

exanlples of the sinlulated t PET iIllages. Figure .S.ll and 5.12 show the rnean :3-0

illisregistration errors (Equation -1. ï) for different total connts in the tPET image.

using the MI and the VR nlf'thoeis rpsp('cti\-ely. In figure' 5.12. the results [rorll PET

images at resolution of F\\"H:\I = 1G.:2 HUll ,,"pre Ilot shown. The rnean Lm_s. \·allles

from the registratioll H'sllits are aU larger than 10 nini. which indicates that the VR

lllethod is very ullstable for 10\\" [('solution tPET inlages.

5.2.2.3 Data Truncation

:\fRI and PET scans on t11<' SëUIle pati(,llt. \\'hen acquirecl at different times. nlÎght

cover different parts of the braill. This partial onlrlap issue is a common problerIl in

nledical imaging.

Ta test the robustness of dH' Iuethod to truncation of ~IRI data. slices fronl :\fRI

data were renloved froIlI bottoIU. t.op. or both frOIlI subject S2. Experiruent type .-\.

\Vas performed on the :\IRI data with missing clata and the simlliated tPET data.

Twenty randoill transfonnatïolls \\"('re applied on the )'[RI data in each trial.

Figure 5.13 giyes the IIleCln :3-0 registration ('rror of the registration as a fllllction

of the percentage of missing; data from :\IRI data. It should be noted that the original

:\IRI data caver larger (lG<l. v('rtical dash line mark in the figure) volume than tPET

ïl
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data because the prepron'ssin,[?; stPp only cropped thp y,IRI data to approximately

CO\'er the whole braiu. Therefon'. the: tirst IGlft data fronl top in ~[RI data have

no corresponding part in tPET image. hencf'. this part ITlight he refIloved withollt

affecting the perfornlélncc of rC'gistration algorithms. frorll the figure. it can he seen

that the MI Inethod is stable \Vith up to 25CX, data rnissiug frorll bOttOIIl. 28(!c: (-!-l(,i;': 

1G(lb) from top and 3-CX (50S{ - IG<.X) frorn bath. \\1Iile the VR rnethod caIl keep

stable with IDc/;'- data ruissing from bottan!. 9cx: (25(i{ - iG(X) fronl top. and 9%

(25% - 16%) frarn bath.

5.3 Results from the Experiments on Real Data

Sets

Based on the eXperiIllE'utal l'('su1ts from last section. we found that the MI nlethod is

more accurate and robust than tlH' VR II1Pthoci. For rC'al data sets. true registration

resllits \Vere lluknown. Heul'P. an (Ixact measurc of nlÎsf('gistration was not possible.

Therefore. it is Ilot possiblp to qnantitati\'C'ly compare the registration accuracy be

t\\'een the two nlcthods on the n'al data sets. For t his reasou. the experinwnts on the

real data sets were only applipd to the MI methud tu PXélluine thc I)f'rforrnancC' of

the method on the iIlla~f'S from clinical studies.

The MI ruethod \Vas tlse'd to wgistf'r :21 y,IRI/tPET Inli:tge paIrs (See section

5.1.2.1). Figure .3.1-1 s11o\\'s t\yO typical registered images..-\s can be seeu from the

right colunlil. although part of TlH' data \\'as Illissin~ froIn the tPET inlage. the MI

algorithm \Vas still succf'ssfu1.

Visual inspection of the' snpprimpospd re-sarupled y,[RI and tPET iIllages froIIl aU

21 subjects demonstrated nu oln-ious ruisregistrations.
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Subject Rl Subject R2

{ PET
Transmission

SUperimposition
MRl:1

PET Tranamission

Figure 5.1-1: Registration on real data bath tPET images were collected [rom Siemens ECAT

HR+ scanner. The PET ima~e on right colllmn has part of data missing from the front of head.
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5.4 Discussion

In this section. the first part discusses the issues related to the effect of inlplementation

parameters on the MI method. The second part compares the performances between

the MI and the VR ulethods.

