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Abstract

Emission Tomography Techniques for Non-Invasive Presurgical
Evaluation of Patients with Refractory Partial Epilepsy

Emission tomography of cerebral blood flow and glucose metabolism are useful for
non-invasive presurgical evaluation of patients with refractory partial epilepsy. This
work provides techniques to reduce the influence of image degrading effects on the
detection of epileptogenic regions. We developed an anatomy based maximum-a-
posteriori (A-MAP) reconstruction method for partial volume correction of the gray
matter activity. The method uses segmented magnetic resonance imaging data and
knowledge of the pathology. A-MAP yields excellent results and has been applied
successfully in practice. We also studied the influence of the reconstruction and
noise suppression technique on the characterization of clustered voxels in subtrac-
tion SPECT. The results indicate that the application of A-MAP on SPECT data
improves the presurgical localization accuracy of epileptogenic regions.

Emissie Tomografie Technieken voor Niet-Invasieve Preoperatie-
ve Evaluatie van Patiénten met Refractaire Partiéle Epilepsie

Emissie tomografie van de cerebrale doorbloeding en glucose metabolisme is nuttig
voor de niet-invasieve preoperatieve evaluatie van patiénten met moeilijk te behan-
delen parti€le epilepsie. Dit werk verschaft technieken die de invloed van beeld
degradatie effecten op de detectie van epileptische regio’s reduceren. Een op ana-
tomie gebaseerd maximum-a-posteriori (A-MAP) algoritme voor partieel volume
correctie van de activiteit in de grijze stof werd ontwikkeld. De methode gebruikt
gesegmenteerde kern-spin tomografie data en kennis van de pathologie. A-MAP
levert excellente resultaten en is met succes in de praktijk toegepast. Daarnaast
hebben we de invloed van de reconstructie methode en de techniek voor ruisonder-
drukking onderzocht voor het karakteriseren van gegroepeerde voxels bij subtractie
SPECT. De resultaten tonen aan dat A-MAP toegepast op SPECT data de nauw-
keurigheid bij de preoperatieve lokalisatie van epileptische regio’s verbetert.

iii






Samenvatting

Inleiding

Epilepsie verwijst naar een verzameling van chronisch neurologische condities die
gekarakteriseerd zijn door het zich herhaald manifesteren van epileptische aanvallen.
Deze aanvallen zijn de klinische manifestaties van plotse, abnormale, en gesynchro-
niseerde elektrische ontladingen van cellen in de grijze stof van de hersenschors. De
aard van een epileptische aanval hangt voornamelijk af van waar de elektrische ont-
ladingen beginnen, hoever die zich doorheen de hersenen verspreiden, en hoelang die
duren. Epileptische aanvallen kunnen gepaard gaan met het verlies van bewustzijn,
en het verstoren van sensorische, motorische, en mentale functies. De duur en de
ernst van de aanvallen, alsook de gemiddelde tijd tussen opeenvolgende aanvallen,
kunnen van patiént tot patiént sterk variéren.

Omdat er verschillende soorten epileptische aanvallen bestaan, werd een classifi-
catie systeem uitgewerkt. De voornaamste onderverdeling daarin is dat van partiéle
versus gegeneraliseerde aanvallen. Partiéle aanvallen starten vanuit een bepaalde zo-
ne in de hersenen, de zogenaamde epileptische focus, terwijl beide hersenhelften van
bij het begin betrokken zijn bij het type gegeneraliseerde aanvallen. Dit onderzoek
spitst zich toe op partiéle aanvallen, met als voornaamste doel het zo nauwkeurig
mogelijk omschrijven van de epileptische focus.

De Wereld Gezondheid Organisatie (WHO) schat dat ongeveer 0.82% van de
wereldbevolking een vorm van epilepsie heeft die een medische behandeling vereist.
Bij een derde van deze patiénten zal blijken dat het huidig aanbod aan geneesmid-
delen niet helpt. Voor deze groep patiénten met zogenaamde refractaire of moeilijk
te behandelen epilepsie is het aangewezen zich te laten evalueren in een gespeciali-
seerd epilepsie referentie centrum. Deze centra, die door de overheid erkend worden,
beschikken over het diagnostisch materiaal en de gespecialiseerde zorgen voor een
zo optimaal mogelijke behandeling. Bij een deel van de patiénten met moeilijk te
behandelen partiéle epilepsie zal, mits een uitgebreide preoperatieve evaluatie, een
curatieve chirurgische behandeling voorgesteld kunnen worden.
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Preoperatieve Evaluatie van Refractaire Parti€le Epilepsie

De preoperatieve evaluatie van patiénten met moeilijk te behandelen partiéle epi-
lepsie heeft meestal tot doel te achterhalen of één of meerdere letsels aanleiding
geven tot epileptische aanvallen. Het is eveneens de bedoeling de letsels zo accuraat
mogelijk te lokaliseren. Indien het een letsel betreft dat niet in een delicaat of on-
misbaar stuk van de hersenen ligt, dan kan de patiént een chirurgische behandeling
van de aandoening voorgesteld worden. Deze procedure omvat het wegnemen van
het epileptisch letsel. Omdat een dergelijke behandeling niet zonder risico is, zullen
meerdere klinische onderzoeken uitgevoerd worden om een zo nauwkeurig mogelijk
beeld te krijgen van het letsel dat de epileptische aanvallen genereert.

De preoperatieve evaluatie start met het gedetailleerd beschrijven van de aanval-
len, het uitvoeren van neurologische onderzoeken, en electro-encefalografie (EEG).
Hoge-resolutie kern-spin tomografie (KST) wordt gebruikt om een mogelijk anato-
misch letsel op te sporen. Al in dit stadium van de evaluatie kunnen de resultaten
aantonen of een chirurgische behandeling voor de patiént voordelen zal kunnen bie-
den. Indien dit het geval is, wordt de patiént uitgenodigd voor verdere onderzoeken.

De voortgezette preoperatieve evaluatie omvat video-EEG observatie gedurende
een week. Indien er zich tijdens die week een aanval voordoet, dan zal de patiént
zo snel mogelijk na de eerste symptomen van een epileptische aanval geinjecteerd
worden met de radioactief gemerkte stof "™ Tc-ECD, die de doorbloeding van de
hersenen in beeld kan brengen. Deze procedure, die ictale SPECT wordt genoemd,
toont meestal een verhoogde doorbloeding ter hoogte van het begin van de aanval.
Op een later moment, wanneer de patiént vrij is van aanvallen, kan een interictale
SPECT opname gebeuren. Interictale SPECT toont meestal een verlaagde door-
bloeding ter hoogte van het epileptisch letsel. Indien het interictale van het ictale
SPECT beeld afgetrokken wordt en het verschil met KST geregistreerd wordt, dan
kan een vrij nauwkeurige lokalisatie van het begin van de aanval in beeld gebracht
worden. Men verwijst naar deze procedure met de naam SISCOM. Wanneer de pa-
tiént vrij is van aanvallen, kan men op een ander tijdstip met PET ook het glucose
verbruik meten. Men gebruik daarvoor de radioactief gemerkte stof [\8F]-FDG. Ge-
bieden met een verlaagd glucose verbruik op interictale PET omvatten gewoonlijk
het epileptisch letsel.

Wanneer verdachte epileptische zones zich dicht bij delicate gebieden van de
hersenen zouden bevinden, dan kan de arts aansturen op functionele KST, zodat
een mogelijk risico bij het weghalen van deze gebieden ingeschat kan worden. Indien
de niet-invasieve preoperatieve evaluatie onvoldoende zou blijken, dan kan men
een beroep doen op meer invasieve diagnostische methoden, zoals bijvoorbeeld het
meten van het EEG binnenin de schedel gedurende een langere periode. Deze
methode kan helpen bij het beter lokaliseren van het begin van een aanval.

De resultaten die uit de preoperatieve evaluatie voortvloeien worden telkens
besproken in een multidisciplinaire vergadering van experten. Indien de resultaten
van de verschillende onderzoeken concordant zijn, er slechts één enkel epileptisch
letsel gevonden werd, en de kans op slagen voldoende groot wordt geacht, dan stelt
men de patiént een curatieve chirurgische behandeling voor.
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KST 99mT ECD SPECT [18F]-FDG PET
ictaal interictaal interictaal

Figuur 1: De preoperatieve evaluatie van patiénten met refractaire partiéle epilepsie
omvat o.m. (a) hoge-resolutie kern-spin tomografie (KST) die de anatomie van de
hersenen in beeld brengt, (b) ictale en (c) interictale SPECT waar men de cerebrale
doorbloeding tijdens en tussen aanvallen mee meet, en (d) interictale PET die het
glucose verbruik van de hersenen tussen aanvallen toont.

Doel van dit Werk

Dit werk heeft tot doel een bijdrage te leveren tot de emissie tomografie technieken
die gebruikt worden voor de preoperatieve evaluatie van patiénten met moeilijk te
behandelen partiéle epilepsie. Het objectief van dit onderzoek is het zo accuraat mo-
gelijk en niet-invasief lokaliseren van epileptische letsels door nieuwe beeldvormings-
en beeldverwerkingstechnieken te optimaliseren en te implementeren. De technie-
ken waar men in de klinische praktijk gebruik van maakt zijn FDG-PET van het
cerebraal glucose verbruik en ECD-SPECT van de cerebrale doorbloeding. Deze
technieken spelen een belangrijke rol bij het detecteren en lokaliseren van verdachte
epileptische zones. De kwaliteit en de kwantitatieve betrouwbaarheid van de beel-
den kunnen het detecteren van epileptische letsels echter sterk beinvloeden (Fig. 1).

Emissie tomografie meet op een indirecte en niet-invasieve manier de ruimtelijke
verdeling van een radioactief gemerkte stof. Deze modaliteit uit de nucleaire ge-
neeskunde maakt het mogelijk om fysiologische processen te meten in levende orga-
nismen. De radioactieve stof die aan het subject toegediend wordt, is zo gemaakt
dat het zal participeren, in interactie, of in competitie treden met een bepaald fy-
siologisch proces. De radioactieve eigenschap van de stof maakt het mogelijk om
de ruimtelijke verdeling ervan in het organisme op een niet-invasieve manier van
buitenaf te meten. Na de meting moet de data echter eerst gereconstrueerd worden
vooraleer men de twee- of driedimensionale beelden kan analyseren. Helaas kun-
nen ongunstige effecten vanaf het meten tot en met het afbeelden van de data de
kwaliteit van de beeldvorming beinvloeden. In dit werk proberen we de invloed van
enkele van deze effecten te reduceren.



viii SAMENVATTING

De resolutie van het systeem en de bemonstering van het signaal zijn twee be-
langrijke eigenschappen van elk systeem dat dient voor medische beeldvorming. De
resolutie van emissie tomografie is in het algemeen veel slechter dan dat van andere
modaliteiten. De beperkte resolutie zorgt ervoor dat de intensiteit van de ontvan-
gen signalen, gewogen met de puntspreidingsfunctie van het systeem, uitgesmeerd
worden. Dit effect, in combinatie met het discreet bemonsteren van het signaal,
leidt tot een verlies van informatie, en is beter bekend als het partieel volume effect
(PVE). Dit effect is het meest opvallend voor objecten met afmetingen die relatief
klein zijn in vergelijking met het ruimtelijk interval van de bemonstering en de re-
solutie van het systeem. De gemiddelde dikte van de hersenschors komt jammer
genoeg in aanmerking voor dit effect. Als gevolg van het PVE zal de intensiteit
in sommige gebieden van de hersenen artificieel verlaagd zijn. Bij interictale FDG-
PET data kan dit effect het detecteren van epileptische letsels, die zich normaal
gezien als zones met een verlaagd metabolisme laten tonen, bemoeilijken. In dit
werk ontwikkelen we een reconstructie algoritme dat voor het PVE corrigeert. Dit
moet de arts toelaten om beter te kunnen differentiéren tussen regio’s met een echte,
en regio’s met een artificieel verlaagde intensiteit.

Bij emissie tomografie zal Poisson ruis de meting van fotonen, en dus de kwaliteit
van het gereconstrueerd beeld, beinvloeden. Bij de subtractie analyse van ictale en
interictale SPECT beelden (SISCOM) kan de invloed van ruis in het beeld tot arti-
ficiéle verschillen in de cerebrale doorbloeding leiden. Bovendien kunnen deze door
ruis geinduceerde verschillen de visuele analyse van SISCOM data bemoeilijken.
Dit werk heeft eveneens tot doel de arts te helpen bij het analyseren van deze data
door meer informatie te verschaffen over de significantie van de verschillen in een
subtractie analyse van SPECT data.

Partieel Volume Effect

Bij emissie tomografie komt het te meten signaal vanuit de patiént. De meting van
het signaal is van buitenaf niet zo makkelijk te controleren als bij een CT of een KST
toestel. De hoeveelheid activiteit die men aan de patiént kan toedienen, alsook de
duur van de meting, is beperkt. Ook al zou langer meten een betere beeldkwaliteit
kunnen opleveren, het zou de kans dat de patiént beweegt te zeer verhogen. De winst
van het langer meten zou op die manier teniet worden gedaan. Voorts beinvloeden
een aantal fysische effecten de beeldkwaliteit zonder meer ongunstig. Voorbeelden
van dergelijke effecten zijn het verzwakken en verstrooien van fotonen, de dracht
van het positron, en random coincidentie detectie.

FEmissie tomografie leidt in het algemeen tot gemeten data met een vrij lage
signaal-ruis verhouding. Daarom worden de gereconstrueerde beelden voor een kwa-
litatieve beoordeling vaak met een laag-doorlaat filter bewerkt. Hoewel de beelden
dan beter ogen, zal het filteren de kwantitatieve betrouwbaarheid van de data re-
duceren. De beeldkwaliteit van emissie tomografie mag dan misschien wel minder
goed lijken dan dat van CT of KST, toch bevatten de gegevens meestal genoeg
informatie voor het maken van klinische beslissingen.
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Alle systemen voor beeldvorming waarin signalen digitaal bemonsterd worden
zijn onderhevig aan het PVE. Het onderscheid tussen het bemonsteren van het sig-
naal enerzijds, en de ruimtelijke resolutie van het systeem anderzijds, is belangrijk
bij emissie tomografie. Het discreet bemonsteren van het signaal leidt tot een be-
nadering van de werkelijke ruimtelijke verdeling van de radioactieve stof, en dus tot
een zeker verlies van informatie. De ruimtelijke resolutie van het systeem, bepaald
door zowel de detector als het reconstructie algoritme, leidt tot het uitsmeren van
de intensiteit van het signaal en tot het verspreiden van informatie naar naburige
gebieden. Bij andere modaliteiten voor beeldvorming, bv. bij KST, is het ruimtelijk
interval voor het bemonsteren van het signaal gewoonlijk groter dan de ruimtelijke
resolutie van het systeem. In dat geval is het onderscheid tussen de twee minder
belangrijk. In emissie tomografie zijn de dimensies van een detector element vaak
kleiner dan de resolutie van die detector. Het onderscheid tussen de bemonstering
en de resolutie is in dat geval wel belangrijk.

De kwantitatieve betrouwbaarheid van emissie tomografie is belangrijk bij de
functionele beeldvorming van hersenen. Het PVE zal de analyse van kleine structu-
ren in de hersenen bemoeilijken en tot onder- en overschattingen leiden van de lokale
stapeling van de radioactieve stof. Hersenen hebben immers een vrij complexe mor-
fologie, en de ruimtelijke afmetingen van meerdere structuren in de hersenen zijn
relatief klein in vergelijking met de voxel grootte en de ruimtelijke resolutie van het
systeem. Door het PVE is het soms onduidelijk of wijzigingen in de intensiteit van
de reconstructie het gevolg zijn van variaties in de opname van de radioactieve stof,
of van variaties in de ruimtelijke afmetingen van de overeenkomstige structuren (bv.
atrofie). Bij de preoperatieve evaluatie van patiénten met epilepsie kan het PVE
tot een verhoogd aantal vals-positieve epileptische regio’s leiden. Indien de reso-
lutie van het systeem niet in rekening gebracht wordt, kan de uitgebreidheid van
epileptische regio’s verkeerd geinterpreteerd worden.

Partieel Volume Correctie in Emissie Tomografie

Om de invloed van het PVE te reduceren werden reeds een aantal partieel volume
correctie (PVC) technieken ontwikkeld. Deze technieken zijn voornamelijk geba-
seerd op de volgende gedachtegang. Indien een PVC techniek de invloed van het
PVE wil reduceren, dan heeft die techniek daar aanvullende gegevens voor nodig.
De emissie data bevat daar immers zelf niet genoeg informatie voor. De meeste
PVC technieken maken gebruik van anatomische informatie uit geregistreerde en in
verschillende weefsels gesegmenteerde KST data. Sommige PVC technieken houden
eveneens rekening met de resolutie van het systeem voor emissie tomografie. Op die
manier kan de bijdrage van elk type weefsel aan de overeenkomstige voxels in het
emissie beeld berekend worden. Als men bovendien de resolutie van het systeem
kent, dan kan er gecorrigeerd worden voor het uitsmeren van de activiteit in het
gereconstrueerd beeld.

In het algemeen zijn er twee methodologische benaderingen voor het uitvoeren
van PVC in emissie tomografie. Bij de eerste benadering maakt men gebruik van
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anatomische informatie na de reconstructie van de emissie data. Daarvoor gebruikt
men vaak analytische reconstructie methoden die weinig of niet compenseren voor de
ongunstige effecten die we eerder aanhaalden. Bij de tweede benadering maakt men
daarentegen gebruik van anatomische informatie tijdens het reconstructie proces.
Voor deze benadering gebruikt men meestal statistische reconstructie technieken,
die in vele gevallen wel toelaten om te compenseren voor ongunstige effecten.

Anatomie Gebaseerde Reconstructie

In dit werk stellen we een maximum-a-posteriori (MAP) reconstructie algoritme
voor dat ontwikkeld werd om tijdens het reconstrueren van emissie data met behulp
van anatomische informatie te corrigeren voor het PVE. We noemen dit nieuwe
algoritme dan ook een anatomie gebaseerde MAP reconstructie, of kortweg A-MAP.
De drie voornaamste soorten weefsel in de hersenen, i.e. de grijze en witte stof, en
het cerebrospinaal vocht, kunnen door het segmenteren van hoge-resolutie KST
bepaald worden. De meeste segmentatie algoritmen kennen aan elke voxel in het
KST beeld een bepaalde waarschijnlijkheid voor het type weefsel toe. We nemen
aan dat deze waarschijnlijkheid de partéle bijdrage van elk type weefsel in de voxels
van de emissie tomografie beelden weerspiegelt.