5.4.1 Implementation Parameters

5.4.1.1 Volume Overlap at the Beginning of Registration

The experiments perfornwd ta (,\l:tluatfl two nlethods of estimation of the initial trans

formation indicate that the \'olume o\'erlap at the beginning of registration is an

inlportant factor on the StlC:C(lSS of tllP lVII algorithrn. The random transformations

in the experiment (Section -1.:3.2) causee! the t\\"o \"oltnnes to ha\'e smaU overlap if

aligned by geometric center. The estimation of initial transformation by COG align

ment has the advantage of providing better o\"crlap of the twa volumes. Since the use

of Cl large number of \'oxels in a \'oxel-based registration is the principle reason for

its robustness against noise contained in both inlages~ larger overlap regions at the

heginning of registration permit the NIl algorithm to he' Inore robust against randanl

noise in both images. The similarity IllcasurCIuent can only indicate ho\\" weU the t\Vo

clata sets match in the areas of o\'C'riap: therefore. at the initial position. if the ~IR

and tPET images have signifiLant IlOIl-O\"crlap areas. the similarity measurement MI

may be a local mininlllIll and smallcr than that obtained when the two volunles are

Lorrectly aligned.

The experiment (Section 5.2.1.1) also shows the by aligning COG~ the initial esti

mation gives a better ('stinlation on translation paraIn('ters~ hence. the optimization

converges [!lore qllickly (less iterations wcre perfonned).

l'
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5.4.1.2 Sampling and Blurring on lVIRI in the MI Method

The goal of blurring tllf\ ),IR image hefare registration wa::; ta reduce the pffect of

noise and subsanlpling~ and to rl'IIlaye details \'isible at the highest resolution from

the :\JR image. which no carresponding detail in the tPET iluage. nlay only introduce

registration errors. The experinlellts on t\Vo simulated tPET iUlages showed:

• :\. blurring kernel applied to .\IRI data before registration is necessary even

with a fully-saIupled .\ IR iIuage (Spp Section 5.2.1.2). This will let the two

inlages haye more cOtTf'sponc1ing inforrnation. i.f'.. decreélliing the cletails from

),IR images. \vhich have uo corrf'spondence in tPET images.

• For Inedium resolution PET data. <,.g. F\\9H),I = ï.S mm and 11.ï mm. the MI

Iuethod is not \'ery sensitin\ to the \\"idth of the Gaussian kernel applied to the

.\IRI data (See Figure 5.11 and Figure 5.12). A broad range of blurring kernel

widths (F\VH~I fronl :3 mill to 9 IIlIU) yielded sinlilar good results at both PET

resolutions. This is b('céluse that at this range of resolution. infornlation froIIl

.\IRI and PET iIIlagf' han' bpttpr match than those when .\IRI is not hlurrerl

or o\T'r-blurred.

• The F\YH.\I of thp blurrillg kernd should he bounded abon~ by the resolution

feature of inten~st. snch as skull and scalp in .\IRI/ tPET rcgistration. \ Vhen

the F\\"H.\I of blurring k('rIlPI is large enough ta blur out these fcatures. i.e.

Iuixing scalp and skull in .\IRI data. the lllatching features bet\\"een the images

ta be registered will hp lost. Thus corrcct registration is hard to obtain in rhis

case.

However. the two subjccts gan~ different results when the tPET data \Vere at

resolution of F\.yH~I = 1G.2 IliUl and the .\-IRI data wp.re blurred with F\VH:.\I = 9

nlm or 12 HUll kernel. i.e. there is no explicit nliniIIltlnl in the r.m.s. error plot for

subject 52.
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Visual inspection of the two .\[RI data sets (Figure 5.2) shows that subject 51 has

il thinner scalp than 52 and thp ('ontrast between scalp and skull in SI is lower than

that of 52. \Vhen SI is blurrfld with a large F\VH.\[ kernel (i.e. F\VH.\[ = 9 mm). the

scalp and skull cannat !Je disting-uished froln each ather dearly. On the other hand.

the tPET data has hip;h contrast between the scalp and skull tissue. \Vhen blurred

with the same kernel. the intPIlsity diffe[ence bf'twcf'n scalp and Skllll is still qnite

clear for subject S2. Therefore. there is a tracle-off bet\\'een retaining the feature of

interest (e.g. skull and scalp) and reIIloYing details and noise from the .\[RI data. The

results suggest tlIat a filter F\\-H.\I of 6 mIn be choseu as a cOIIlpromise for practical

use.

5.4.1.3 Interpolation l\IIethods in lVII Method

Fronl the four MI rneaSUrf'nlent. as a fllnction of translational Inisregistration plots

obtained by using different interpulation rnethods (Figure .5.10). the nearest neighbor

interpolation. which is the fastest intf'rpolation arnong the four nlethods. gi\"es a step

,"t:ise curve due to the larg(' \"oxPl size of tPET data. FrOlu the fiat response around

the true registration position. it is appan'nt that the neëlrest neighbor interpolation

call not give results with sub-,"oxf'l an.:tHèlC~".