Elke voxel die de ruimtelijke verdeling van de radioactieve stof in de hersenen
weergeeft, kan gezien worden als een aparte bron van straling. Deze bron bevat een
hoeveelheid activiteit die gelijk is aan de som van de fractionele activiteiten van elk
weefsel. Dit concept noemt men het weefsel compositie model. De gemeten emissie
data bevat echter maar voldoende informatie om voor elke voxel de som van alle
fractionele activiteiten te bepalen. Er is niet genoeg informatie om het reconstructie
probleem voor elke parameter van het compositie model op te lossen. We zijn dus
genoodzaakt om voor A-MAP extra informatie onder de vorm van assumpties in te
voeren. De doorbloeding en het metabolisme van de witte stof bij epilepsie is lager
en uniformer dan dat van de grijze stof. We nemen daarom aan dat de activiteit
die de witte stof zal bijdragen op een uniforme verdeling is gebaseerd. We nemen
ook aan dat de activiteit niet in het cerebrospinaal vocht zal stapelen.

A-MAP is ontworpen om PVC uit te voeren in één bepaald type weefsel. Voor
de preoperatieve evaluatie van epilepsie, en vermoedelijk ook voor een aantal andere
toepassingen die in dit werk niet onderzocht werden, is dit type weefsel de grijze stof.
Om voor het PVE te corrigeren is er in een aantal weefsels een regularisatie methode
geintroduceerd. Omdat sommige voxels meer dan één type weefsel bevatten werd
een techniek ontwikkeld om de regularisatie tot één enkel type weefsel te beperken.

De voxel ruimte wordt, op basis van de anatomische informatie in de KST seg-
mentatie beelden, opgedeeld in een aantal deelverzamelingen van voxels. In de
verzameling van grijze stof voxels maken we een vereenvoudiging van het weefsel
compositie model. Daarin vervangen we de bijdrage van de witte stof en het cere-
brospinaal vocht door de gemiddelde waarde berekend aan de hand van de voxels
in de respectievelijke deelverzamelingen. Vervolgens introduceren we een nieuwe
verzameling van variabelen, bestaande uit de activiteit die de grijze stof bijdraagt
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in de verzameling van grijze stof voxels, en de activiteit van de andere weefsels in
het complement van de verzameling van grijze stof voxels. Deze nieuwe verzameling
van variabelen kan aanzien worden als een parameter transformatie van de originele
variabelen. Deze parameter transformatie laat ons toe om enkel de bijdrage van
de grijze stof te bepalen, zelfs in voxels die een mengeling van grijze stof en andere
weefsels bevatten. De meest waarschijnlijke verdeling van de activiteit voor deze
nieuwe parameters wordt dan bepaald door een statistisch reconstructie algoritme.

Het algoritme bevat nog twee bijkomende randvoorwaarden. Ten eerste, de
assumpties voor de verdeling van de activiteit van de witte stof en het cerebrospinaal
vocht worden als a priori kennis tijdens het statistisch reconstructie proces gebruikt.
Ten tweede, ruis die tijdens het reconstructie proces van de gemeten data naar
de grijze stof voxels zou kunnen propageren wordt tegengewerkt door een Gibbs-
Markov prior die de relatieve verschillen tussen naburige voxels zal penaliseren.

Evaluatie van het A-MAP Algoritme

Het A-MAP reconstructie algoritme werd aan een uitvoerige evaluatie onderworpen.
Eerst werd het gebruik van perfecte en niet-perfecte anatomische informatie onder-
zocht. A-MAP met gebruik van perfecte anatomische informatie stelt ons in staat
om het algoritme onder optimale omstandigheden te evalueren. Deze situatie werd
vergeleken met het gebruik van niet-perfecte anatomische informatie. Daarmee eva-
lueren we A-MAP met data die segmentatie technieken in de praktijk produceren.
We maakten gebruik van computer simulaties op basis van een realistisch 2-D soft-
ware fantoom dat het glucose metabolisme van de hersenen weerspiegelt. De ene
helft van de data werd met een normaal metabolisme gesimuleerd. In de andere
helft van de data werd de activiteit in enkele grijze stof regio’s kunstmatig verlaagd.
Daardoor kunnen we op een objectieve manier bepalen welk algoritme betere re-
sultaten geeft voor het detecteren van gebieden met een verlaagd metabolisme.
Voor de evaluatie keken we naar de afwijking en spreiding van de gereconstrueerde
intensiteit, en de signaal-ruis verhouding van de beelden. In vergelijking met ande-
re statistische reconstructie methoden, die geen anatomische informatie gebruiken,
geeft A-MAP goede resultaten voor het gebruik van perfecte anatomische informa-
tie. Het gebruik van niet-perfecte anatomische informatie leidt tot een afname van
de signaal-ruis verhouding bij A-MAP.

Bij het A-MAP algoritme nemen we aan dat variaties van het metabolisme
enkel in de grijze stof plaatsvinden. In deze regio onderdrukt het algoritme ruis met
behulp van een Gibbs-Markov prior. We onderzochten de invloed van deze prior
op het detecteren van gebieden met een verlaagd metabolisme (cfr. supra). We
vergeleken de resultaten met reconstructie algoritmen die een andere techniek voor
het onderdrukken van ruis gebruiken. De gereconstrueerde intensiteit van A-MAP
wijkt minder af van de oorspronkelijke waarde en heeft een kleinere spreiding dan
de methoden waarmee vergeleken werd. We onderzochten eveneens de invloed van
kleine fouten bij de ruimtelijke registratie van de anatomische informatie en van
lokale fouten in de segmentatie data.
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Om het detecteren van gebieden met een verlaagde intensiteit bij verschillende
reconstructie algoritmen te vergelijken, werd een studie met menselijke waarnemers
opgezet. Aan enkele artsen werd gevraagd om verborgen regio’s met een verlaagde
metabolisme in 2-D gesimuleerde FDG-PET beelden van de hersenen aan te dui-
den. Het A-MAP reconstructie algoritme toonde een significant verbetering van de
detectie van de verborgen zones dan het standaard maximum-likelihood (ML) recon-
structie algoritme. Tenslotte werd de FDG-PET data van een patiént met moeilijk
te behandelen partiéle epilepsie gereconstrueerd met A-MAP. De toepasbaarheid
van A-MAP in de klinische praktijk werd daarmee aangetoond.

Cluster Hoogte en Grootte in Subtractie SPECT

SPECT van de cerebrale doorbloeding is nuttig bij de preoperatieve evaluatie van
patiénten met moeilijk te behandelen partiéle epilepsie. Tijdens een aanval is er
een toename van de doorbloeding in epileptische regio’s, en bij ongeveer de helft
van de patiénten is de doorbloeding afgenomen tussen de aanvallen. Door ictale en
interictale SPECT beelden naast elkaar te bekijken is het mogelijk om verdachte
epileptische gebieden op te sporen. Deze techniek is echter subjectief en weinig
sensitief voor subtielere veranderingen.

De subtractie van ictale en interictale SPECT beelden is een techniek die betere
resultaten geeft voor het detecteren van epileptische regio’s. Na het registreren van
de SPECT beelden met KST data is het mogelijk om functionele en anatomische
correlaties in detail te bestuderen. Deze techniek, afgekort tot SISCOM, weerhoudt
enkel de grootste verschillen van de cerebrale doorbloeding en toont die bovenop het
KST beeld. Jammer genoeg kan Poisson ruis in de gemeten projectie data eveneens
tot verschillen in de doorbloeding leiden.

Een kwantitatieve analyse van subtractie SPECT data kan de diagnostische
waarde van de techniek voor de klinische praktijk verhogen. Dit kan door een pro-
babilistisch onderscheid te maken tussen verschillen die het gevolg zijn van ruis, en
verschillen van fysiologische of pathologische aard. Gelijkaardige technieken, zoals
Statistical Parametric Mapping (SPM), worden gebruikt bij functionele beeldvor-
ming voor fundamenteel neurofysiologisch onderzoek. Bij SISCOM is het aantal
beelden per studie echter te klein waardoor bestaande technieken, zoals SPM, tot
conservatieve conclusies zal leiden en een verhoogd aantal vals-positieve predicties.
Bovendien houden deze technieken meestal geen rekening met de invloed die de
meting, het reconstructie algoritme, of de verdere verwerking van beelden op de
significantie van de gevonden verschillen kan hebben.

In dit werk bestuderen we een methode voor het karakteriseren van verschillen
in de subtractie analyse van SPECT data. We bestuderen, net zoals bij SPM, de
significantie van de verschillen op voxel en op cluster niveau. Een cluster is gede-
finieerd als een groep samenhangende voxels met een intensiteit boven een vooraf
bepaalde drempelwaarde. Voor iedere cluster bepalen we twee cluster parameters:
(a) de cluster hoogte, en (b) de cluster grootte. De hoogte is gedefinieerd als het
grootste verschil binnen de cluster, en de grootte is het aantal voxels in de clus-
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ter. Met behulp van een empirische methode kennen we aan iedere cluster een
waarschijnlijkheid toe voor, enerzijds de cluster hoogte, en anderzijds de cluster
grootte, en onder de hypothese dat er geen verschillen zijn in de doorbloeding van
de hersenen.

In eerste instantie werd de reproduceerbaarheid van de empirische methode on-
derzocht met gesimuleerde SPECT projectie data. De experimenten tonen aan dat
ruis in staat is om vrij grootte en hoge clusters te induceren. Daarna werd de metho-
de gebruikt om te bepalen of de cluster grootte een even belangrijke parameter is als
de cluster hoogte voor het karakteriseren van significante verschillen in subtractie
SPECT. Deze hypothese werd getest met simulaties op basis van een realistisch 3-D
software fantoom van de doorbloeding van de hersenen. De experimenten tonen aan
dat het detecteren van verschillen op basis van de parameter cluster grootte betere
resultaten geeft dan voor de parameter cluster hoogte. Bij eenzelfde significantie
niveau levert de cluster grootte veel minder vals-positieve resultaten dan de cluster
hoogte.

Ruisonderdrukking en PVC in Subtractie SPECT

Bij de subtractie analyse van SPECT data onderzochten we de invloed van het re-
constructie algoritme, en de daarbij gebruikte techniek voor het onderdrukken van
ruis, op de hoogte en grootte van clusters. De reconstructie algoritmen die gebruikt
werden, zijn de gefilterde terugprojectie (FBP), het maximum-likelihood (ML) algo-
ritme, en A-MAP. Het onderdrukken van ruis gebeurde bij FBP en ML door middel
van convolutie met een Gaussische functie. Bij A-MAP werd het gewicht van de
Gibbs-Markov prior in de grijze stof gevarieerd.

Op basis van een realistisch 3-D software fantoom van de doorbloeding van de
hersenen werden Poisson ruis realisaties van SPECT projectie data gesimuleerd.
De projectie data werden met een aantal methoden gereconstrueerd, en voor elke
methode werd de verdeling van de hoogte en grootte van clusters in de subtractie
analyse van de SPECT data onderzocht. Het gedrag van de clusters parameters on-
der invloed van ruis werd vervolgens gebruikt om voor elke methode het detecteren
van een gebied met een kunstmatig verhoogde doorbloeding te bepalen.

Het gebruik van veel ruisonderdrukking leidt tot een beter detectie vermogen van
gebieden met een verhoogde doorbloeding bij het FBP en ML reconstructie algorit-
me. Wanneer er echter anatomische informatie voorhanden is, dan kan een recon-
structie met A-MAP tot dezelfde resultaten leiden. A-MAP reconstructies hebben
bovendien minder last van de nadelige effecten van ruisonderdrukking bij FBP en
ML, zoals een slechter lokaliserend vermogen.

Bijdrage van dit Werk

Dit werk levert een bijdrage tot het verbeteren van emissie tomografie technieken
voor de preoperatieve evaluatie van patiénten met moeilijk te behandelen partiéle
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epilepsie. De invloed van sommige effecten die nadelig zijn voor het detecteren
van epileptische letsels in ECD-SPECT en FDG-PET data werden onderzocht. Dit
werk reikt technieken aan voor het reduceren van de gevolgen van deze effecten. We
spitsten het onderzoek toe op, enerzijds de correctie voor het partieel volume effect
in PET en SPECT, en anderzijds de invloed van het reconstructie algoritme en de
techniek voor ruisonderdrukking op de subtractie analyse van SPECT data.

De oorzaken en invloed van het partieel volume effect werden onderzocht in
PET en SPECT, en de consequenties voor de klinische besluitvorming werden be-
studeerd. Er werd een nieuwe partieel volume correctie methode ontwikkeld die
de naam A-MAP toegewezen kreeg. In tegenstelling tot de reeds bestaande PVC
methodes, is A-MAP ontworpen om te corrigeren voor het PVE in de grijze stof
gedurende het statistisch reconstrueren van de projectie data. Het algoritme maakt
daarvoor gebruik van gesegmenteerde KST data en bevat specifieke aannames be-
treffende de pathologie. Daardoor laat het algoritme toe om meer voorkennis te
gebruiken tijdens het reconstructie proces, in tegenstelling tot bestaande PVC me-
thodes. De aannames waarop A-MAP gebaseerd is, alsook de wiskundige afleiding
van het iteratief algoritme, werden gepresenteerd. De PVC eigenschappen van het
algoritme werden gedemonstreerd en het algoritme werd aan een uitgebreide evalu-
atie onderworpen.

We onderzochten de invloed van ruis op de subtractie analyse van ictale en
interictale ECD-SPECT data. We stelden een statistische methode op om clusters
te karakteriseren op basis van de cluster hoogte en grootte. Het gedrag van deze
parameters onder invloed van ruis in de projectie data werd gebruikt om aan clusters
een waarschijnlijkheid toe te kennen. De reproduceerbaarheid van de methode werd
aangetoond, alsook het belang van de parameter cluster extent voor het detecteren
van significante clusters. Tot slot onderzochten we de invloed van het reconstructie
algoritme en de techniek voor het onderdrukken van ruis op het karakteriseren van
clusters in de subtractie analyse van SPECT data.

Suggesties voor Verder Onderzoek

Omdat de exacte verdeling van de radioactieve stof in het lichaam niet te achter-
halen is, werd voor het evalueren van de ontwikkelde technieken hoofdzakelijk met
computer simulaties op basis van realistische data gewerkt. Het is de bedoeling om
deze technieken in de toekomst verder te evalueren met klinische data. Er is echter
nood aan concrete richtlijnen betreffende het evalueren van nieuwe reconstructie
technieken voor PET en SPECT.

Een interessante eigenschap van het A-MAP algoritme is het reconstrueren van
de fractionele activiteit van de grijze stof voor voxels die slechts gedeeltelijk grijze
stof bevatten. Het nut van deze informatie werd in dit werk niet onderzocht. We
verwachten wel dat deze informatie kan helpen bij het analyseren van gebieden
die zowel grijze als witte stof bevatten. A-MAP is gebaseerd op een aantal veron-
derstellingen, waaronder de verdeling van activiteit in de witte stof bij epilepsie.
Verder onderzoek zal moeten aantonen wat de implicaties zijn indien deze nieuwe
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reconstructie techniek gebruikt wordt voor andere neurologische aandoeningen.

Tijdens dit onderzoek werd door andere groepen vooruitgang geboekt op het vlak
van de beeldverwerking van KST en de signaalverwerking van EEG data bij epilep-
sie. Er werd een verbeterd KST segmentatie algoritme ontwikkeld die het verkeerd
classificeren van weefsels tot een minimum beperkt. We verwachten dat verde-
re verbeteringen van het segmentatie algoritme een gunstig effect zullen hebben
op de resultaten van A-MAP. Er werd eveneens een techniek ontwikkeld voor het
verwijderen van artefacten uit het EEG signaal. Het combineren en integreren van
de resultaten van deze nieuwe technieken kan helpen bij het onderzoek naar de
oorzaak van epileptische aanvallen.

A-MAP kan ook toegepast worden op data die gemeten werd met een dyna-
misch acquisitie protocol. Een dergelijk protocol wordt meestal gebruikt voor het
kwantificeren van het kinetisch gedrag van een radioactief gemerkte stof in vivo.
De emissie data bevat meestal veel ruis en is onderhevig aan het PVE. Corrigeren
voor het PVE kan zowel voor als na het kinetisch modelleren van de data gebeuren.
Zoals eerder aangehaald, zijn we van mening dat de data beter eerst gecorrigeerd
wordt voor het PVE. In dat geval is het A-MAP algoritme de door ons geprefereerde
methode.

De laatste jaren levert de beeldvorming van kleine proefdieren met behulp van
gespecialiseerde emissie tomografie apparatuur, zoals micro-PET en micro-SPECT,
een waardevolle bijdrage aan fundamenteel biomedisch onderzoek. Dit nieuw onder-
zoeksveld, dat moleculaire beeldvorming wordt genoemd, houdt zich voornamelijk
bezig met de preklinische analyse van nieuwe medicijnen, enzymes, receptoren, en
het in beeld brengen van gen expressie in vivo. We voorzien dat A-MAP kan hel-
pen om de beeldkwaliteit en de kwantitatieve betrouwbaarheid van micro-PET en
micro-SPECT data te verbeteren.

Voor een aantal klinische toepassingen is het voorhanden zijn van zowel ana-
tomische (KST, CT) als functionele (PET, SPECT) beeldvorming een minimum
vereiste. Vaak komt het ruimtelijk registreren van de data de visuele inspectie ten
goede. In de klinische oncologie, bijvoorbeeld, kan een simultane analyse van PET
en CT beelden tot een betere diagnose leiden. Algoritmen voor het automatisch
registreren van PET en CT beelden maken deze analyse mogelijk. Het recent ge-
bruik van hybride PET/CT scanners maakt dit proces al een stuk eenvoudiger.
De anatomie en functie worden in PET/CT echter niet simultaan, maar vlak na
elkaar gemeten. De registratie is dus niet steeds perfect. Een gelijkaardige techno-
logische vernieuwing vindt ondertussen plaats tussen KST en PET. Onderzoekers
hebben met succes de compatibiliteit van PET acquisitie hardware in het sterke
magneetveld van een KST toestel onderzocht. We verwachten dat binnen enke-
le jaren hybride KST/PET beeldvorming mogelijk zal zijn. Waarschijnlijk zullen
binnenkort de eerste toepassingen voor deze nieuwe modaliteit verschijnen. Het
A-MAP algoritme komt hier al voor in aanmerking.

De SPECT subtractie methode die in dit werk ontwikkeld werd levert voor ie-
dere cluster in een SISCOM analyse informatie over de grootte, hoogte, en voor elk
van deze parameters de cluster probabiliteit. Deze informatie kan nuttig zijn bij het
analyseren van SISCOM data. Met behulp van een drempelwaarde kan men enkel de
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meest significante clusters weerhouden. Deze aanpak zou bij voorkeur geévalueerd
moeten worden met een groot aantal ECD-SPECT studies. De subtractie metho-
de kan eveneens gebruikt worden om SPECT beelden van eenzelfde patiént onder
twee condities met elkaar te vergelijken. Het meten van de doorbloeding van de
hersenen met en zonder toediening van acetazolamide is een bekende methode om
de vasculaire reserve te meten bij patiénten met een beroerte, transiénte ischemie,
of arterioveneuze malformaties.

Het normaliseren van emissie tomografie beelden bij het uitvoeren van een sub-
tractie analyse is cruciaal omdat de globale activiteit in de hersenen tijdens het
meten van de data niet noodzakelijk gelijk hoeft te zijn. Hoe deze normalisatie
procedure precies dient te gebeuren, is momenteel onderwerp van verder onderzoek.
De huidige methoden zijn moeilijk te valideren, en de onderliggende pathologie is
grotendeels onbekend en onvoorspelbaar. In dit werk werd een heuristische metho-
de gebruikt voor het bepalen van een referentie regio die nodig is om de beelden
te normaliseren. Anatomische informatie onder de vorm van gesegmenteerde KST
data zou kunnen helpen om bijvoorbeeld de reconstrueerde beelden te normalise-
ren op basis van de activiteit in de witte stof. Dit alles zou gecombineerd kunnen
worden met een A-MAP reconstructie van de PET of SPECT data.
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FE R e number of non-zero elements in R
T activity in voxel j
A reconstruction image
P total number of detector elements
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o total number of image voxels
T e voxel j
P Dirac impulse function
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Lo logarithm of the likelihood
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D) e probability
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A5 PR tissue fraction
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P projection operator
B back-projection operator
R Radon transformation
P Fourier transformation
Fl inverse Fourier transformation
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Chapter

General introduction

“If the patient’s fits are local,
frequently recur, and are always
similarly localized, it is surely a
necessary inference that there is some
local disease in his nervous system ...
Local symptoms must of necessity
depend on local lesions.”

JOHN HUGHLINGS JACKSON
(1835-1911)
[Jackson, 1931]

1.1 Epilepsy and Seizures

Epilepsy refers to a class of disorders which can be defined as chronic neurological
conditions that are characterized by recurrent manifestations of epileptic seizures
[Engel, 1995]. Epilepsy is diagnosed, by convention, when a person experienced
at least two unprovoked seizures [Brodie et al., 2003a]. Epileptic seizures are the
clinical manifestations of sudden, abnormal, excessive, and synchronized electrical
discharges of a population of neurons in one or more locations of the cortical gray
matter (GM) [Westbrook, 2000]. The clinical manifestations may vary and depend
on the location where the electrical discharges originate, how far they spread, and
how long they last. A whole variety of symptoms may occur, such as the loss of
consciousness, disturbances of movement, sensation, including vision, hearing and
taste, mood, or mental function. The duration and severity of seizures may also
vary from very brief lapses of attention or muscle jerks, to severe and prolonged
convulsions. They may also vary in frequency, from less than one a year, up to
several seizures per day. In recent years, progress has been made in the diagnosis
and treatment of seizure disorders. However, a thorough understanding of the
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cellular and molecular mechanisms by which seizures may or may not develop is
still far from being complete [Chang and Lowenstein, 2003].

Many different types of epileptic seizures have been observed. Therefore, the
International League Against Epilepsy (ILAE) introduced the International Clas-
sification of Epileptic Seizures (ICES), which considers both the clinical semiology
as well as electroencephalography (EEG) findings of the seizures [[LAE, 1981].

The main distinction between seizure types is that of partial versus generalized
seizures. Partial seizures, on the one hand, start in a circumscribed set of neurons,
i.e. the epileptic focus, in one hemisphere of the brain, and spread from there. Gen-
eralized seizures, on the other hand, involve both sides of the brain from the seizure
onset. However, this subdivision does not completely represent all the different con-
ditions and states that constitute epileptic seizures. Therefore, further distinctions
are made on the basis of the signs or symptoms associated with the seizure. Another
distinguishing feature is whether or not the seizure is associated with impairment
of consciousness. Partial seizures, for example, are further subdivided into simple
partial seizures, in which consciousness is not impaired, compler partial seizures,
in which there is impairment of consciousness, often combined with automatisms,
and secondarily generalized partial seizures, e.g. generalized tonic-clonic seizures.
Seizures may be isolated events, or they may occur in series. Repeated seizures,
where one seizure cannot be separated from the next episode, or where conscious-
ness is not regained between two consecutive seizures, are called status epilepticus.
This condition may be life-threatening.

The classification of seizure types does not completely represent all different
conditions and states that constitute epilepsy. Therefore, many different epileptic
syndromes, which are a cluster of signs and symptoms that occur together, have been
described. Some epileptic syndromes share a common cause, and may be grouped
together as distinct epilepsies. These epileptic syndromes have been classified to
guide treatment and determine the prognosis of the patient [[LAE, 1989].

The main distinction between epileptic syndromes, which is similar to that of
epileptic seizures, is that of generalized versus location-related epilepsies. Gener-
alized epilepsies are characterized by seizures originating in both hemispheres. In
location-related epilepsies, all seizures have a focal onset. The location of the focus
strongly influences the clinical appearance of the patient. A second subdivision is
that of symptomatic versus idiopathic epilepsies. Symptomatic epilepsies are due
to a recognizable insult to the brain, e.g. a malformation, trauma, or tumor. In
idiopathic epilepsies, which are commonly caused by a genetic defect, the epilepsy
itself is the primary disorder [Berkovic and Scheffer, 2001]. When a symptomatic
cause is suspected, but cannot be demonstrated, the conditions are referred to as
cryptogenic epilepsies. There is also a subdivision into active and inactive epilepsy,
with active epilepsy being defined as two or more epileptic seizures in the last five
years that have been unprovoked by any immediate identified cause.

An ILAE Task Force on classification and terminology was appointed to recom-
mend revision of the classification [Engel, 1998]. Currently, the Task Force considers
the development of specific classifications as a continuing work in progress and has
the intention to report on a periodic basis.
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During the last few decades, epilepsy has been given an increased amount of
attention. In 1997, the ILAE, the International Bureau for Epilepsy (IBE), and the
World Health Organization (WHO) joined forces and established a Global Campaign
Against Epilepsy. The initiative aims at improving prevention, treatment, care, and
services for people with epilepsy, and raise public awareness about the disorder. In
1998, the Furopean Concerted Action and Research in Epilepsy was founded and
has become a joint initiative of the ILAE and IBE. Both initiatives have stimulated
ongoing research in the diagnosis and treatment of epilepsy.

Epilepsy and epileptic seizures can be traced back as far as medical records exist,
in all civilizations, without any racial, geographical, or social boundaries. Epilepsy
is known to occur in men and women, and can begin at any age. However, it is
most frequently diagnosed in infancy, childhood, adolescence, and in elderly people.
Anyone can be affected by epileptic seizures. In fact, up to 5% of the world’s
population may have a single seizure at some time in life.

The need for medical attention and the diagnosis of epilepsy is primarily re-
served for those who have recurring seizures. It has been estimated that the mean
prevalence of epilepsy patients who need medical treatment is approximately 8.2
per 1000 people of the general population [WHO, 2005]. It is likely that around 50
million people in the world have epilepsy at any one time. After the first seizure,
about 80 % of these patients experience another seizure within the first three years
following the first seizure. For about 70 % of these patients, epilepsy will disappear
spontaneously after some time. Flanders counts about 6 million habitants. About
30000 people have active epilepsy, and about 3000 will develop epilepsy each year.
Of these 3000 new epilepsy patients, about 900 will not respond to any of the
currently available drug treatment programs.

When seizures are considered to be intractable, the evaluation and further med-
ical treatment of the patient should be supervised by a neurologist in a special-
ized epilepsy reference center. A number of these epilepsy reference centers have
been recognized by the government and can offer the required diagnostic equip-
ment and specialized services for treatment. The options of treatment which are
left for these patients are the inclusion in clinical trials for the evaluation of new
anti-epileptic drugs, implantation of a nervus vagus stimulator, a ketogenic diet,
or epilepsy surgery [Brodie et al., 2003b]. About one third of the patients with
refractory epilepsy would eventually be admitted for neurosurgical treatment after
successful completion of an extensive presurgical evaluation procedure. However,
currently only one third of that number of patients are actually treated. Surgical
treatment of refractory epilepsy has shown to be cost-effective [Platt and Sperling,
2002]. Long-term expenses associated with epilepsy surgery compare favorably with
those generated by medical drug treatment.

1.2 Presurgical Evaluation of Refractory Partial Epilepsy

The presurgical evaluation of patients with refractory partial epilepsy has the aim
to determine whether the patient has a single epileptogenic focus which gives rise to
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partial seizures, and to provide an accurate localization of the epileptogenic focus
inside the brain. If the epileptogenic focus is not located in the eloquent cortex,
i.e. that region of the cortex that is indispensable for defined cortical functions, the
epileptogenic focus may be outlined as a candidate for surgical resection without
causing unacceptable neurological deficits [Rosenow and Liiders, 2001]. Because
brain surgery is a delicate procedure, multiple examinations are conducted in order
to delineate the epileptogenic zone as accurately as possible. By definition, the
total removal or disconnection of the epileptogenic zone is a necessary requirement
in order to render the patient seizure free. Actually, the prognosis of curative
epilepsy surgery is largely determined by the resection of a lesion which proves to be
pathological after surgery, the nature of the epileptic lesion, and the completeness of
the resection. Moreover, surgical therapy has shown to be a cost-effective treatment
[Platt and Sperling, 2002]. Surgery renders between 70 to 80% of the treated
refractory partial epilepsy patients seizure free. Epilepsy surgery is not only the best
therapy for many patients, it is also the cheapest one for society. Long-term expenses
associated with the surgical treatment compare favorably with those incurred by
medical treatment.

The first stage of the presurgical evaluation procedure starts by obtaining de-
tailed descriptions of typical seizures. Clinical and physical neurological exami-
nations are conducted by a neurologist, and routine scalp electroencephalography
(EEG) measurements are performed. Furthermore, high-resolution magnetic res-
onance imaging (MRI) of the brain is used to assess the possibility of structural
abnormalities. It has been shown that a high sensitivity and specificity for the detec-
tion of epileptogenic lesion is reached when MRI protocols make use of T1-weighted
thin-slice volumetric, T2-weighted FLAIR (fluid attenuation inversion recovery),
and T2-weighted spin echo sequences [Duncan, 1997, 2002; Knowlton, 2004]. The
results obtained by all these examinations can show at this stage whether epilepsy
surgery will give benefit to the condition of the patient. If so, the patient is invited
for an extension of the presurgical evaluation procedure.

The second stage of presurgical evaluation involves video-EEG monitoring of
the patient over a longer period. The goal is to record a number of typical seizure
events. Video-EEG monitoring allows adequate observation, not only of seizures,
but also of the simultaneous EEG recordings. Thereby, it may be possible to draw
some conclusions regarding the lateralization and localization of the ictal onset zone
[Siegel, 2004]. The condition of the patient during a seizure is referred to as the ictal
state, in between seizures the condition is referred to as the interictal state. The
clinical manifestation of a seizure as seen on the video capturing is also of important
localizing value. For example, a patient with temporal lobe epilepsy may show to
have an epigastric aura, followed by a quiet period of unresponsiveness, with staring,
picking at sheets or clothes, presenting manual automatisms, contralateral dystonic
posturing, and postictal confusion. If the seizure originates from the dominant
brain hemisphere, there is usually delayed recovery of language, often combined
with transient aphasia.

Video-EEG can be easily performed in combination with ictal single photon
emission computed tomography (SPECT) of the cerebral blood flow (CBF). Ictal
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SPECT has the potential to localize the ictal-onset zone accurately in a noninvasive
manner. SPECT usually reveals a region of ictal hyper-perfusion at the site of
seizure onset. Tracers that are commonly used are ?™Tc-hexamethylpropylene-
amine oxime (HMPAO) and 9™ Tc-ethyl cysteinate dimer (ECD). These neutral and
lipophilic compounds cross the blood-brain barrier and are subsequently hydrolyzed
and therefore trapped in the cell. The accumulation of the tracer molecules in the
cell depends on the amount of blood supply, thereby reflecting the local CBF.
SPECT can then show the distribution of the radioactive labeled tracer molecules.
The success of the imaging technique, however, depends for a large part on the
timing of tracer injection. Early ictal SPECT injections minimize the problem
of seizure propagation and of non-localization due to an early switch from ictal
hyper-perfusion to postictal hypo-perfusion during brief seizures [Van Paesschen,
2004]. Seizure propagation may occur when there is sufficient activation to recruit
surrounding neurons, leading to a loss of surround inhibition and spread of the
seizure activity. For that reason, the radioactive tracer should be available in the
patient room, and the injection system should allow for fast ictal injections, based
on signs or symptoms shown by the video-EEG.

At another moment in between seizures, the patient is invited for interictal
SPECT imaging of the CBF. Interictal SPECT, which may show epileptogenic re-
gions as having reduced CBF, is less useful for the localization of the epileptogenic
region [Duncan, 1997]. However, in combination with the ictal SPECT data, it al-
lows to perform subtraction of the ictal and interictal SPECT images, and spatially
align the obtained differences to MRI data. This technique, which is called sub-
traction ictal SPECT co-registered to MRI (SISCOM), allows for the localization of
the seizure-onset and propagation zone [Cascino, 2001; O'Brien et al., 1998a, 2000,
1998b, 1999].

Also in between seizures, one can measure the regional cerebral glucose meta-
bolism using positron emission tomography (PET). For that purpose, the radio-
pharmaceutical 2-[¥F]fluoro-2-deoxy-D-glucose (FDG) is used. FDG, an analogue
of glucose in which a hydroxyl-group is replaced by a positron emitting fluor atom,
is picked up by the cell by facilitated diffusion through the glucose transporters.
In the cell, FDG is metabolized by hexokinase into FDG-6-phosphate, which is not
further metabolized. FDG-6-phosphate cannot leave the cell by diffusion and it is
very slowly hydrolyzed. Hence, the intracellular concentration of FDG-6-phosphate
will be proportional to the intensity of the glucose transport and the activity of
hexokinase. The concentration of FDG-6-phosphate, i.e. proportional to the ®F
concentration, reflects the regional glucose metabolism. Interictal FDG-PET may
reveal areas of reduced glucose metabolism [Casse et al., 2002; Kuhl et al., 1980].
These areas usually include the epileptogenic region, however that may not always
be the case [Duncan, 1997; Engel et al., 1990; Henry, 1996; Salmenpera and Dun-
can, 2005]. The use of the statistical parametric mapping (SPM) technique, on the
other hand, has shown to improve the diagnostic yield of interictal FDG-PET [Lee
et al., 2001; Signorini et al., 1999; Van Bogaert et al., 2000].

When suspected epileptogenic foci are found close to some eloquent cortical
regions, physicians may choose to perform functional MRI in order to assess the
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potential risk of removing these lesions. Functional MRI can detect focal changes in
blood flow and oxygenation levels that occur when an area of the brain is activated.
It allows for mapping of motor, sensory, and language functions in a noninvasive
manner. Once the information is gathered, a better understanding of the cortical
functions can guide the further presurgical evaluation.

If noninvasive presurgical evaluation procedures have failed, or if they have found
to be inadequate to define the epileptogenic zone reliably, one might try to use
more invasive diagnostic procedures. Two of such methods are depth electrodes
and subdural electrodes. Both techniques measure the intracranial EEG over a
longer period [Zumsteg and Wieser, 2000]. Depth electrodes are thin cables with
cylindrical contacts that are surgically inserted into the brain. This technique can
help to distinguish, for example, medial from lateral seizure onset, or rapid seizure
propagation. Subdural electrodes, on the other hand, are used to record from the
cortical surface of the brain and consist of multiple electrodes placed in grids or
strips on a thin sheet of plastic. The electrodes can be used to record the area of
seizure onset, as well as allow for electrical stimulation of some important cortical
functions in the neighborhood of suspected epileptogenic regions.

The results which have been obtained after all presurgical examinations are sys-
tematically discussed in a joint session of supervising neurologists, and all involved
experts, such as neuropsychologists, nuclear medicine physicians, radiologists, neu-
rosurgeons, ... The patient is then offered the possibility for curative surgical treat-
ment only when the results are concordant and suggest a single focal epileptogenic
lesion that is amenable for surgical resection.

In a number of patients, the epileptogenic zone cannot be identified, or it may
be located in a precarious part of the brain. Patients who are unsuitable candi-
dates for curative surgery, or who have experienced insufficient benefit from such
treatment, might be helped with vagal nerve stimulation. This technique involves
electrical stimulation of the left vagal nerve in the neck which is used to reduce
the frequency and severity of the seizures [Henry, 2002]. The technique is based
on animal experiments in which EEG de-synchronization has been shown when the
vagal nerve was electrically stimulated [Bailey and Bremer, 1938].

1.3 Purpose of this Work

The main goal of this work was to contribute to the improvement of emission tomo-
graphy techniques that are used for the presurgical evaluation of patients with
refractory partial epilepsy. Actually, this work is only one aspect of a much larger
research project which has the aim to construct a multidisciplinary epilepsy surgery
unit by optimizing and implementing new imaging and image processing techniques
(EEG, MRI, PET, and SPECT) for the accurate and non-invasive delineation of
epileptogenic lesions and zones in patients with refractory partial epilepsy.

In the current clinical settings, the applied nuclear medicine imaging modalities
are FDG-PET of the cerebral glucose metabolism, and ECD-SPECT of the cerebral
blood flow. The techniques play an important role in the detection and localization
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of suspected epileptogenic regions. However, the quality and quantitative accuracy
of these images may have an influence on the detection performance.

Emission tomography can measure the spatial distribution of a radioactive la-
beled substance in vivo, for which it makes use of specialized radiation detection
equipment. After the acquisition step, the measured data have to be reconstructed
in order to be presentable to the observer. In each of the steps involved in the image
formation process, i.e. from the acquisition to the displaying of images, the quality
of the data may be affected. In this work, we aim primarily at reducing the influence
of image degrading effects that may be produced during the reconstruction of the
acquired emission data.

The spatial sampling and the resolving power are two important characteristic
features of any imaging system. The spatial resolution achieved by emission tomo-
graphy is, in general, much worse than that of other medical imaging modalities,
such as e.g. high-resolution MRI. The limited resolution of the system spreads out
the intensity of the signal and leads to a signal averaging described by the (local)
point spread function. This effect in combination with the digital sampling of the
signal, which leads to a certain loss of information, is referred to as the partial
volume effect [Hoffman et al., 1979]. This effect is most prominent for structures
having dimensions that are relatively small in comparison to the resolution and spa-
tial sampling frequency of emission tomography imaging systems. Unfortunately,
this is the case for the cortical thickness of the human brain [Fischl and Dale, 2000].
As consequence of the partial volume effect, the intensity of the signal in these areas
of the brain will be decreased. For the presurgical evaluation of epilepsy patients,
this effect can pose problems for the detection of epileptogenic regions which are
normally shown as, for example, hypometabolic regions on interictal FDG-PET.
The purpose of this work is to develop a partial volume correction technique which
helps differentiating between true and false hypo-intensity regions.