For the other threr interpolation IIlC'thods. the trilinear and trilinear partial vol

ume distribution interpolation UlPthods gi\"c quite similar results. Although the initial

illtent to use trilinear partial \"oluull' distribution interpolation instead of trilinear in

terpolation was to avoid unprcdictable changes in the histograIIl of the target volunle.

the trilinear interpolation shows no sign of ill- beha\"ior froln the MI \"ersus transla

tional Illisregistration fnnction (Figure .3.10). Due to the low resolution and large

interval between slices along the:: direction of transIuission data. the Inore sophisti

cated tricubic interpolation does Ilot gain IIluch adv<:lntage over the trilinear methods.

Therefore. due ta the fast spppd of the trilinear interpolation method (approxi

mately six times faster thau the tricllbic illterpolatian)~ it was used throllghout the

i9
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experiments in this thp:sis.

5.4.1.4 Noise and Resolution Effect in MI lVlethod

The experiments on the stability of the MI algorithlll ta rrsolntion and noise 1en~1

of the tPET data (Figure .).11) show that the two carves representing resolutions

of F\VH:\I = Il. ï IIlIIl and ï.8 1I1IIl are \'ery dose WhPIl .V"wx ~ 9J[. \Yhen the

resolntion is high (F\\"H:\I= ï.S lnlu). the registration error is still helow :2 nlln even

for tPET data havin~ 10'\' c()unts. Ï,P. .'"max = "2.\/. These results snggest that the

algorithln is less sensiti,'p to noise than it is to spatial resolution. Since the MI

algorithm uses a large' nUlnbpr of "oxels in the similarity calculation and the noise in

the data sets is randoluly distributcd. the algorithm is robus! ta noise. Howcver. la,v

spatial resolution (i.e. F\\"H:\I ~ L6.2 IHIU) of the tPET ilnage Iuay cause a shift of

the features of interest. affpcting the rpgistration accuracy. In Figure 5.11. the [('sults

from subject SI s11o\\'s that the Ill('éUl registration f'rror at .Vrnax = 28.\[ is huger than

that at .Vmax = 9.\/ for F\\"H:\[ = L6.2111111 . due to oUc large LIll.S. 'clIne in the trial.

This demonstrates that tll<' spatial [esolution affects the MI algorithIIl mon' thau

does noisC'. and the algorithIll is lpss stabll' Wh<'Il thp tPET iIllage is at low spatial

resolution.

5.4.2 Comparison Between 1\111 and VR Methods

(

Thc second set of eXpl'riIIlPllts of ~[R.I/silnlliated tPET illlage registration were per

[ormed on both the MI and the VR methods. The registratioll accurac:y experinlents

(Section 5.2.2.1) show a meall êll'Cllracy [rOln MI method was of < 2 rnrn "'hile it

\Vas larger than 2. ï lllill from VR. This indicates that the MI nlethod t'an gi,-e illore

accurate registration result.s than thl' VR lIlethod from the clinical-tike silIllllatecl

PET iluages. The standard dp"iation \'alne of the r.In.S. (Table 5.2) shows that the

MI method (stcl r.rn.s. < 0.2 IBm) is more stable than VR rllethod (std r.m.s. > 0...1

mm).
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The experiments on the robustness of the methods a~aillst noise and spatial res

olution (Section .5.2.2.2) show that bath the MI and the VR methods are more

sensitive to spatial resolution than to noise. Ho\YPver. the VR Inethod deteriorated

much faster than the MI method when decreasin~ the spatial resolution of the PET

inlage (i.e. for the VR method. mean 3-D registration error r.m.s. > 10 mUI when

the F\VH~I of PET irnage is IG.:?Innl).

Data trnncation experinlents (Section .5.2.2.:3) denlonstrate that the MI nlethod

is more robust to the data truIlcation fronl ~IR inlages thau the VR nlethod. \Vith

up ta 25CX; slices nlissing from :\IR irnage. the MI Illethod could still work weIl. But

the VR method could Ilot [('main stable when more than lOI){: slices Illissing from

:\IR inlages.

Fronl the experirnents in S(I('tiOIl :J.2.2. we conclude that the MI rnethod is more

suitable for the ~[RI/tPET imag;p registration problenl. The ]\tII Inethod can achieve

sub-voxel accuracy « :2 mIn) for practical clinical studies. It is rnore stable than the

VR method when the PET iIIla~e ha~ 10\\- spatial resollltion and high noise levels.