The influence of Poisson noise is an unavoidable component of uncertainty dur-
ing the measurement of radiation in emission tomography. Unfortunately, the noise
contained by the measurement can have a considerable effect on the final image qual-
ity. The problem occurs when, during image reconstruction, a significant amount
of noise is transferred from the measurement to the reconstructed images. In the
subtraction analysis of ictal and interictal SPECT, which forms the basis of the
SISCOM technique, the influence of noise may lead to spurious differences that
may look similar to those obtained by pathological or normal physiological changes.
Furthermore, noise induced differences can make the visual assessment of SISCOM
data more difficult. The purpose of this work is to aid the physician and provide
more information about the significance of the differences on SISCOM.

1.4 Organization of this Thesis

In this chapter, we situated the purpose of this work into the broader context of
medical imaging, and more specific into the field of presurgical evaluation of patients
with refractory partial epilepsy in emission tomography.
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An overview of the different steps that are needed for performing emission tomo-
graphy are given in Chapter 2. The purpose of that chapter is to explain the ter-
minology used in the following chapters. We describe the role of radionuclides and
tracer molecules for measuring physiological processes in living organisms. Next, we
explain the data acquisition procedure for SPECT and PET, including some aspects
which may have an influence on image quality and quantitative accuracy in these
modalities. Thereafter, we discuss the reconstruction of the acquired emission data.
In the first place, we present the analytical reconstruction approach. A transition
is made towards statistical reconstruction techniques after an intermediate section
which discusses some aspects of digital image representation and system modeling.

In Chapter 3, we discuss the influence of a number of image degrading effects.
We focus on the partial volume and spill-over effect as two problems of special
importance for emission tomography of the human brain. The origin of these effects
is discussed, as well as the consequences for the clinical decision making. A number
of partial volume correction techniques that have been developed and published in
literature are presented and discussed. A new statistical reconstruction algorithm,
in which anatomical information is used to correct for the partial volume effect, is
proposed and the mathematical derivation of the algorithm is given. We illustrate
the partial volume correction properties of the new reconstruction method using a
proof-of-principle experiment. In Chapter 4, we present a thorough evaluation and
validation analysis of the proposed method using 2-D and 3-D computer simulation
experiments. A human observer study is performed and the new algorithm is applied
to clinical FDG-PET data of a patient with known refractory temporal lobe epilepsy.

The effect of noise on the subtraction analysis of simulated ictal and interictal
SPECT data is studied in Chapter 5. We propose a method which allows for
the characterization of supra-threshold clusters in subtraction SPECT images by
means of two parameters. The behavior of these two parameters is assessed under
the influence of noise, and this information is used to define significance levels for
each parameter. The observer may then choose to retain only those differences that
are found to be significant for that parameter. It is expected that this method
will help physicians during the inspection of SISCOM data. We also compare the
performance of each parameter to the other for the detection of induced clusters.
The reconstruction method and noise suppression settings are fixed during this
investigation.

In Chapter 6, we investigate the influence of the reconstruction method and noise
suppression technique on the behavior of the cluster parameters in the subtraction
analysis of simulated ictal and interictal SPECT data. Three reconstruction meth-
ods are compared, including the new reconstruction algorithm in which anatomical
information is used to correct for the partial volume effect. We also assess the
influence of the strength of the noise suppression technique in each reconstruction
method. In that way, all techniques which have been developed in previous chapters
of this work are combined and evaluated. A general conclusion of this work is given
in Chapter 7.



Chapter

Emission Tomography

2.1 Introduction

Emission tomography is a non-invasive nuclear medicine imaging modality which
provides cross-sectional images of the spatial distribution of a radioactive labeled
substance that has been administered to the subject.

The World Health Organization has defined nuclear medicine as that speciality
which embraces all applications of radioactive materials in the diagnosis, treatment,
or in medical research, with the exception of the use of sealed radiation sources in
radiotherapy [WHO, TRS-492]. The success of nuclear medicine depends largely on
its multidisciplinary nature, bringing together the skills of physicians, nurses, tech-
nologists, pharmacists, engineers, and physicists. The complementary role of these
various specialist groups has led to the successful introduction and routine clinical
use of a broad range of nuclear medicine imaging and measurement techniques.

The aim of emission tomography is to measure physiological processes in living
organisms. The techniques that are used differ from traditional radiology proce-
dures, where radiation is applied from an external source. Here, a radioactive
substance is administered to the subject. Usually this is done by means of an
intravenous injection. The radioactive substance is chosen such that it interacts,
participates, or competes in some way with the physiological process that has to
be investigated, while the radioactive property of the substance makes it possi-
ble to measure the spatial distribution of the molecule in vivo. The administered
substance is often referred to as the tracer molecule, or for short, tracer.

In the following sections, we will look deeper into the properties of the radionu-
clides and tracers, the data acquisition procedure, and finally, the image formation
in emission tomography.
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2.2 Radionuclides and Tracers

Radioactive nuclides or radionuclides are atoms of which the nuclear configuration
is energetically unfavorable to remain stable. As a result, the radionuclide is com-
mitted to change its configuration. It will do that by means of a disintegration
process. All kinds of disintegrations are characterized by an amount of energy that
is released during the process, the speed of the process, and the type of particles
or energy quanta that are emitted. The disintegration process is usually referred
to as the decay of the radionuclide. The parameter that is most often used for the
speed of decay is the half-life, which is denoted T /5, and defined as the expected
time it takes to decay half of the members of a large sample of radionuclides of a
given kind.

2.2.1 Statistical Description of Radioactive Decay

Decay is a statistical one-shot process. When one particular nucleus has decayed,
it cannot repeat the same process again. As long as the nucleus has not decayed,
the probability for it doing so during the next time interval d¢ remains constant for
each radionuclide. The probability is defined as the decay constant o [h~']. This
constant is related to the physical half-life of the radionuclide 7,5 = In2/a. The
number of atoms dn that are expected to have been decayed over dt is

dn

— = —an. 2.1

7 (2.1)
It follows that the amount decreases exponentially over time. Given ng radionuclides
at t = 0, the expected amount after a time interval At is

n = nge” “At, (2.2)

The number of disintegrations per second dn/dt is the activity, the units are ex-
pressed in Becquerel [Bq]. Due to the statistical nature of decay, the observation of
it is subject to statistical uncertainty. If the count rate of observed events r = /At
remains constant during the observation period At, then, the probability to observe
n events is given by the Poisson probability

P,=—e™", (2.3)

where 7 represents the mean number of events. The first moment ) nP, of the
Poisson distribution gives the expected value, i.e. the mean number of events 7.
The variance of the distribution ¢ = " (n — 71)?P, is also i, which means that
the standard deviation of the distribution ¢ = v/f. The Poisson probability is
only valid for observations that are relatively short compared to the half-life of the
radionuclide. For a changing count rate during the observation, i.e. r(t), one should

replace 7 by the mean count rate 7 times the observation time At.
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Figure 2.1: The left figure shows the decay scheme of °Tc by means of isomeric
transition. The right figure shows the decay scheme of SF which disintegrates by
electron capture and by 81 decay. Source: Ekstrom and Firestone [2004].

2.2.2 Radioactive Decay Modes

There are a variety of ways in which radionuclides can emit their excess of energy.
In general, the different ways are subdivided into: (a) the emission of neutral, posi-
tive, or negative charged particles, and (b) the emission of electromagnetic radiation.
For diagnostic imaging in nuclear medicine, electromagnetic radiation emitting ra-
dionuclides are preferred for a number of reasons. First of all, the electromagnetic
radiation is used to find out the location of the radioactive labeled tracer molecule
in the subject. Electromagnetic radiation of a sufficient high energy is expected to
leave the subject, as opposed to particle emitting radionuclides. Secondly, particles
give much larger energy depositions which in turn leads to an increased radiation
dose that is attributed to the subject. The nuclear decay modes that are relevant
for the remainder of this dissertation are summarized hereafter.

e (7 decay: a neutron is transformed into a proton and an electron, or G~
particle, and an anti-neutrino is created.

e clectron capture (EC): an orbital electron is captured, combined with a pro-
ton, and transformed into a neutron and a neutrino. The electron vacancy
can be filled up by other electrons, thereby emitting characteristic X-rays.

e (31 decay: a proton is transformed into a neutron, a positron, and a neutrino.
When a positron is slowed down in matter, it will eventually pair with an
electron. The system exists for a short while as a positronium and subse-
quently de-excites itself by the emission of two photons, each of 511 keV. An
example of a radionuclide which disintegrates by both EC (3.27%) and g+
decay (96.73 %) is ®F. The decay scheme of '8F is shown in Fig.2.1.

e Very often 8=, 8% decay or EC leaves the daughter nucleus in an excited
state, in which case electromagnetic de-excitation of the nucleus brings a more
stable configuration. The excess energy is released as one or more gamma ray
photons. The daughter nucleus may be in a more stable, i.e. metastable or
isomeric state, characterized by a longer half-life. ™Tc¢ is an example of this
decay mode, and probably the most important radionuclide used in nuclear
medicine. The decay scheme of %*™Tc is shown in Fig.2.1.
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2.2.3 Tracer Distribution

The spatial distribution of tracer molecules inside the body is continuously influ-
enced over time by blood flow, physiology, metabolism, ..., and this immediately
after the individual has been injected with the radioactive labeled substance. Let
Zr(t) be the position of tracer molecule k at time ¢, when a number of tracer
molecules have been administered to a subject at the time of injection ¢y. Then,
the locations of the individual tracer molecules at any time post-injection ¢t > tg
are independent random variables, identically distributed according to a common
probability density function (PDF) p;(#). This PDF is determined by the charac-
teristic properties of both the individual (e.g. blood flow, physiology, ...) as well
as that of the tracer molecule (e.g. chemical properties). What is being measured
by the imaging equipement, is actually a sample from the probability distribution.
Moreover, the ultimate goal of emission tomography is not to know the exact lo-
cation of all tracer atoms at all times post-injection, which is an impossible task,
but rather to obtain the PDF of the tracer molecules over time. Unfortunately, we
cannot observe the PDF. We can only observe tracer atoms when they disintegrate,
and even then, we observe only a fraction of all events, since most are not recorded.

2.3 Data Acquisition

2.3.1 Gamma Ray Detection

The preferred and most efficient way to detect photons is through photo-electric
absorption. Although there are different types of gamma ray detectors, the current
standard that is used in nuclear medicine is the scintillation detector. This type of
detector consists of a scintillation crystal onto which a photomultiplier tube (PMT)
is attached. The scintillation crystal is designed such that the energy of an incoming
gamma ray photon is absorbed by the material in the form of kinetic energy of
one or more electrons, depending on the type and number of interactions. These
electrons are able to excite other electrons to the conduction band of the crystal
lattice. These excited electrons can be captured by an impurity, i.e. the activator,
and cause subsequent de-excitations leading to the emission of visible light, i.e.
photons of a few electronvolt (eV). These photons are guided towards the PMT
through optical coupling, converted to electrons by means of a photocathode, and
the electrons subsequently amplified through a series of dynodes. The final PMT
output is an electrical current which is proportional to the energy of the incoming
gamma ray photon.

For planar imaging and tomography, it is required to measure the spatial loca-
tion of detection events on the detector surface. For that purpose, the scintillation
detector has been extended to two dimensions. In general, there are two 2-D scin-
tillation detector extensions. These configurations form the basis of two emission
tomography sub-modalities, that are (a) single photon emission computed tomogra-
phy or SPECT, and (b) positron emission tomography or PET. The main difference



§2.3 DATA ACQUISITION 13

between both techniques is that PET is designed to measure positron-electron an-
nihilation photons by means of coincidence detection, while SPECT is designed to
measure single events.

e The first extension of the scintillation detector consists of a single large planar
crystal of which one side is covered by many PMT’s. The position of an event
is expected to be the barycenter of the light output seen by all PMT’s over
the scintillation duration. The energy of the event is related to the integral
output of all PMT’s. This design is known as the single crystal detector and it
is mostly used for the construction of a SPECT camera. This camera consists
of a detector head that contains a planar scintillation detector. The head is
held by the gantry which is able to perform a rotation around the object,
and retract or bring the head closer to the object. For reasons of efficiency,
systems have been designed that contain two or three heads.

e The second extension consists of a (small) crystal with a few PMT’s. The
position of a detection event is that of the scintillating crystal unit and the
energy is proportional to the integral output of all contributing PMT’s. This
design is known as the multi-crystal or block detector and it is mostly used
for the construction of a PET camera. The camera consists of many block
detectors, which are positioned side by side in a circular ring. A number of
rings are usually stacked next to each other such that a reasonable axial field
of view is achieved.

The scintillation detector configuration is the first step towards medical imaging in
emission tomography. It makes it possible to detect gamma ray photons. However,
it’s not the only step. The object that is being imaged also needs to be resolved
properly. For that purpose, the detector configuration needs to be adjusted such
that it becomes possible to resolve the object that is being imaged.

2.3.2 Resolution and Sensitivity

A single or multi-crystal detector has a finite intrinsic spatial resolution for the
detection of incoming photons which depends on a number of parameters, like e.g.
the crystal composition, thickness and geometry. The intrinsic spatial resolution
is often approximated by a Gaussian point spread function (PSF) and represented
by the variance o2, .. However, suppose that the spatial location and energy of a
detection event could be measured with an infinite precision, that does not mean
that the detector has the ability to bring the object, from which the radiation is
coming, into focus. For that purpose, knowledge about the trajectory of the incom-
ing radiation is required. Fortunately, there are a few techniques that can retrieve
this kind of information. In practice, however, none of the following techniques are
perfect in their performance.

e A collimator is put in front of the scintillation detector such that radiation
with a specific direction is allowed to enter the detector, while gamma ray
photons along other directions are absorbed by the collimator material. The
collimator actually narrows down the trajectories of the incoming gamma
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Figure 2.2: A schematic drawing of a par-
allel hole collimator is shown. The gray
frame represents the scintillation crystal. In
real parallel hole collimators, the height of
the septa h are larger than the space w in
between them, or h > w. All other vari-
ables are explained in the text.

ray photons. Unfortunately, this method has the disadvantage to reduce the
sensitivity of the detector significantly. Moreover, no information about the
origin of the radiation is gained. This technique is used in planar imaging
and SPECT.

e An attractive property of positron-electron annihilation is the creation of two
photons which are emitted in almost opposite directions. If two events are
detected almost simultaneously in two detectors at opposing sides of an object,
one can reasonably assume that the annihilation has occurred somewhere
along the line that connects both detectors. This technique is used in PET.

e For radiation originating from a point source with a well known spatial lo-
cation, the direction of the detection events is obvious. The detected events
provide information about the total attenuation along the trajectory. This
principle is used in transmission tomography, and it is the only technique that
provides reasonably accurate information about the attenuation along a line
through an object.

Before looking into more detail to the spatial resolution properties of SPECT and
PET, we should mention that the temporal resolution of emission tomography is in
general very poor. As shown in §2.2.3, if the PDF p;(&) describes the distribution of
the tracer molecules at any time t post-injection, then, due to the temporal resolu-
tion properties of the detection system, one does not really observe samples of p; (%),
but rather [ A Pt(T)dt, where At is the usually long duration of a single acquisition
procedure. Moreover, if the tracer molecule distribution should change during the
acquisition sequence, this will lead to an unavoidable loss of resolution. Ultimately,
even if all hardware and software would perform under optimal conditions, patient
movement could destroy much of the effort.

SPECT

Consider the use of a parallel hole collimator which is the most frequently used
type of collimator for performing SPECT. A schematic drawing of such collimator
is shown in Fig.2.2. The finite spacing w and height h > w of the septa influence
the collimator resolution at a distance. We illustrate this property in 1-D using a
simplified detector model. A point source is located at a distance d > h from the
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Resolution | Sensitivity
at 10 cm cps/MBq
LEHR 8.2 mm 110
LEUHR 7.0 mm 70

Collimator type

Table 2.1: Specifications of two parallel hole collimators that are used in daily clinical
practice: LEHR = Low-energy high resolution, and LEUHR = Low-energy ultra-
high resolution. Sensitivity is expressed in counts per second per mega-becquerel
(cps/MBq). Source: user manual of the Triad XLT scanner, Trionix, Twinsburg,
Ohio, USA.

detector. The projection of this point perpendicular on the detector is the origin of a
distance measure along the detector p. Assume that the septa are infinitely thin, the
collimator material is totally absorbing photons, and the influence of scatter and
noise are neglected. Then, the fraction of the detector between two neighboring
septa, i.e. between p and p — w, exposed to the point source, is equal to

o) =1- 2 (2.4)

wd’
This expression holds for 0 < p < R, where R = wd/h is the position at which the
shadow of the septa cover the detector completely. Because p < d, the point spread
function (PSF) of the collimated detector, can be approximated by

pSF(p) = 1) (2.5)

T Awd?’

Consequently, the PSF has a triangular profile and the resolution of the colli-
mator can be expressed by the full-width at half-maximum of the PSF, which is
FWHM(d) = wd/h. This means that, for optimal resolution performance, the dis-
tance between the detector and the object should be kept as small as possible.
Smaller spacing between septa will improve the resolution, however they will also
decrease the sensitivity of the collimator. The ideal collimator should have both
high resolution and high sensitivity. Thus, for each imaging protocol, a collima-
tor should be chosen that gives a good trade-off between resolution and sensitivity
(Table 2.1).

The total spatial resolution of the detector, i.e. the combination of collimator,
crystal and PMT’s, is given by the combination of the intrinsic and collimator
resolution. If the spatial resolution of the detector is approximated by a Gaussian
PSF, the variance is given by

02 (d) = Ui2ntr + Ugollim (26)
1 wd\ >
2
= . —_— e 2.
Ointr + 81H2 ( h ) ’ ( 7)

in which oy, is the standard deviation of the intrinsic PSF.
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PET

If two photons, created by positron-electron annihilation, are detected within a
very small time interval, it is reasonable to assume that the annihilation process
occurred somewhere between both detectors. Consequently, there is no need to
collimate the photons, since the trajectory is known. As a result, PET can acquire
more photons per second than SPECT for the same amount of activity in the field
of view. However, there are some issues that impose limitations to the spatial
resolution of simultaneous or coincidence detection of gamma ray pairs.

Physical limitation to the spatial resolution is set by the kinetic energy of the
positron, which it has acquired during disintegration. The positron gradually dissi-
pates kinetic energy through elastic collisions, by which the probability for annihila-
tion with a neighboring electron increases. Thereby, the positron moves away from
the disintegration site and reduces the spatial resolution of the annihilation event.
A positron created by the disintegration of '8F acquires a kinetic energy of 633 keV,
which allows it to travel over a mean path length of 0.6 mm and a maximum path
length of 2.4 mm. Moreover, if the positron finally annihilates, its kinetic energy
is probably not zero. Since momentum is preserved, the annihilation photons will
not be emitted in exactly opposite directions. A small deviation angle, for example
0.3 degrees, gives an offset of about 2.8 mm over a distance of 1 m, again reducing
the spatial resolution. Because gamma ray photons travel at the speed of light, it
is required to use very fast electronic equipment.

The finite detector size imposes further limitations to the spatial resolution
of coincidence detection [Hoffman et al., 1980]. It follows that the PSF of the
coincidence detector has a triangular profile in the center field, a rectangular profile
close to the detectors, and a trapezoidal profile in between. Hence, the FWHM of
the PSF due to the finite detector size is in reality position dependent. However,
the importance of the position dependency of the spatial resolution in PET should
not be exaggerated. When using a 3-D acquisition mode, which is mostly used for
brain imaging, the axial spatial resolution remains almost constant, and the FWHM
of the trans-axial spatial resolution varies between 5 and 6 mm for radial distances
below 10cm [Adam et al., 1997]. If a human brain, of which the brain width or
length is usually smaller than 20 cm, is positioned properly in the center of the
field-of-view (FOV), the FWHM of the PSF is not changing that much as it does
in SPECT. Hence, we can reasonably assume that the spatial resolution remains
constant within the object.

PET scanners are usually equipped with many rings of multi-crystal detectors.
Although more detector pairs enhance the detection capabilities of the system, it
also results in an increased amount of processing which is required by the coincidence
electronics. This approach makes it more difficult to separate true from false events.
True events are those coincidences created by photons originating from the same
positron-electron annihilation. False events are the opposite and can be subdivided
into scattered, single, and random events. In some PET scanners, collimating septa
can be placed in between the rings to reduce the additional detection problems. In
that case, the term 2-D PET is used, because the object inside the FOV is measured
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by means of a stack of detector rings that measure 2-D slices. When the septa are
retracted, the term 3-D PET is used. For brain imaging, 3-D PET is preferred,
mainly because of the increase in sensitivity of the system.

2.3.3 Attenuation and Scatter

Thus far, we have been assuming that the gamma ray energy remains constant
between emission and detection. However, it is very likely that an amount of the
emitted radiation will interact in some way with the surrounding.

A narrow collimated beam of photons will interact with matter in such way
that for each interaction a photon will be removed from the collimated beam. The
interaction probability per unit length is defined as the linear attenuation coefficient
p [em™1]. The number of photons that is expected to be eliminated over the distance
ds is AN = —u(s)Nds. It follows that the beam intensity decreases exponentially.
If a beam of N(a) photons are emitted in point s = a towards s = b, the expected
amount of photons arriving in b, coming directly from a, is given by

N() = N(a)e™ Ja 1. (2.8)

The predominant interactions that are relevant for the gamma ray energies that
are used in nuclear medicine imaging, are (a) the photo-electric effect, and (b) the
Compton effect. The attenuation effect is measurable by means of a transmission
measurement. The amount of scattered gamma rays can only be measured indi-
rectly. Scattered gamma rays deviate from their original trajectory and propagate
with a reduced energy. Consequently, there is a high probability that photons with
a lower energy at the moment of detection have reached the detector through one or
more Compton interactions. Unfortunately, the energy resolution of a scintillation
detector is relatively poor. Photons that change their trajectory over small angles
will lose only small amounts of energy, and may be indistinguishable from non-
scattered events. It appears that the energy resolution of the scintillator influences
the spatial resolution of the detector.

Ichihara et al. [1993] introduced a technique to estimate the contribution of
scattered events in the primary energy window. The technique consists of using
two additional energy windows that are placed at both sides of the primary energy
window. By means of these scatter windows, a first order estimate of the scatter
contribution in the primary window is derived. Let ¢,,, ¢;, and ¢, be the number of
photons detected in the primary (main) window, the lower, and the upper scatter
window, respectively. Let F,,, E;, and FE, be the width of the primary, lower, and
upper energy window, respectively. Then, the first order scatter correction for the
number of photons in the primary energy window, is given by

qi qu Em
corr — dm — | = — | & 2.
q q ( 5t Eu) 5 (2.9)

This scatter correction approach is called the triple energy window (TEW) scatter
correction method, and it is often applied in SPECT.
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Figure 2.3: lllustration of the Radon
transformation. The projection of A(z, y)
is the line integral along the projection line
(dashed line).

In 3-D PET, several detection events may occur of which the nature of an event
could be true, scattered, single, or random. Because of that, 3-D PET will benefit
from the use of scatter correction techniques. Actually, one could use equation (2.9).
However, because of the poor energy resolution of some PET scintillation detectors,
complex scatter correction techniques have been devised [Watson, 2000].

2.4 Image Reconstruction

Imaging by means of emission tomography is based on indirect measurements of the
spatial distribution of a radioactive tracer molecule inside the imaged object. The
obvious next step is to present the acquired information in a readable fashion to the
observer by means of a 2-D digital image or a 3-D digital volume. This means that
the image information needs to be derived or reconstructed from the measurements.

Emission tomography reconstruction can be done in different ways. The two
most important approaches are: (a) using an analytical description of the acquisition
procedure which is then solved by algebraic techniques, or (b) using a statistical
description of the acquisition procedure which is solved by optimization techniques.
Both approaches have their benefits and their disadvantages, and are being used in
current clinical emission tomography, as well as in research. We will now look into
the details of these two methods.

2.4.1 Analytical Reconstruction

We explain analytical based reconstruction techniques by means of the Radon trans-
formation and the filtered back-projection (FBP) method in 2-D. This approach is
conceptually well suited for SPECT using parallel hole collimators and 2-D PET.
These modalities are essentially a set of stacked 2-D slices that make up the 3-D
volume.

Consider a continuous 2-D distribution A(x,y) in an orthogonal coordinate sys-
tem L (x,y) (Fig.2.3). The Radon transformation of A(x,y) is found by taking line
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integrals along slanted lines,

+oo
(RX) (p,0) = /[ Az, y)d(p — x cos O — ysin O)dxdy, (2.10)

where p = wcosf + ysinf is the equation of the slanted line, 6 is the angular
orientation of the line w.r.t. the coordinate system, and §(-) is the Dirac delta-
function. If A(z,y) represents the spatial distribution of a radioactive tracer, then
the Radon transformation is the mathematical equivalent of a simplified emission
tomography acquisition procedure, where attenuation, scatter, resolution, and all
other effects are ignored. The Radon transformation is often called the projection
operator of the tracer distribution,

Q([L 9) = (R)‘) (pae)' (2'11)

The main purpose of image reconstruction is to retrieve A(z,y) from the measured
projection data g(p,6). For that purpose, we need to invert the Radon transforma-
tion. One solution is based on the Fourier Slice Theorem. From Fourier theory, we
know that

“+o0
Az, y) = / / (Fah) (v, ) 274000 iy (2.12)
—00

where (Fao) (vg,vy) is the 2-D Fourier transformation of A(x,y), and where ¢ =
v/ —1. Introducing polar frequency parameters

( 52 ) :”( Zﬁfg ) (2.13)

into equation (2.12) produces
™ +oo
Az, y) = / / [v] (F2A) (vcos B, vsinf)e*™Pdude. (2.14)
0 —o0o

Subsequently, from the Fourier Slice Theorem, we know that
+oo
(7o) (veost.vsing) = [ a(p.6)e > dp = (Fia) (1), (2.15)

— 00

where F; is the 1-D Fourier transformation. Then, equation (2.14) becomes

Mz, y) = /07T /_-:0 | [(-7:1 q) (v, 9)} ™ P dydf (2.16)

= /OW [(_7-'1_1@‘14_7:1 q) (v, 9)} de (2.17)

= (BF{ '@, F1q) (p,0), (2.18)
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where F7 ! is the 1-D inverse Fourier transformation, where ®, is the operator
that performs multiplication with |v| in the frequency domain, which is also called
the ramp filter, and where B is the back-projection operator, defined as

(Bg) (z,y) = /07r q(p,0)0(p — x cos @ — ysin B)de. (2.19)

Then, the operator sequence (8.7-'{1<I>|U|.7-'1) is called the filtered back-projection
(FBP) of the measured projection data ¢(p,0).

The conventional FBP method is based on a mathematical idealization of emis-
sion tomography [Fessler, 1994; Radon, 1917]. Nevertheless, the method is widely
used for a number of reasons. First of all, it can be easily implemented using existing
Fourier techniques, like e.g. fast Fourier transformation (FFT). It is a straightfor-
ward algorithm that uses relatively little processing equipment. In the early 1970’s,
when tomography was introduced in radiology and nuclear medicine departments,
computers were considerably slower than the equipment which is used nowadays.
Being able to produce images using analytical techniques was then a major step for-
ward. Later on, the method was extended to 3-D imaging. Secondly, the algorithm
is based on an analytical function, which makes it very attractive for further the-
oretical research. If the FBP algorithm is combined with an accurate attenuation
correction method, it shows less bias than many iterative reconstruction techniques.
For some quantitative applications, like e.g. tracer kinetic modeling, it is better to
have a reconstruction method that gives less bias to the quantitative data than
having a reconstruction method that gives visual good quality images.

However, there are also a number of drawbacks to the FBP method. First of all,
the measured emission data are subject to statistical variation. In clinically realis-
tic circumstances, emission data can contain statistical variations that are relatively
large compared to the measured values. This uncertainty of the measurement is of-
ten referred to as noise. A considerable drawback of the FBP algorithm is the lack
of a statistical framework that can deal with this noise. As a result, the variations
in the measurements will produce high frequencies in the Fourier domain that sub-
sequently will be amplified by the ramp filter and propagate to the reconstruction.
This noise propagation can be suppressed by apodizing the ramp filter with a low
pass filter. However, applying a low pass filter will also degrade the spatial reso-
lution and contrast inside the reconstructed image. Examples of apodizing filters
that are frequently used, are

e the Gaussian filter kernel ¥, (v) = e~2(mo¥)* The Fourier transformation of
a Gaussian kernel is again Gaussian. Hence, the filter can also be applied to
the projection space. Then,

1 p?

Y, (p) =F ', (v) = e 207 (2.20)
oV 2w

is the 1-D convolution kernel that has to be applied to the ramp-filtered pro-
jection data. The full-width at half-maximum (FWHM) of the Gaussian con-
volution kernel which characterizes the smoothing performance of the kernel,

is 20v21n 2.



§2.4 IMAGE RECONSTRUCTION 21

e the Butterworth filter, which is given by

oyn(v) = S — (2.21)

2n
1+ (i)

and where 1 is the cut-off frequency and n the order of the filter.

In (2.18), @, is then multiplied in frequency space by the low pass filter ¥(v).
Alternatively, the FBP reconstruction could be post-processed with the appropriate
apodizing kernel. For that purpose, the Gaussian kernel is often used.

The measured emission data are sampled over a discrete number of detector units
and only a finite number of projection angles are measured. For a small number of
projection angles, and when using noiseless data, the discrete implementation of the
back-projection in (2.18) leads to star-shaped streaks around high intensity regions
in the reconstructed image [Bruyant et al., 2000]. For noiseless measurements, these
streaks would normally disappear with an increasing angular sampling. However,
noise in the projection data will pronounce these streaks. In fact, the FBP algorithm
can be seen as providing an un-weighted least-squares solution to the minimization
problem

S‘(xay) :argrngn”(I(pv 9) 77?’)‘(/)7 9)H27 (222)

where A(z,y) is the image estimate after optimization. The FBP algorithm treats
all rays equally. This means that noise in g(p, 8) is treated as if it was produced
by means of a Gaussian distribution. However, as we saw in equation (2.3), the
measured data are samples from a Poisson distribution. For that reason, the re-
constructed image will contain a residual amount of structural or correlated noise
which is seen by these streak artifacts.

Filtered back-projection is based on the assumption that the projection data
q(p, 0) truly represent line integrals. Unfortunately, that assumption is not always
valid for applications in emission tomography. Both in PET and SPECT, the mea-
sured projection data g(p, ) are overestimated by the Radon transformation of the
tracer distribution. This effect is caused by the presence of radiation attenuating
tissue. In general, the overestimation will be inconsistent for different projection
angles. Before attenuation correction can be performed, one has to obtain an im-
age of the attenuation coefficients. After that, the data may be corrected for the
attenuation effect.

In SPECT, the detected photons provide no depth information, and therefore no
information about the attenuation along the photon trajectories. For that reason,
some types of SPECT scanners have been equipped with external radioactive sources
that are used to emit radiation through the object. With this technique, which is
called transmission tomography, one can measure the attenuation along specific
trajectories through the object. This technique is essentially similar to the concept
of computed tomography or CT.
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Recently, state-of-the-art PET-CT and SPECT-CT scanners have been made
available and provide high-quality transmission images. These images can be trans-
formed into attenuation coefficients at energies that are comparable with those of
the radiation emitted by the tracer, which can be useful for the attenuation correc-
tion of the emission data. However, attenuation correction based on transmission
tomography can give additional problems. For example, the patient may move in
between the measurements of the transmission and the emission data. Moreover,
the noise or perhaps artifacts that are contained by the transmission data may
influence the quality of the emission data reconstruction.

Suppose that transmission measurements were not acquired. Then, a reason-
able substitute might be to derive the contours of the object from the projection
data, or extract the contours from a reconstruction without attenuation correction.
An artificial attenuation image can then be constructed by using water equivalent
attenuation coefficients inside the object and zero coefficients outside. This approx-
imation may be useful as an alternative solution when transmission data are not
available.

In SPECT, if an image of attenuation coefficients has been obtained, the method
of Chang provides an attenuation correction procedure [Chang, 1978]. For all points
(0, yo) inside an object, one can compute the first order correction factor, which is
given by

1 27 _ y -1
cl<xo,yo>( / e fLe“““”d”yde) , (2.23)
0

2

where [ 1, Tepresents the line integral from (zg, yo) to the border of the object along
projection angle 6, and u(x,y) are the linear attenuation coefficients. If A(z,y)
represents the FBP reconstruction of ¢(p,6), then A(z,y)ci(z,y) is called the first
order corrected Chang FBP reconstruction. A second order correction term ca(x,y)
can be found by projecting the first order corrected reconstruction A(z,y)ci(x,y).
Thereafter, the measured projection data q(p,6) are subtracted, and the result is
reconstructed using FBP. The second order correction term is then given by

ca(z,y) = FBP | RAc1(p,0) — q(p,0) . (2.24)

The second order corrected Chang FBP reconstruction is then A(x,y)ci(z,y) +
C2($7 y)

In PET, true coincidence detection guarantees a line-of-response (LOR) through
the object. Hence, the depth information is not required because the attenuation
depends on the complete LOR through the object, not on the origin along the
LOR. Using an additional transmission measurement, the attenuation along the
LOR can be calculated, and attenuation correction can be performed before the
reconstruction algorithm is applied to the emission data. In some PET scanners,
external point or line sources emitting positrons are placed inside the gantry with
the freedom of rotating around the inner FOV, and thus around the object.
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Figure 2.4: Schematic drawing of
the digital image representation and
system modeling in SPECT. In this
example, discrete detector element ¢
measures collimated photons emit-
ted by voxel j. See §2.4.2 for further
explanation.

2.4.2 Digital Image Representation and System Modeling

In reality, it is not possible to measure the emitted radiation with an infinite preci-
sion. The projection data are sampled and digitized by the acquisition system, and
the true measurements are represented by ¢(p;, 0;), where r = {0,1,..., R—1} enu-
merates the discrete detector units, and ¢t = {0,1,...,7 — 1} the discrete projection
angles. For economy of writing, we define i = Rt + r to be the enumerator of the
detector bins, i = {0,1,...,I — 1}, and I = RT. This enumeration includes both
the detector units as well as the projection angles. Hence, the true measurement of
the projection data ¢(p, ) can be written as

-1
> aiti(p,0), (2.25)
=0

where 1); are the support functions of the projection space, defined as

1 <= (p,0) define the projection line through
»i(p,0) = the i*® detector, (2.26)
0 <= otherwise,

and ¢; = q(pr,0:). The true image representation of the spatial tracer distri-
bution is in a similar way approximated by the digitized A(z,,yn), where m =
{0,1,...,M — 1} and n = {0,1,..., N — 1} enumerate the sampling in the x and
y direction, respectively. For notational convenience, we define j = Mn 4+ m to be
the enumerator of the discrete image elements, j = {0,1,...,J—1}, and J = MN.
The spatial tracer distribution is approximated by a finite series expansion,

J—1
Aa,y) = Y Ajg(a,y), (2.27)
§=0
in which ¢; are the support functions of the image space, often defined as pizels

(2-D), or vozels (3-D),

1 <= (x,y) inside j** pixel/voxel,

#3(2.9) :{ 0 <= otherwise, (2.28)
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Figure 2.5: Schematic drawing of the
digital image representation and system
modeling in PET. In this example, dis-
crete coincidence detector pair ¢ mea-
sures gamma rays emitted by voxel j.
See §2.4.2 for further explanation.

and where \; = A(@,,yn) are the digital approximations of the continuous tracer
distribution A(x,y). The digital version of the Radon transformation (2.11) becomes

I—-1 J—1
> aiti(p,0) = > \Rp;i(p,0). (2.29)
i=0 =0

The Radon transformation of the support functions in image space can then be
rewritten as a linear combination of the support functions in projection space, or
Repj(x,y) =, ciji(p, 0). Equation (2.29) then simplifies to

J—1
q; = Z CijAj, (2.30)
=0

where c;; are the projection elements for the transformation. The matrix of pro-
jection elements C = {¢;; |¢ =0,1,...,] —1land j =0,1,...,J — 1} is called the
system matriz. It is the mathematical model which describes the relationship be-
tween the digitized image and the sampled projection space. The matrix elements
describe the details of the acquisition procedure.

The digital Radon transformation is the mathematical equivalent of an idealized
acquisition procedure. See Fig. 2.4 and Fig. 2.5 for a schematic drawing of the digital
acquisition and image representation and system modeling in SPECT and PET,
respectively. Both the attenuation and the detector resolution effect are ignored.
However, a more accurate description of the acquisition procedure can improve the
qualitative performance of the reconstruction algorithm.

Photons may be attenuated in between their emission and detection. This hap-
pens due to the presence of matter. An appropriate correction for the attenuation
effect should be applied at the same instance where it occurs. Therefore, equation
(2.8) is incorporated into the system model. The elements of the system matrix
should then be replaced by

Cij — Q;Ciy, with Gj; = €Xp (— ZAZM}C> s (231)
k
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where Afj represent the effective intersection length of the projection beam from
detector element 7 to voxel j with the volume represented by voxel k, and where p
is the linear attenuation coefficient at voxel k. For PET, equation (2.31) simplifies
to

Cij — ;Cij, with a; = exp (— Z Af,uk> , (2.32)
k

where AF represent the effective intersection length of the projection beam through
detector pair i with the volume represented by voxel k. In PET, the attenuation
correction can be separated from the projection operation.

Modeling of the detector and collimator spatial resolution is more complex. For
PET, however, the position dependent spatial resolution properties of the detector
can be approximated by a uniform PSF for objects in the central part of the FOV
(cfr. §2.3.2). In that region, the FWHM of the PSF is not changing that much
with the distance to the detector, as it does in SPECT [Adam et al., 1997]. The
detector spatial response function is then modeled by means of a convolution of the
projection with a Gaussian kernel that has a fixed FWHM. Then, the elements of
the system matrix are given by

Cij — Zatctjhita (2.33)
t

where the Gaussian kernel is given by

1 d? FWHM
hit = — exp | — =4 with o= —, 2.34
T H p( 202> V82 (2.34)

where H is a normalization constant, and where d;; is the distance on the detector
surface between detector elements 7 and t.