The MI ulethod is alsa Inon' robust to the partial o\T'rlap issue than the VR nlethod.

In the VR Iuethod. the' similarity IU('ëlsureIIlent is Illost effective if the intensity

partitions can be best Illatch(ld to t IH' trU(' tissue classification (i.e. the sanIe intensi ty

values represent sinlilar tissue typps). Howen'r. in T l-wpighted :\IR ilnages. the inten

sity values of scalp and white matter are dose ta each otlier. therefore in :\IRI/ePET

image registration. the non-!Jrain structures ha\'e to bl' reInoved before registration.

In ~IRI/tPET iIIlage rcgistratioll. the scalp aud skull both coutain very iInportant

information ta Iuatch PET iIIla~l' with ~IR irnages. Thus. the scalp and skull should

not he rernoved fronl the :\IR imapp. On the other hand. keeping the scalp may cause

the variance of intensity ratio siIllilarity IlleasureulCIlt to he lcss effective. and thercby

causing the VR Illetl10d to he less accl1rate and robust than the MI rnethod.

Another possible reason for the MI nlethod being IIlore accurate and robust thau

the VR nlethod is that the MI llH'thod IllCasures the feature space histogram from
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both dimensions whilp the \-ariance of intensity ratio nlelli;urement \,·orks in one di-

mension. I.e. it is asynlnH"ltric. Since the VR measurerllent is calculated along one

èL'GS (Le. the :\IRI ëL'GS in :\IRI/PET registration) of the feature space histogram. it

can only assign large \·ariance \,due ta the :\IRI partitions (\·oxels with same :\IRI

intensity \"alue in the VR Illethod) \\-IH're the intensities in the corresponding PET

regions are not llniforrn. ()n t IH' oT Ilf'[ hand. when the nniform [(~~ions in the PET

image corresponds to non-llnifonIl r('~ions in the :\IR inlag;e. the VR method will

not directly make the \-ariancp \,d lie highpr since the :\IR inlage is taken d..'3 the de

nominator image in the VR Illf'èblln'ment. The ~II IIIPthod calculates the sinlilarity

measurement on the feature ~paCf' histogranl symrnetrically. Therefore. bath cases

described aboye intTeaSf' t he ~irIlilarity IIled....;urement (:\11) \-alne instead of only one

case does in the VR nlethod. \\"llPn' Ilnifornl region in denonlÎnator image corresponds

to non-uniform region in llUIlH'rator image.



.(

{

(

Chapter 6

Conclusion and Future Related

Work

6.1 Future Related Work

- ?
~ •.J



6.1.1 More Evaluation Experiments on the Registration AI

gorithm

6.1.1.1 Experiment on Simulated PET Transmission Images

The experiments in Chaptpr .:j :;ho\\· rhat the filter width of the blllrring kernel should

be limited by the resolution of dl{' featurps (Jf intere:,t ; i.e. ~kull and scalp in PET

images). ~Iore experiments on :\IRI/PET data s('t~ frorn different subjects should be

performed to pron' t his and ~in' a mure strict critPrion and an adaptable met hod for

choosing the fiIter \\'idth of the blurrin~ kernel êlntornéitically for ('ach 5ubject.

\ ·arious experiment~ han" ~ho\t,'n rhat t he ~II rnethod is more sensiti\'e ta ~patial

resolution than to the noisp uf PET rransnlission irnagp. \\Ïrh PET images at higher

spatial resolution. the algorithIll :,hUllld gi\'e mon' acCllrate registration resuIts. The

Siemens EC.-\T HR~ scannpr at dl(' :\1:\1 can pro\'idps tPET images at higher resolu

tians and with larger F()\' t han tht> olcIer Scanditronix PC-2ü-!8 scanner. Simulated

tPET images generated baspd on thp ~p()illetry of this np\\, scanner should be llsed tO

pro\'e This conclusion, FruIll the.:p qnantitati\'p p\({luariuil n'~'illt:.:;, the Iuethod can be

widely used in the research ~,\'()rk ba~pd on the PET irIla~e:-: f[(Jill the Siemens ~canner.

6.1.1.2 Quantitative Evaluation of the ~\II A.Igorithm on Real PET Trans-

mission Images

The \"alidation experiillPllb un real ~IR1 and tPET illla~es described in Chapter .j

\\"ere not quantitatin-, The pxaet rpgistration accuracy cotlld not be p\'aluated by the

\'isual inspection. Thpreforp. t hp qllantitati\'p assessrnent on the rrgistration accuracy

of the algorithm on real data :-:Pt:-, is dE'sirable. The registration resuIt frOill extrinsic

landmark-based registration rdgorithm can be tlsed a~ the reference to rneasure the

registration error ) 9. 63;. On the othrr hand. registratioll results from ather regis

tration methods Ii.e. sllrface-hased rnethod and intrinsic landmark-ba.sed lllethod)

on the same data set~ can bp 11:.:;pd to pyaluate the consistency of the ~II registration
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algarithm.

Another experiruf'nt will !Jf' ,"pry intf'rf'sting to furtherly \"{'rify the lVII and VR

nlethads. in which the rf'gistration m<'tl1ods arp to rp.gister l'cal ~IR image to both

real and simlliated tPET ilna~es of the sanle patipnt. Comparing the two registration

results will help the \'alidation (Jf bot h siIllulated PET tf'chnology dpscribed in Section

5.1.1.1 of this thesis and thp rp~istration IIlPthad itself.

6.1.2 Incorporating ]\tIare Matching Features to Improve the

Registration

.(
--

In our voxel-based :\IRI/tPET image nlgistratioll algorithms. only \'oxel intensity is

taken as the Iuatching [paturf'. TIH' ad\-antage of llsillg this matching [cature is its

simplicity and robnstIH'ss. lwcallSP 110 feature flxtraction pl'ocf'dure is required. Collins

et al. [61J dernonstratpd that. using; two matching featurps (i.e. \'oxel intensity and

gradient magnitude) aUows the ff-'gistration algorithm ta be more robust than using

only one matching featllrf'. Althollgh uot aU gradient information [rom the original

~IRI and PET irnage an' ('qui,-alf'ut (i.f'. the tissues "'ithin the skull are alrnost

llniforrn in tPET iIllag('). it is possi bIC' tu get sonle C'qni,·alpllt gradient infornlation

from the blurrcd ~IR ilnag{'. in which the fine (h,tails in brain arp reIIlo\"ed. For

example. both ~IRI and tPET irnagp ha\·e large intensity changes aronnd the scalp

and skull an~a. which can yif'ld srrong gradient nlagnitllde \·alues. These strong

gradients will ha\'c a positin' pfff'ct on the registration accuracy.

HowevPL incorporating gradif'nt infornlation iuto pxisting ,·oxel-intensity-based

registration rnethod I11ust considpr thp foUowing two issups in arder to Iuake the

registration more accnrate and robust:

• Ho\\' ta l'emove the fine details fronl ~IRI data \\"hile keeping the contrast be

t\Veen skull and scalp stron~. and the gradient information in these regions Ilot

shifted. In this Cêl.."iP. th{' cl10icc of filtpr \\'idth of th(' blllrring kernel may be more
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critical to the SllCCPSS of tlH' registration than that in the intensity matching.

• The effect of gradient nlatching on the whole registration procedure. There are

two possible ways ta incorporate the gradient matching into the whole registra

tion procedure. Firstly. the gradient rnatching can be taken only as a. fine tnning

approach. For exaolple. wc can linlÎt the range of changes on the transforma

tion parameters of tlH' n'gistration result obtained from \'oxel-intensity-based

matching. Secondly. \\"C' can han" the gradient matching affect the transforma

tion paranleters as eqllally as the intcllsity-based Iuatching. Gradient operation

might give spuriolls information dW' to noise and gradient matching may he not

as robust as the intensit~·-baspd Inatching against noise though both Inethods

use large nunlber of wlxpls. Thflrefore. a prelinünary élnéllysis on the robllstness

of the gradient nlatching agaillst noise in tLe inlages should he performed tirst.

If the analysis shows thp gradient IUéltching is Ilot as robust as the intensity

nlatching~ the first IIlPthod (llsing gradient luatching as a fine-tune appraach)

may still be used.

Besicles the rnatching feature. the optirnization procedure used in this thesis (Po\\"

('11 algorithm) Iua}" be iruprov('(l. For ('xarnple. cOIIlparpc! \\"ith the ~ewton-Raphson

algorithm~ the PowclI algorithnl caklllating [Iluch Inore tilncs of sirnilarity measure

nlents~ which is "cry computatiou-illtPllsive due ta large llumber of \"oxels participat

ing the computation. :\lthollgh tIl<' trllP d('ri"ati\"(~ \'alup of mutnai information can

not be obtained. nunlCrical approximatioll Illay he adequate ta make the derivati\'e

based algorithm work in the MI mNhod \\'hich will grcatly improvc the efficiency of

the optimization procedure.