This straightforward approach cannot be used for modeling of the distance de-
pendent resolution effect in SPECT. If we ignore the effect of attenuation, then,
for a parallel hole collimator, we can rewrite equation (2.30) as a plane-by-plane
projection operation, in which all planes v are parallel to the detector surface at
detector element i. For that purpose, we use a plane selection parameter &, which
is defined as

1 <= voxel j lies within plane v, i.e. parallel to the
detector surface, and j projects perpendicular

v
i onto detector element ¢, (2.35)

0 <= otherwise.

Furthermore, we define that the plane for which v = 0 is located at the opposite side
of the detector surface, and that the plane onto the detector surface has v = vy ax.
In equation (2.7), we showed that the spatial resolution of the detector can be
approximated by a Gaussian kernel of which the variance depends on the distance of
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the source to the collimator. Then, the projection operation, with the incorporation
of the distance dependent resolution effect, can be written as

Umax

DI A DI R (2.36)
v=1 1| j
in which the PSF of the detector in plane v is given by

1 d?
gh = = exp (l> , (2.37)

g 202

where G is a normalization constant, d;; is the Euclidean distance between voxel @
and voxel [ in plane v, and o2 is the variance of the PSF in plane v. Unfortunately,
the use of equation (2.37) introduces a significant computational burden for statisti-
cal reconstruction (§2.4.3). The Gaussian diffusion method, proposed by McCarthy
and Miller [1991], can reduce this computational burden. The method exploits the
fact that the variances ¢? of Gaussian functions G add in convolution,

G(f)®G(2) 2G(F+). (2.38)

Hence, instead of smoothing with the PSF for each plane v separately, the Gaussian
diffusion method applies the resolution effect by means of incremental smoothing
with variances ¢2, satisfying

Umax

=> o (2.39)

The projection operation described in (2.30), but with the incorporation of the
attenuation and distance dependent resolution effect, is then written as a recursive
plane-by-plane projection, smoothing, and attenuation operation,

_A 0 el
ATl e (Sag) e v-o
l J

wod . (2.40)
D) H7£m+l"]§ Z G p;‘}_l + Z )\jg:}
J

<~ v=1,...,Vmax

with ¢; = p;™, in which A is the trans-axial thickness of a voxel, u; is the atten-
uation coefficient, and

v 1 d12l
il = anP < 2§5> ) (2.41)

is the Gaussian smoothing kernel for plane v with variance ¢2 = o2 — o2 11
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2.4.3 Statistical Reconstruction

The statistical framework that has been developed for the reconstruction of emission
tomography data is very extensive. Many contributions to the theory have led to a
wide variety of iterative algorithms. For the derivation of a certain reconstruction
algorithm, the approach in general is based on the following five steps: (1) image
parametrization, (2) system modeling, (3) statistical modeling of the measurements,
(4) construction of a cost function, and (5) optimization of the cost function using
an iterative algorithm [Fessler, 2004]. The first two steps have been described in
§2.4.2. For the last three steps, different approaches exist. In the next sections, we
describe the Bayesian approach for the restoration of emission tomography data.

Bayesian Approach

Consider an object that contains an unknown spatial distribution of a certain ra-
dioactive tracer molecule. The object is located inside the FOV of an emission
tomograph. The emission data of the object have been acquired over a certain time
and the measurement is given by Q = {¢;|i =0,...,I —1}. Suppose that, by some
procedure, we were able to reconstruct the underlying tracer distribution from the
measured data, and we can write the digitized image reconstruction of the radioac-
tive tracer distribution as A = {\;|j = 0,...,J — 1}. Using the conditional and
marginal probabilities for the measurement and reconstruction, we can write down
the rule of Bayes, which states that

p(QIM)p(A)
p(@Q)

The probability for the image without taking into account the measurement is the
prior p(A). The probability for obtaining the measurement assuming that the tracer
distribution is equal to A is the likelihood p(Q|A). The probability for the image
A, given the measurement @, is the posterior p(A|Q). Obviously, the probability
for obtaining the measurement p(Q)) remains constant during the reconstruction
procedure. It is the aim of statistical image reconstruction methods to seek for that
image A for which the posterior probability p(A|Q) is maximal. This is called the
mazimum-a-posteriori (MAP) approach.

p(AlQ) = (2.42)

As a first approach to this problem, we can assume that all solutions have equal
probability. This means that for all A, we assume the prior probability p(A) to be
constant. Then, maximizing p(A|Q) is equal to maximizing p(Q|A). This is called
the maximum-likelihood (ML) approach.

Maximum-Likelihood Estimation

Assume that the acquisition procedure for an emission tomograph has been char-
acterized and that a system matrix (cfr. §2.4.2) was derived. When the tracer
distribution in the field of view is equal to A, the acquisition procedure is expected
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to measure

J—1
r, = Z Cij)\j, (243)
j=0
forall ¢ =0...,1 —1. The ¢;; describe the detection sensitivity of detector ¢ for

activity in voxel j. The next step in the ML approach is to choose a proper statistical
model that describes the relationship between the expected and the measured data.
As pointed out in §2.2.1, we assume that the observed data are samples from an
ordinary Poisson distribution, as shown in equation (2.3). Hence, the conditional
probability of measuring g; while r; is expected, is given by

—71;n4i
e 'r;

qi!

plailri) = (2.44)

Because individual observations are assumed to be independent, the likelihood of
measuring @ given A, is

e —
p(QIN) =1 I (2.45)
i=0 v

The natural logarithm is a monotonic function. Hence, maximizing equation (2.45)
is equivalent to maximizing its logarithm. The log-likelihood function is

L(Q[A) = 2 In(r;) —ri — In(g:!) (2.46)

~
|
- o =

J—1 J—1
giln | D ey | =D eph — (g - (2.47)
i=0 =0 §=0

The most probable tracer distribution estimate f\, given the measured data, is then
given by the maximum-likelihood estimator (MLE), which is defined as

A= argx{x\lgacL(QM). (2.48)

A straightforward approach for solving (2.48) is to compute its first derivative,

8L = q;
o > cii (ZJl - 1> ; (2.49)

i=0 j1=0 Ci' Ay’

and set it to zero. However, this approach is computationally very impractical. As
an alternative, there are iterative estimation techniques that are much easier to im-
plement. One of these techniques is the expectation-mazimization (EM) algorithm,
which was proposed by [Dempster et al., 1977].
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Expectation-Maximization

The EM algorithm for maximum-likelihood reconstruction in emission tomography
was developed independently by Shepp and Vardi [1982] and Lange and Carson
[1984]. We give a description of the algorithm that was proposed by Lange and
Carson [1984].

The emission data measured by the detector are incomplete. The measurement
does not provide information about the origin of measured events. However, one
can introduce a set of complete data X = {x;;}, such that

J—1
7=0

The z;; are the unknown number of photons that have been emitted in voxel j
and detected in 7. The set of complete data, which cannot be observed, describes
the full relationship between the emission and the detection of each event. The
expected value of x;;, under the assumption of A, is equal to Z;; = ¢;;A;. Since the
complete data obey Poisson statistics, just like the measured data, one can derive
the log-likelihood of the complete data, which is

I-1J-1
i=0 j=0
I-1J-1
= Lij ln(cij)\j) — cij)\j - ].D(l'”') (252)
=0 j=0

Because the complete data cannot be observed directly, we need an estimate. Let
{a1,...,a,} be a set of independent Poisson variables. The expected value of ay,
under the assumption that the sum S = 2?21 a; is known, is given by

E(a1)
Z?:1 E(a;)

Hence, the expected projection data, given the measurement () and the estimate A,
and using (2.50), is given by

E(a1]9) =5 (2.53)

Coi s
E(zi]1Q,A) = i —5—1— = nyj. (2.54)
2 jr=0 Cig' Ay

The complete data in (2.52) can then be replaced by the expected value, such that

I—1J—
B(L(X|A)[@,4) = Z Z ni In(cijAj) — cijA; — Inmg;! (2.55)

=0 j=0

This step is called the expectation or E-step. In the subsequent mazimization or
M-step, the conditional expectation of (2.55) is maximized with respect to A;. The
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derivative of (2.55), given by
9 =1,
—E(LXA ,Ak): Mg ), 2.56
a>\j ( | )|Q lz:; )\j Cij ( )
is set to zero, which gives the maximum-likelihood estimate
I-1
5. — 2oiz0 Mg
J I-1
2 i=o Cij

from which the mazimum-likelihood expectation-mazimization (ML-EM) algorithm
can be derived,

: (2.57)

VSR S T (2.59)
i T ~I-1 71 3k :
> im0 Cij =0 2jr—o Ci' Ay

and where A**1 is the reconstruction after one iteration when starting from A*.
From (2.49) and (2.58), one can show that the ML-EM algorithm is a gradient
ascent method

k
)\’?+1:)\’?+L87L
J J

2.59
Zf;ol Cij 8/\3’ ( )

Ak

For reasons of computational stability, the latter form is used to implement the
ML-EM algorithm.

Ordered Subsets

Although the ML-EM algorithm is guaranteed to converge, its actual convergence
rate can be very slow. Fortunately, the ordered subsets (OS) technique, proposed
by Hudson and Larkin [1994], can speed up this rate. For this technique, smaller
subsets of the projection data are used for reconstruction, thereby speeding up the
estimation procedure. Let the projection data be subdivided into T subsets, such
that each detector lies in a subset, i € Sy and t € {1,...,T}. Then

k.t
(kst+1) _ /\§' ) Cijqi
A = (2.60)

‘ — J—1 "0
Zlest Cij i€S, Zj’:[) Cij’)‘j’

is the t-th subiteration of the OS algorithm. If all subsets have been used,

k1 _ y(kTH+1)
A= )\ (2.61)
is the reconstruction after one full iteration, based on many subiterations. Applying
this method to the ML-EM algorithm gives rise to the ML-OS-EM reconstruction
algorithm.
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Unfortunately, the OS technique can prevent that convergence is reached. Ex-
cept for the reconstruction of noise-free data, ML-OS-EM will converge to a non-
maximum likelihood solution. This method will always lead to a cyclic convergence
behavior. However, even at this level, ML-OS-EM can produce good results. In
order to find a reasonable compromise between convergence guarantee and conver-
gence rate, one could use the ML-OS-EM method with an iteration scheme with a
decreasing number of subsets. This approach is used in all experiments that follow.

Maximum-a-Posteriori and Regularization

For the derivation of the ML algorithm, we assumed that all solutions have equal
probability. As a result, a solution of (2.48) will fit the data using the statistical
model. But, it will also try to explain for some part the statistical fluctuations that
are present in the data, i.e. the noise content. It should be clear by now that there is
plenty of noise in the measurements. The ML reconstruction method cannot prevent
the propagation of noise from the measurement into the ML estimate. Moreover,
there is no unique solution because the continuous medium that has been measured
has to be retrieved using a finite number of measurements. The image restoration
problem is said to be ll-posed.

Fortunately, a number of solutions exist. One can initialize the ML algorithm
with a smooth image estimate A(®) and terminate it after a few iterations. The
transfer of noise is then prevented by stopping the algorithm. A serious disad-
vantage is that this solutions prevents from coming near the point of convergence,
particularly for small structures with high contrast-to-background ratios. A fre-
quently used noise suppression technique is post-smoothing of the reconstruction
after many iterations using a low-pass post-smoothing kernel, such as the Gaussian
kernel. A different approach consists of using smooth basis functions, called blobs,
instead of voxels (2.28) for the support functions of the image space [Lewitt, 1983;
Matej and Lewitt, 1992]. An alternative regularization approach was proposed by
Snyder et al. [1987] and is called the method of sieves. In both approaches, the
image estimate is then smooth by definition.

The most popular approach comes with the use of the prior function p(A), which
was mentioned in §2.4.3. For that approach, the most probable tracer distribution
A, given the measured data and the additional constraints imposed by the prior
function, is given by the MAP estimator, which is defined as

A = argmax (L(Q|A) + M(A)), (2.62)

and for which the log-prior is defined as M(A) £ Inp(A). Straightforward opti-
mization of (2.62) using the expectation-maximization technique is difficult since
the M-step is coupled. However, some solutions have been provided. Hebert and
Leahy [1989] proposed a generalized EM method which is a coordinate gradient de-
scent method. An alternative method, developed by Green [1990], has been named
the one-step late (OSL) algorithm because it makes use of gradients of the previous
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iteration step,
A} Cij i

oM S Cipr AT
ey - Jj v
Zlcm+ﬁ 6A

J

n+l _
AL = (2.63)

Am

For large (3, the denominator in (2.63) may become very small, or even negative, and
thereby cause numerical problems. To avoid this, a different optimization strategy
can be used for (2.62). As shown in (2.59), the ML-EM algorithm can be written
as a preconditioned gradient ascent algorithm. Then, the prior can be included by
adding its gradient to that of the likelihood, and by adapting the preconditioner
such that convergence is controlled when the prior dominates. The optimization
algorithm is then given by

oLl oM
ONj [y ONj | pn
AL = AP N ——A 82;\4" : (2.64)

25 Cii AT 539
J

An

This expression reduces to (2.59) if the likelihood dominates, and to an approxima-
tion of Newton’s method if the prior dominates. In absence of the prior, (2.64) is
guaranteed to be non-negative. However, the preconditioner of the prior does not
guarantee non-negativity. For that purpose, negative values are to be replaced with
zeros during iterations.

When performing MAP reconstruction, a certain prior function should be used
and a proportional weight should be given to it. The choice which prior to use
depends on the application. In many cases, the aim is to obtain an image featuring

e local smoothness, perhaps in combination with a tolerance for edges,
e global smoothness.

In an image, local smoothness can be obtained by using a Gibbs-Markov prior
[Geman and Geman, 1984]. The a priori probability for the tracer distribution is
based on the Gibbs distribution,

p(A) x exp ( — BU(A)), (2.65)

where U(A) is the Gibbs energy function, given by

v =3 di@(xj,xk), (2.66)

i keN; IF

where ®(x,y) is the potential function, d;; the Euclidean distance between voxel j
and voxel k, Nj the neighborhood of voxel j, and 3 the Gibbs prior weight. There
are a number of potential (or penalty) functions that can be used. Popular choices
are the quadratic, the Huber, the Median root, and the Geman-McClure function
[Alenius et al., 1998; Geman and McClure, 1985; Mumcuoglu et al., 1996, 1994]. Re-
cently, a potential function was derived, which penalizes relative differences rather
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than absolute differences, and which becomes tolerant for relatively large differences
between neighboring voxels [Nuyts et al., 2002].

If on the other hand a uniform activity distribution is pursued, global smoothness
can be obtained by using a Gaussian prior. This approach becomes useful for tissues
having a known uniform tracer uptake (cfr. infra). The a priori probability for the
tracer distribution is based on Gaussian distributions, and the log-prior is defined
as

M(A) = =83 % (2.67)

in which p; are the mean and o; the standard deviation of the assumed underlying
Gaussian tracer distribution, and 3 the Gaussian prior weight. In particular, multi-
modal Gaussian distributions can be assumed [Nuyts et al., 1999a]. This extension
is extremely well suited for the MAP reconstruction of PET transmission data.

2.5 Conclusion

In this chapter, we described the different steps that are required for performing
emission tomography. Each of these steps, from the injection of the tracer molecule
to the formation of the image, has an influence on the final image quality. We also
showed that the digital image representation and system modeling can influence
the spatial resolution of the reconstruction. Finally, different image reconstruction
techniques were discussed. In the next chapter, we discuss in detail the origin and
occurrence of some image degrading effects and we provide some solutions.






Chapter

Partial Volume Correction in
Emission Tomography

“All models are wrong — but some
are useful.”
GEORGE EDWARD PELHAM Box
(b. 1919)

This chapter is mainly based on K. Baete et al., “Anatomical based FDG-PET
reconstruction for the detection of hypo-metabolic regions in epilepsy,” IEEE
Transactions on Medical Imaging, Vol. 23, No. 4, pp. 510-519, Apr. 2004.

The quality and quantitative accuracy of emission tomography image reconstruc-
tions are determined by a variety of issues. Among these, the acquisition and
reconstruction parameter settings are crucial. For optimal imaging performance,
these acquisition and reconstruction settings will need some adjustment. It is im-
portant to study the effect of these settings on the final image quantification. For
that reason, we look into the details of some of these effects.

3.1 Image Degrading Effects

Data acquisition procedures in emission tomography are very different from that
of other imaging modalities, like e.g. CT or MRI. The main difference is that the
pursued signal is coming from inside the patient and cannot that easily be controlled
from the outside. The acquisition procedure aims at acquiring an amount of gamma-
rays within a certain energy window such that images of a reasonable quality can
be produced. The amount of activity administered to the patient should not be

35
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increased beyond limits, even if this would be beneficial to the image quality. Dose
levels should be kept reasonably low, while being able to perform good medical
practice.

If the dose has to be kept low, one could think of increasing the acquisition
time. However, the time that the patient has to spend lying on a table cannot be
increased too much. Standard SPECT procedures require up to around 30 minutes.
For a lot of patients, this is experienced as a very long period of which the last few
minutes tend to be very uncomfortable. Moreover, the patient is required to lay
perfectly still during the whole acquisition period. If the duration of the acquisition
is long, there is a chance that the patient will move. Patient movement can make
the spatial resolution worse, which in the end will destroy the positive effect of
longer acquisition times.

A number of physical effects cannot be controlled for, but do influence image
quality. These are e.g. scattered radiation, positron range, non-co-linearity of the
annihilation process, random coincidence detection, ... Furthermore, it is important
to perform quality inspection of all contributing systems on a regular basis. Energy
settings, camera uniformity, linearity, center-of-rotation, PET normalization, dose
calibrator, ... All of these systems and settings should be monitored closely by
technologists and medical physicists such that an optimal imaging performance can
be achieved.

In general, emission tomography leads to low count statistics, which is often said
to give noisy images. Actually, the signal-to-noise ratio of emission tomography is
rather low. For qualitative inspection, the images are therefore often post-processed
using a variety of low-pass filters. While these smoothed images look nicer, a lot of
the quantitative information has been removed. The quality of emission tomography
imaging is poor compared to, for example, MRI or CT. However, the emission data
contain enough information to make a tomographic reconstruction that is more than
appropriate for clinical decision making.

3.2 Partial Volume and Spill-Over Effect

Suppose that a considerable amount of photons were acquired with an optimal
detection efficiency. Even then, we encounter partial volume and spill-over effects.