6.2 Conclusion

.{ This thesis describes an autOIuated tracer-indcpendent :\IRI/PET registration nlethod.

which is based on the spatial aliglled relationship betwePil the tPET and ePET inlages.
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In this method, the registration of the ~IR iruage with the ePET image is acconl

plished alltomaticall:v by the n~~istration of the ~IR irna~e with the corresponding

tPET inlage. Becallse tPET irnages carry the saIne anatomical information regard

less of the tracer llsed in the PET stlldies. the n"\gistration of ~IRI/PET translnissioll

inlages allows the ~IRI/PET l"('gistratioll pcrforrned in a tracer-independent fashion.

This tracer-independf'nt reg;istration Illcthod is espeda11y llseflll in t\Vo cases:

• The tracers used in SOIIle PET stlldies accuIlluiate in Cl sIIlall region. The PET

emission images in these stlldics do Ilot pro\'ide enough anatomical infornlation

to match \Vith ~IR images.

• Even \Vith the tracer that accuIIllliates thronghollt the entire brain. the PET

images frOIlI the patients with tUIIlor or stoke Illay contain large reglons of

abnormal accunnIlatiolls.

Two voxel-based registrar,ion methods \\"ere inlpIeIIlented to register ~IR and tPET

ilnages in this thesis. Til(' llllltllal information met hod (MI). \vhich is based on

information theory. llses the Illutuai inforInatioIl of corresponciing intensity yalues

fronl the two irnages to IlleaSU[(' hO\\' \\'c11 th(' two imag('s match to cadI other. The

\'ariance intensitv ratio met hod (VR tries ta minirllize the variance of intensit\~ ratio. -

throughout the \'ohuues to regist<'r thl' t\\'O irllages. These two voxel-based methods.

cOillpared \Vith point-Iandrnark-Imsed illethods and surface-based rnethods, do Ilot

require feature extraction procpdllre bpfore the registration and use large numbcr of

voxels in the registration. Therefore. these t\\'o methods are Illore robust ta the noise

and partial overlap of the two iIllage \'01 urnes.

The validation of the registration Illethods was perforrlled on both sinnl1ated and

rcal tPET images with [cal ~IR images. The qUélntitativp. l'valuation of the two

nlethods on sinlulated P ET transmission iIuages with :\IR inlages indicates:

1. The MI method gin~s more accuratc registration l'l'suIt than the VR method

in ;v[RI/tPET irIla~e [cgistration. \Vith PET images at rl'solution ~ 12 llim
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and :,Vmax ~ 9 :\1. tlw MI method ~inls :3-0 rnean registration error less than 2

nlm.

2. The MI rllethod is more stable than the VR rnethocl when the PET trans-

nlission image bas a l1igb noise Ipyel. \Vith tPET inlage having total counts

:,Vmax < 1JI. the MI rnethod sh()\\,s [eg;istratioll ('rror < 3.5nlIll for both SI and

52 subjects and the VR lllt'thod shows prror > :JmTn for SI. (See Figure 5.11

and 5.12).

3. 80th mcthods arC' mon~ sPllsitin1 to spatial r('solution than the noise ln PET

transmission inla~f'. The VR IIlE'thod seems to deteriorate more quickly than

the MI Illcthod \\'ith thC' spatial rpsolution of PET transnlÏssion inlage clecreas-

lng.

..1. The MI method i5 mon' robust t han the VR rnethod in the casf' of data trun-

cation in :\IR irw:lf,;('S.

;]. The blurring; procpd lin' }H'fore sllbs<lrnpling :\IRI data in the f(lgistratioll allows

the IUlllti-resolutioll optimizël.tion to be IUOrf' robust against noise in the inlages

and more efficient .

.\{RI/PET iIIlage' n'gistratiun 1S a \ï-tillable tpchniqllP to facilitate the investigation

of brain fllnctioll. the clinical diagllosis and trf'atIIll'nt. TlHl traccr-inclependent regis

tration algorithru dC\'eloppd in this thesis greatly increases the possibility of aCCllrate

registration of :\IRI to ('PET ima~('s in any tracpr stlldies. Fl1rther inlprO\T'ment and

validation of this algorithm will l'uhauce the' <,mploYIncut of this method in both

research and clinical cIl\·iroUIllt'nt.
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