3.2.1 Origin of the Effects

All imaging systems in which signal intensities are digitally sampled are inherently
influenced by the partial volume effect (PVE). The importance of this effect for
quantitative imaging depends on the spatial dimensions of the sampling interval
and the spatial dimensions of the received signal. Any change of the intensity of
the signal in between the discrete sampling intervals will lead to a signal averaging
which is weighted by the sampling dimensions. Furthermore, if the imaging system
has a limited spatial resolution, the signal intensity will be spread out and lead
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MRI PET/SPECT

Figure 3.1: This drawing illustrates the differences between high-resolution MRI and
emission tomography concerning spatial resolution and sampling properties. On the
left, the dimension of a typical sampling in high-resolution MRI, using a voxel size of
1 mm, is usually equal or somewhat larger than the spatial resolution of the detector
system, which is shown by the Gaussian curve. On the right, a typical detector
sampling in emission tomography of the brain, using a detector size of 2.54 mm, is
usually smaller than the spatial resolution of the detector, i.e. several millimeter. The
average cortical thickness of the human brain is about 3 mm.

to a signal averaging which is weighted by the point spread function (PSF) of the
system. Therefore, if the imaged object is only partially occupied by the sampling
volume of the imaging system, the produced effect is named partial volume effect.
On the other hand, if the PSF of the system exceeds the voxel dimensions, the
signal intensity of the object in one voxel will be spilled-over to neighboring voxels.
Hence, the effect is named spill-over effect. These image degrading effects were
pointed out in the first publication of a series of papers by Hoffman et al. [1979].

It is important to consider the difference between the data sampling and the
spatial resolution characteristics of a digital imaging system. For each emission
tomography imaging protocol, a certain acquisition program is used, which includes
settings for the detector sampling frequency. Sampling is defined by the size of
the individual detector elements or detector bins. In general, the voxel size in
the axial direction of the image space is set identical to the size of the detector
bins. Hence, the detector sampling leads to a corresponding sampling in the image
space. Emission data that has been sampled will lead to an approximation of the
true tracer distribution (§2.4.2) and therefore to an inevitable loss of information.
Attempting to correct for this effect will require at least some additional knowledge.
This information could be measured by other medical imaging modalities.

On the other hand, the imaging system has a finite spatial resolution which is
defined by the ability to resolve an infinitely small point source. The PSF of the
point source in the reconstruction represents the spatial resolution of the imaging
system, which is the result of both the detector spatial resolution, as well as the
resolution determined by the reconstruction algorithm (e.g. post-smoothing). The
limited spatial resolution of the system, due to the acquisition and reconstruction,
will lead to blurring of the signal. This effect causes the spill-over of information
to neighboring regions. The reason why the spill-over effect is often referred to as
contributing to the partial volume effect is due to its signal averaging characteristics.
Attempting to correct for this effect requires knowledge about the spatial resolution
characteristics of the imaging system, which can be measured.
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Figure 3.2: This drawing illustrates the influence of the spill-over effect on brain
imaging using emission tomography. Let the rectangular functions represent a cross-
section of the tracer activity in two cortical regions. On the left, a thicker cortex is
shown with lower tracer uptake, on the right, a thinner cortex is shown with higher
uptake. The influence of the spill-over effect is demonstrated by convolution of both
curves with an identical Gaussian resolution kernel. It appears that the smoothed
activity curves have the same maximum intensity and are almost indistinguishable.

In other imaging modalities, like e.g. high-resolution MRI, the sampling dimen-
sions are usually equal or larger than the dimensions of the spatial resolution of
the detector system (Fig. 3.1). Then, differences between sampling and resolution
become less important and both parameters are often used as synonyms for each
other. In emission tomography, the dimensions of the detector sampling are typ-
ically much smaller than the dimensions of the spatial resolution of the detector.
The reason for this is that one wants to prevent that the acquisition procedure
suffers from further loss of resolution.

3.2.2 Consequences for Clinical Decision Making

The loss of quantitative information for small objects can be a significant source
of error in studies of the human brain using emission tomography [Hoffman et al.,
1979]. The combination of partial volume and spill-over effects limit the ability to
accurately resolve structures having small spatial dimensions, and can lead to local
under and over estimations of the radioactive tracer distribution [Fazio and Perani,
2000]. This is an important issue when imaging the human brain, since that organ
exhibits a rather complex anatomical structure. The thickness and shape of many
brain tissues and structures, like e.g. the cortical gray matter (GM), can change
over short distances. The average cortical thickness is about 3 mm [Fischl and
Dale, 2000]. This means that the spatial dimensions of brain tissues and structures
are relatively small compared to the voxel size, which is typically about 2.5 mm,
and the spatial resolution of the imaging system, which is about 5 mm in PET.
Thereby, it becomes unclear whether certain intensity changes in regions of the
reconstructed image are caused by the corresponding variations in the tracer uptake
within these regions, or if these changes are due to the varying spatial dimensions
of the corresponding structures compared to the resolution of the imaging system.

For physicians, it is difficult and sometimes impossible to determine whether
changes observed in PET measurements in normal aging or dementia are due to
changes in brain metabolism and physiology, or if these changes are the effect of
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structural changes (e.g. atrophy). Perhaps it could be a combination of both [Her-
scovitch et al., 1986]. PET and SPECT measurements of the cerebral blood flow
(CBF) and metabolism may be artificially lowered in cases of normal aging and
dementia, since both are associated with a significant probability for the developing
of atrophy. Without correction for the PVE one cannot determine the true nature
of the signal change. This effect is illustrated in Fig. 3.2.

In the presurgical evaluation of epilepsy patients, the PVE can lead to spuri-
ous hypometabolic or hypoperfusion regions, which in turn can yield an increased
amount of false positive predicted epileptogenic regions. Moreover, if the finite spa-
tial resolution of the imaging system is not accounted for, spill over of activity to
neighboring regions can occur, which in turn can yield a possible misinterpretation
of the extent of hypometabolic or hypoperfusion regions. Thereby, the delineation
of these regions becomes more difficult and less accurate.

3.3 Partial Volume Correction

In order to reduce the influence of the PVE in emission tomography, a number of
partial volume correction (PVC) techniques were developed. These techniques have
been based on the following rationale.

3.3.1 Rationale

In §3.2, we showed that, if a method aims at reducing the influence of the PVE,
it will need additional information. The reason is that the measurement does not
provide enough information to correct for the PVE itself. Over the years, PVC
techniques have been designed for emission tomography in which anatomical infor-
mation and, in some cases, spatial resolution properties of the imaging system were
included. In general, the anatomical information is measured during a separate
acquisition procedure for which magnetic resonance imaging (MRI) or computed
tomography (CT) can be used. Those two medical imaging modalities provide de-
tailed structural information with a much better spatial resolution and sampling
than emission tomography can provide. If the high resolution anatomical image
is spatially aligned with a preliminary reconstruction of the emission data, and if
the anatomical information can be extracted from the structural data, it is possible
to compute the volumetric contributions of the different tissue structures to the
corresponding voxels in the emission image. The knowledge that certain structures
will give only partial contributions to voxels in the emission image can be used to
estimate the amount of tracer activity that was averaged out by the PVE. Moreover,
if the spatial resolution properties of the system are known, they can be taken into
account when attempting to correct for the spill-over effect.

The spatial alignment of the functional and structural images and the ability
to extract anatomical information from MRI or CT are two crucial steps for any
PVC method. In fact, literature shows that the design and the evaluation of PVC
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techniques has been influenced for a large part by the development of state-of-the-
art image registration and segmentation algorithms. It is not the aim of this work
to look deeper into image registration and segmentation methods. We will use
methods that are available and for which it has been shown that they perform well
for brain imaging.

Literature shows in general two methodological approaches for performing PVC
in emission tomography. The first approach, which is also the oldest one, consists of
using the anatomical information after the emission data have been reconstructed.
Hence, this approach is a post-processing method. The second approach consists of
using the anatomical information during the image reconstruction procedure. For
this approach, statistical based image reconstruction, of which the Bayesian ap-
proach has been discussed in §2.4.3, is mostly used because it exhibits the necessary
flexibility for including information during the reconstruction procedure.

3.3.2 Post-Processing Methods

Herscovitch et al. [1986], who initiated the search for an appropriate brain atrophy
correction method for emission tomography, developed a post-processing method
that corrects global PET data, averaged over several tomographic slices, for the in-
fluence of cerebral atrophy. The method makes use of CT measurements from which
the CSF volumes of the ventricles and sulci (VV®) and the total intracranial volume
(Vi) are extracted. The global PET measurements of CBF and cerebral metabolic
rate for oxygen (CMRO3) are then corrected for the influence of metabolically in-
active CSF spaces by dividing the measured values by 1 — (V®/Vi¢). Videen et al.
[1988] illustrated an improvement of this method using 2-D computer simulations in
which the correction for metabolic inactive spaces involves regional PET data. The
method requires aligned CT or MRI slices from which two tissue types have been
extracted: brain tissue and non-brain tissue. A brain tissue map is created (62) in
which brain tissue voxels, i.e. GM and WM, are given the value 1 and non-brain
tissue voxels, i.e. CSF and other, are given the value 0. Subsequently, the brain
tissue map is convolved with the two-dimensional Gaussian PSF of the PET system,
denoted h, to yield a spatial resolution corrected tissue map. The correction A\°°™
of the observed PET data \°®® can then be written as

obs
)\COrr _ )\

CB@h’

(3.1)

Meltzer et al. [1990] extend the method to the correction of brain PET in three
dimensions and makes use of MRI data. The application of MRI for atrophy cor-
rection in PET offers several advantages over CT. Improved sulci delineation and
high contrast between brain and CSF when using T2-weighted pulse sequences per-
mits greater accuracy in quantitative measurements. Moreover, the beam hardening
artifact in CT is surpassed. Meltzer et al. [1990] reports that MRI allows further dis-
tinction between GM and WM, which could be useful in the correction for changes
in the relative amounts of these tissues.



§3.3 PARTIAL VOLUME CORRECTION 41

So far, the technique aims at a correction for the spill-over effect between CSF
and brain tissue. It does not correct for the spill-over effect between GM and WM.
Moreover, the fractional tissue contributions are ignored in these methods. A voxel
is either brain tissue, or not. Hence, a considerable amount of information that
is needed to correct for the partial volume effect, is neglected. The focus of these
methods lies more on the spill-over than on the partial volume correction efforts.

Miiller-Gértner et al. [1992] extend the method of Meltzer et al. [1990] and de-
scribe a method which addresses the problem of PVE in the GM region. The method
is based on the assumption that the observed reconstruction \°P® is the convolution
of the actual radioactivity distribution A\*** and the PSF h of the imaging system,

AOPS — \act @ (3.2)

The method considers the set of tissue types 7 = {G,W,C}, i.e. GM, WM, and
CSF, respectively. Each tissue type can be considered as a set of voxels. The MR,
data, from which the anatomical information is derived, is aligned with the emission
data and tissue images are extracted. The tissue images 55» are defined by 5; =1,
if voxel j is classified as belonging to tissue type t € 7, and 6; = 0 otherwise. The
actual radioactivity distribution in every voxel j is thought of being the sum of the
individual tissue distributions,

t _ VGG w W CcC
A2t = XG6G 4 AWV 4 AG5C, (3.3)

where A§, IV, and A, are the tissue activity concentrations in GM, WM, and
CSF. Furthermore, the activity concentration within WM and CSF is assumed to
be constant throughout the region, such that )\}’V and )\]C in (3.3) are replaced by
their mean values. These are measured in reference regions W.os C W and C,s C C,

respectively, in the observed reconstruction, and

obs sWre obs §Cre
- Wre ’ - Chre °
205 2505
Then, equation (3.2) becomes
AP = (AG69) @ h+ AW (6" @ h) + X° (6 @ h). (3.5)

Under the condition that we can make the following approximation for the GM
contribution

(AE69) @ h = A (6% @ h), (3.6)
we can derive the following expression for the PVC of GM voxels j € G,

N Aobs — AW (W @ h) — XC (8¢ ® h)
i G @ h

(3.7)
J
The approximation made in (3.6) is an equality when A\¢ = A%, or when h is a
Dirac delta function. In reality, however, this is never the case.
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Labbé et al. [1996] makes the assumption that all CSF contributions can be
neglected for [**F]-FDG. From that assumption, A\¢ is set to zero from the begin-
ning by which (3.7) contains only GM and WM. The CSF component is removed
from the PVC method. Itti et al. [1997] proposes a method in which the observed
reconstruction is written as a spatially weighted average of the tracer concentration
from an active compartment At and an inactive compartment A2, While previ-
ous methods used binary tissue images, a continuous range between zero and unity
may now be used to characterize the contribution of a certain compartment. fact
and fi"2°t are the tissue contributions of the active and the inactive compartments,
respectively. The observed reconstruction is then

()\actfact) Qh+ ()\inactfinact) Qh

obs __
A - (fact + finact) ® h : (38)

Using a similar approximation as in equation (3.6),

()\actfact) ® h ~ )\act(fact ® h), (39)

and with the assumption that the inactive compartment has no tracer uptake, i.e.
Alnact — (0 the PVC method of Itti ef al. [1997] becomes

)\act B (fact + finact) ® h)\obs
o fact @ h :

(3.10)

Another type of post-processing PVC technique was proposed by Rousset et al.
[1998]. In their method, the geometric interaction between the observed recon-
struction and the actual radioactive tracer distribution is characterized. Similar
to Miiller-Gértner et al. [1992], the method starts from the assumption that the
observed reconstruction is the convolution of the actual distribution A% and the
PSF of the system (3.2) and the actual distribution is assumed to be the linear sum
of T different tissue compartments,

T
\act Z /\act,t(;t, (311)
t=1

and 5; = 1if j belongs to tissue compartment ¢ (cfr. 3.3). However, in this method,
each tissue compartment is considered to have a uniform radioactive tracer distri-
bution throughout the compartment, or X;Ct’t ~ A6t such that

T
AP =N Xt (6T @ h) (3.12)

t=1

Then, in each compartment t’, the observed mean radioactive tracer distribution is
equal to

_ / 1 /
)\obs,t _ ot AQbS (313)
t! J 0
7 2
T

1 ! yact,
:WZ5§ZA Y(st@h);. (3.14)

F] t=1
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Equation (3.14) can then be written as

T

— — — ]_ ’

)\Obb’t = E wt7t/>\aCt’t, and Wi tr = W E 5; (5t & h)], (315)
t=1 7

which is a system of linear equations AP = QA2*. The elements of Q = {w; 4}
express the spill-over of activity from tissue compartment ¢ into tissue compartment
t'. 0 is called the geometric transfer matrix (GTM). The actual tracer distribution
mean value in each tissue compartment A\**%* is then found by solving the system
of linear equations A®* = Q~1A°PS. Rousset ef al. [1998] finally proposes a theo-
retically more refined GTM in which the acquisition and reconstruction procedure
of the imaging system are incorporated. Instead of using the convolution with the
PSF of the system, the elements of the GTM are implemented as

Wiy = leéf zj: o/ (FBP (Po") ) (3.16)

J

where P models the acquisition step, implemented as a projection operation, and
FBP expresses the reconstruction step, implemented as the filtered back-projection
operation. Frouin et al. [2002] compared the methods based on equation (3.15) and
based on equation (3.16), and found not much difference.

Of all post-processing PVC methods presented so far, not one considers an
appropriate noise model for the observed image data. A more general framework
for PVC, in which both correlated and uncorrelated noise components are used, was
recently proposed by Aston et al. [2002]. The general PVE, i.e. the combination of
spill-over effect and partial tissue contribution, is modeled as

(zzwwj 1

T t

)\obs =h ® + Ny (317)

where A°PS is the observed reconstruction, 7. and 7, are the correlated and uncorre-
lated noise components, respectively, §” is the binary image vector for the selection
of the anatomical regions, f! is the tissue fraction vector, h accounts for the PSF of
the system, and AL is the vector denoting the true tissue activity concentration in
the different classified regions. Actually, equation (3.17) is formulated using matrix
operations, rearranged to a linear equation of the form ax = b+ ¢, and solved using
weighted least-squares estimation.

3.3.3 Statistical Techniques

Accurate quantification of emission tomography data requires accurate modeling of
the acquisition procedure. The statistical framework, which forms the foundation
of many iterative reconstruction techniques for emission tomography, can very ef-
ficiently accommodate for this requirement (cfr. §2.4.3). The theory exhibits the
necessary flexibility to model the acquisition procedure accurately, such that optimal
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correction measures for the spill-over effect and other image degrading effects can be
pursued. Furthermore, the objective function, which is optimized by the algorithm,
can be adjusted in such way that it contains an additional regularization or penal-
ization component. This component can then be used for the implementation of a
PVC method. The structural information, which is required for performing PVC,
can then be used during the image estimation step, as opposed to post-processing
PVC methods.

Many research groups have explored various ways for the incorporation of struc-
tural information in the statistical reconstruction framework for emission tomo-
graphy. With the introduction of the MAP reconstruction algorithm in emission
tomography (cfr. §2.4.3), it soon became clear that two main objectives could be
pursued. These two are (a) local regularization, for which e.g. Gibbs-Markov priors
can be used, and (b) global regularization, for which e.g. Gaussian priors can be
used. Both approaches have been investigated concerning the extension towards
anatomy based regularization. Some groups have used combinations of both tech-
niques, while others devised complete new ones.

An anatomy based spatially-variant penalized-likelihood method was proposed
by Fessler et al. [1992]. In their method, a modified Gibbs-Markov prior, given by

M(A) oc = > > win(dy — A2, (3.18)

J kGNj

is used in MAP reconstruction of emission data. The prior weights w;, which are
held fixed for the duration of the estimation procedure, control the influence of the
quadratic penalty function and depend on whether a tissue boundary is present in,
or between, two neighboring voxels j and k. If a tissue boundary occurs, the prior
weight is lowered and the penalty term tolerates the occurrence for an edge. In the
other case, the penalty function favors small intensity differences for neighboring
voxels, which gives smooth solutions. Optimization of the posterior function is
achieved by means of the generalized EM method [Hebert and Leahy, 1989].

As shown in §2.4.3, the local smoothness properties of Gibbs-Markov priors pro-
vide a natural solution against image degrading effects on a local scale. Moreover,
the prior is easily modified for the incorporation of additional, in this case struc-
tural, information provided by another imaging modality. In practice, however, the
anatomical information will be imperfect due to e.g. noise in the MR data. Fortu-
nately, the Gibbs-Markov prior lends itself naturally to an approach in which the
prior weights w;;, are blurred or dilated with a kernel whose width corresponds to
the uncertainty of the structural information at the particular location. Although
this approach is not necessarily the optimal choice for accommodating imperfect
anatomical information, it yields reasonable results [Fessler et al., 1992].

Instead of using anatomical information which is held fixed for the whole du-
ration of the image estimation procedure, Gindi et al. [1993] propose the inclusion
of a coupling term between anatomy and function in the MAP reconstruction of
emission data. The coupling term influences the creation of image discontinuities in
the vicinity of significant anatomical boundaries. In some cases, anatomical edges
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may be completely missing or inappropriate edges may occur [Geman and Geman,
1984].

Ouyang et al. [1994] design a weighted line site approach which considers the
joint probability distribution of the anatomical and the emission data. By that, the
reconstruction of the emission data is more protected against possible discrepancies
between the anatomical and the functional data, which could lead to image artifacts.
Where there are inconsistencies, the reconstruction is performed with the emission
data only.

The clinical feasibility of performing anatomy based reconstruction for whole-
body PET-CT was investigated by Comtat et al. [2002]. The authors proposed a
reconstruction method which offers a solution for mismatches between the anatomi-
cal and functional data. The method assumes that, for a set of tissue types 7', and
based on the anatomical information contained in aligned CT data, binary tissue
images 5; can be constructed, where 5;1 = 1 if j is classified as belonging to tissue
type t € 7, and 5; = 0 otherwise. The uncertainty of the anatomical information is
modeled by convolving the binary tissue images using a Gaussian smoothing kernel
h with the width of the kernel corresponding to the accuracy of the anatomical and
functional image alignment. This approach is similar to that proposed by Fessler
et al. [1992]. The emission data are then reconstructed using a penalized weighted
least-squares objective function (PWLS) [Fessler, 1994],

25 Cig N — 4 i W
1IVEDY ( p ) +8Y > d%:(/\j - )2, (3.19)

i v J ken; 7

where o; are the estimated standard deviations of the projection data, 8 is the
weight of the penalty term, d;; is the Euclidean distance between voxels j and
k, and wj; are the penalty weights between neighboring voxels depending on the
blurred anatomical labels,

wik =Y (8" @h), (5'®h),. (3.20)

teT

The authors prefer the PWLS algorithm because the effect of all correction steps
on the projection data (Fourier rebinning, attenuation, scatter, random detections,
detector efficiencies, ...) are included in the standard deviation o. The algorithm
has also fast convergence properties with 3-D PET emission data. The anatomy
based PWLS reconstruction is found by minimizing ¥ using a coordinate-descent
algorithm,

A =arg min T(A). (3.21)

Lipinski et al. [1997] compare the local regularization approach, using a Gibbs-
Markov prior, with the global regularization approach, using a Gaussian prior,
for the incorporation of anatomical information in MAP reconstruction of PET
projection data. For a set of tissue types 7, binary tissue images 6! are extracted
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from aligned MR data. For the local regularizing MAP algorithm, the log-prior is
given by

M=-%" Z ln (cosh |\; — Agl) . (3.22)

j kEN;

Only neighboring voxels belonging to the same tissue type are included, such that
the local prior weights are defined as

wik =y _ 6%0F.. (3.23)

teT

Optimization of the log-posterior is achieved by the OSL reconstruction algorithm
(2.63). In contrast to Gibbs-Markov priors, applying a Gaussian prior requires prior
knowledge about the mean and standard deviation of the assumed underlying tracer
activity distribution. To solve this problem, the algorithm is preceded by calculat-
ing the average activity for each tissue using a ML-EM reconstruction algorithm.
This approach was previously suggested by Carson [1986] for the reconstruction of
regions-of-interest. The average tissue activity for tissue ¢ is then computed by
-1 -
Citqi
i=0 ZtET Eitm? ’

n+1 _ n
my =My

(3.24)

where ¢;; = > ; 5; ci; is the sensitivity of detector ¢ for activity in the region occupied
by tissue type t. It is assumed that ) ,é; = 1, for all ¢ € 7. For the global
regularizing MAP algorithm, the log-prior is then given by

2

M= — Z M’ (3.25)
; 2(7]2-

where 1; = ZteT -my, and where o is the standard deviation of the assumed un-

derlying Gaussian tracer distribution. Optimization of the log-posterior is achieved

by the following iterative algorithm, which was derived by Levitan and Herman

[1987],

1 1 c

g ls g ) e Yl e
It is assumed that ). c¢;; = 1, for all j. Lipinski et al. [1997] conclude that the
local regularization approach proves to be more stable in the case of incomplete
anatomical information. Small hypo- or hyperintensity regions, which have no ana-
tomical counterpart, are better delineated than with the ML-EM algorithm. Shifted
anatomical information results in a limited error of the reconstruction when the
Gibbs-Markov prior is used.

Thus far, the incorporation of anatomical information has been based on bi-
nary tissue classification. Although in some methods the anatomical information
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was blurred to handle the uncertainty of the structural information, for the Gibbs-
Markov and Gaussian prior, tissue boundaries are assumed to occur between voxels.
In Geman and Geman [1984], this is called the line-site approach, by which the
authors refer to the Markov random field lattice. Although this approach yields
already reasonable results, it is in theory insufficient to correct for the complete
PVE. A substantial correction for PVE requires information about the partial ac-
tivity contribution of each tissue to a certain voxel.

For that reason, Sastry and Carson [1997] base their method on a tissue com-
position model. They introduce auziliary variables A;; which represent the activity
level of tissue type t at voxel j. If 7 would be composed entirely of tissue type t,
then the total activity would be A;. If the voxel is a composition of different tissue
types, then the total activity is a sum over all activity levels A;; which are weighted
by the corresponding tissue fractions f]t», or

A=Y fide. (3.27)

teT

The authors derive a MAP reconstruction algorithm for the estimation of the auxil-
iary tissue type activities Aj;. They consider two prior functions. For the first prior
function, the activity level of each tissue type is assumed to be close to the global
mean value. As such, a global constraint is imposed using a Gaussian prior, given
by

-yt ”2;“ t (3.28)

j teT
For the second prior function, it is assumed that, in addition to the global constraint,
the activity within each tissue type is correlated and varies smoothly. This local

constraint, which is modeled as a Gibbs-Markov prior, is then added to the global
constraint, and the second prior is Mgs = Mg + Mg, where

yyy AM, (3.29)

Jj teT kEN;

and N is the number of neighbors in A;. The tissue means in equation (3.28) are
computed from the current tissue activity estimates A7,

XA
S /A

In equation (3.28), the standard deviation o; controls the strength of the global
constraint and is taken proportional to the global tissue mean activity of the current
estimate, or o, o p;. In equation (3.29), the standard deviation g;; controls the
strength of the local constraint and is taken proportional to the local tissue mean
activity of the current tissue activity estimate, or ¢j; o< 1;¢, where

Nyt = Z A (3.31)

ke/\/

(3.30)
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The MAP estimates of A;; for using the first prior function M¢, and with the EM
algorithm of Levitan and Herman [1987], are

" 1
)‘jtﬂ 9 <Mt _ngcijf;‘)

2
1 Czjf qi
- _ g2 i ft 402 )\ 3.32
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When using the second prior function Mgg, the estimates are

1
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Note that in (3.26) the tissue means p; are constant during iterations. As a result,
the EM algorithm for MAP optimization with a Gaussian prior is exact [Levitan and
Herman, 1987]. In (3.32) and (3.33), the tissue means p, and I'j;, respectively, are
updated for each iteration. This results in algorithms that are only approximately
EM.

Some groups have explored the use of objective functions, other than the Poisson
likelihood, for the incorporation of structural information in emission tomography.
Ardekani et al. [1996] present a method which is based on the cross-entropy or
Kullback-Leiber distance. In general, the cross-entropy term S, which is given by

S V) =3 [u In (Z) ~ (ui — vi)] , (3.35)

. K3
?

measures the dissimilarity between U = {u;} and V = {v;}. By making use of
the notational conventions in §2.4.3, we can write the cross-entropy between the
measured emission data ), and the projection of the current image estimate PA,
as

S(Q, PA) = Z q; In q; — 4q; In Z Cij)\j — q; + Z Cij)\j . (336)
i J J

This formulation of the objective function is closely related to the log-likelihood

L(Q|A), as can be seen in combination with equation (2.47),

N
,_.

S(Q,PA) = —L(QIA) + [qi Ing; — g — In(g:!)|. (3.37)
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Hence, maximizing the logarithm of the likelihood L(Q|A) is equivalent to min-
imizing the cross-entropy S(Q,PA). The anatomy based reconstruction method
which is presented by Ardekani et al. [1996] consists of minimizing a weighted sum
of two cross-entropy terms. The first term is equal to equation (3.37), while the
second term is the cross-entropy which measures the dissimilarity between the im-
age estimate and a prior image model © = {0;]j =0,...,J — 1}. The anatomical
information, which is derived from aligned MR data, is encoded in the prior image
model. The voxel-by-voxel update formula which they obtain, is given by

A7 Ciili A%
A”“ YT _Bln(-L])]. 3.38
s s (5) 538

If the second term between square brackets in equation (3.38) becomes larger than
the first term, i.e. when the weight 3 of the prior image model is large, the positivity
constraint for A is violated. The alternative update function, derived from the
Kuhn-Tucker conditions, is then

n+1 __ Cijqi
AT =0 exp l (Z cij — Z 5 ,éU/A )] (3.39)

Then, equations (3.38) and (3.39) form the hybrid minimum cross-entropy (MXE)
reconstruction algorithm. The anatomical information is then incorporated in ©
using adaptive smoothing of the previous image estimate A”™,

b= > %xg with  N; = %, (3.40)
J ke./\fj jk kG./\/j ik
and where w;;, are based on a gradient inverse weighted smoothing method

1 = VteT:f=f,
wik = 1/ (3.41)
’ [Zte'f (fgt - fﬁ)Q] <= otherwise.

This MXE algorithm was extended by Som et al. [1998] through the inclusion of a
Gaussian smoothing kernel in the wj; of equation (3.41).

Bowsher et al. [1996] include an image segmentation model into their Bayesian
reconstruction method and, while doing so, make use of high-resolution anatomical
information. The presented method assumes that the tracer distribution can be
approximated by a set of nearly uniform emission volumes or regions. The regions
are distinguished from one another by their mean intensity and by their spatial
separation. Neither the number of regions nor the region classification of individual
voxels are assumed to be known a priori. Both are estimated as part of the image
restoration or reconstruction. The disadvantage of the method lies in the the uni-
formity assumption within each region. Recently, Bowsher et al. [2003] proposed
an emission tomography reconstruction framework which also includes parameters
for the alignment of emission tomography data with MRI or CT. The method as-
sumes uniform tracer activity within each region of a segmented MRI or CT image.
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A Levenberg-Marquardt estimation procedure is used for joint optimization of the
alignment parameters and the regional tracer activities. Again, the disadvantage of
the methods lies in the uniformity assumption.

The correlation between spatially aligned anatomical and functional image sets
of the same subject can be studied by means of the joint histogram of the intensity
values of both imaging modalities. This approach in combination with basic con-
cepts from information theory has shown to be very successful for the spatial regis-
tration of image data provided by different medical imaging modalities [Maes et al.,
1997]. Using a similar approach, Rangarajan et al. [2000] developed a Bayesian joint
mixture framework for the incorporation of anatomical image intensity and region
segmentation information into the reconstruction of emission data. The joint mix-
ture framework is used to model the joint probability density function between
anatomical and functional image data. In addition, segmentation images of the
anatomical data are used to constrain the joint mixture model, and a prior on the
joint mixture occupation probability is used to express the tight coupling between
anatomy and function. The MAP estimation of the projection data then acquires
the interpretation of including mutual information maximization between the ana-
tomical and functional information. The objective function is a linear combination
of the Poisson log-likelihood and the joint mixture log-prior. Parameters of the joint
mixture prior are estimated from the projection and segmentation data. Then, the
proposed reconstruction algorithm is a clever integration of an EM algorithm for
the mixture decomposition, inside an EM algorithm for the log-likelihood of the
emission data. Optimization of the log-posterior is obtained using an alternating
descent algorithm.

3.3.4 Discussion

Literature shows two methodological approaches for performing PVC in emission
tomography. The most important difference between those two is the stage at
which the correction for the PVE is done, i.e. during or after reconstruction of the
projection data. In §3.1 and §3.2, we have shown that contributions to the PVE are
made at different stages of the imaging procedure. Against many image degrading
effects generated by the acquisition hard- and software, little can be done once
the data have been acquired. Although, there are exceptions, like e.g. resolution
recovery and scatter correction techniques, which have been devised to compensate
for the effect as much as possible. What is left for improvement are the contributions
to the PVE that are made during the reconstruction procedure. For optimal PVC
performance, a reconstruction strategy which gives minimal contributions to the
PVE should be used.

In most cases, post-processing techniques make use of analytical reconstruction
methods that make no effort in minimizing the contributions to the PVE. The sta-
tistical reconstruction framework maintains better solutions to achieve that goal.
Resolution recovery and edge-preserved noise suppression, which are two essential
components for performing PVC, can be modeled during the reconstruction proce-
dure, and can thereby compensate for the PVE. In the next section, we propose an
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anatomy based MAP reconstruction algorithm for PVC of emission tomography of
the brain of epilepsy patients.

3.4 Anatomy Based MAP Reconstruction

We present an anatomy based MAP reconstruction algorithm, called A-MAP, which
is designed to correct for the PVE during the reconstruction of emission tomography
data of the brain using segmented MRI data. In a first step, we give an explicit
formulation and derivation of the reconstruction algorithm.

3.4.1 Assumptions

The main purpose of white matter (WM) is to ensure connections between GM nerve
cells. The metabolic activity of WM is known to be lower and much more uniform
than that of GM [Huang et al., 1980; Turkheimer et al., 1994]. We will assume
that the WM activity contribution in the reconstruction is based on a uniform
distribution. One of the main tasks of the cerebrospinal fluid (CSF) is to protect
the brain and play the role of buffer. Radiopharmaca, like e.g. '®F-FDG and 2™ Tc-
ECD, are not expected to enter the CSF when they are injected into a vein. For that
reason, the basic assumption will be that during the acquisition period no emission
data is expected to be originating from within the CSF. In practice however, we
will assume that the CSF activity distribution is expected to be uniform with a zero
mean value.

The identification of GM, WM and CSF is obtained from high-resolution ana-
tomical MRI data of the brain. Current brain segmentation algorithms can very
accurately determine the three tissue classes, i.e. GM, WM, and CSF [Van Leemput
et al., 1999]. The remaining unlabeled image voxels are grouped in an additional
tissue class that is labeled with the name other. In most segmentation algorithms,
the procedure returns the probability that a voxel belongs to a certain tissue class.
That approach is generally called a fuzzy tissue classification. For each voxel, we
will assume that the probability for a tissue class approximates the underlying
tissue composition. In practice, high-resolution anatomical information is aligned
(cfr. next paragraph) and down-sampled to the PET or SPECT sampling grid. One
can reasonably assume that the aligned tissue probabilities approximate the under-
lying tissue composition and can be interpreted as a tissue fraction [Sastry and Car-
son, 1997]. The set of segmentation images is then denoted F = {f¢, fW, ¢, £},
with G for GM, W for WM, C for CSF, and O for the class other, and represents
the a priori knowledge which will be incorporated in the reconstruction algorithm.
Each voxel in these segmentation images contains a value between 0 and 1, which
represents the tissue fraction for that particular voxel. Note that

Vit fF+ V0 =1 (3.42)

As mentioned before, differences in geometric alignment and image sampling
are typical for images of the same patient using two different imaging modalities.
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However, using a state-of-the-art image registration algorithm, it is possible to
compute the affine transformation matrix 7 that is required to align the MRI data
with the emission tomography data [Maes et al., 1997]. Of course, this action
requires a preliminary reconstruction of the emission data. Because the human
brain is a rather rigid structure, registration algorithms perform very well and are
accurate. Therefore, we will neglect registration errors in the derivation of the
algorithm.

3.4.2 Derivation of A-MAP

Consider a radioactive tracer distribution A = {\;|j =0,...,J—1} inside the brain
of a subject that is located inside the FOV of an emission tomograph. In case of a
PET scanner, ¢; gamma ray pairs, and in case of a SPECT scanner, ¢; photons are
measured at line of response 7. If \; represents the amount of activity in voxel j, and
¢;; is the probability that photons emitted in voxel j are detected in detector (pair)
i, then E(g;) = >_,cijA; represents the expected amount of photons, or photon
pairs. The system matrix of detection probabilities {c;;} contains the mathematical
description of the projection operation with the associated physical effects that take
place in between emission and detection of photons. These effects include gamma
ray attenuation and detector resolution modeling. We will ignore the contribution
of scatter and, in case of PET, of random detections in the subsequent theoretical
framework of this derivation. Since we assume that the measurements are samples
from a Poisson distribution, the logarithm of the likelihood of measuring g;, when
E(q;) is expected, is given by equation (2.47). The Bayesian MAP estimation of
reconstruction A is found by computing (2.62), in which L is the logarithm of the
likelihood of measuring @ = {¢;} given A, and M is the logarithm of the prior
function that is used to impose additional constraints on the solution.

Each voxel of the radioactive tracer distribution can be thought of as a source
containing a certain amount of tracer activity A; which is equal to the total amount
of fractional activities of the contributing tissues. This tissue composition model of
the tracer distribution can be written as

Vi = FEAT + VA + 1O+ fPAS. (3.43)

The measured emission data, however, provides only sufficient information to es-
timate for each voxel the sum of all fractional activities. This means that there
is not enough information to solve the reconstruction problem for each parameter
of the composition model. Because of that, we are forced to introduce additional
knowledge based on the above stated assumptions, make an approximation of the
composition model, and reduce the number of unknown parameters.

We propose a MAP based reconstruction algorithm that is designed to perform
PVC within a certain tissue of interest. For the presurgical evaluation of epilepsy
patients, and presumably also for a number of other applications which are not
investigated in this dissertation, this tissue of interest is the GM. In order to per-
form PVC, regularization is introduced within a number of tissue classes. Because
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some voxels contain more than one tissue type, a method is needed to restrict the
regularization to a single tissue class within a voxel. For that purpose, we introduce
the following classification scheme.

We define a number of subsets of voxel space J = {j|j =0,...,J—1}. The sub-
sets are based on the anatomical information that is included in the spatially aligned
segmentation images. The first subset B corresponds to voxels that are belonging
to the brain, i.e. the subset of brain voxels. The second subset, complementary to
B, is denoted O and represents the class other. These subsets are defined by

B={jellff+"+f >e} (3.44)
0=7J\B. (3.45)

The threshold parameter € controls the inclusion of voxels that are segmented into
either GM, WM, or CSF. The value of this parameter should be very small, 0 <
€ < 1, such that all voxels containing at least some fraction of one of the three
tissue types are included in B. Subset G is defined as the set of voxels in which
the GM tissue fraction exceeds the value of the predefined segmentation threshold
parameter ¢, i.e. the subset of voxels containing at least some gray matter. The
complementary part of G in B, is denoted N, and named the subset of non-gray
matter voxels. These subsets are defined by

G={jellff>e} (3.46)
N=B\G. (3.47)

For reasons that will become clear later, we want that voxels composed of mainly
WM are included in subset W, and voxels composed of mainly CSF are included in
subset C, i.e. the subset of white matter and cerebrospinal fluid voxels,

W={jeN|fV>01-¢)}, (3.48)
C={jeN|ff>(1-¢e)} (3.49)

The set of remaining voxels within N, i.e. those voxels that contain a mixture of
WM and CSF, are included in subset R, which is defined as

R=N\ (WUC). (3.50)

An example of this classification scheme using simulated MRI data is shown in
Fig. 3.3.

For the presurgical evaluation of epilepsy patients, but also in a number of
other applications, it is very reasonable to assume that the uptake of tracer activity
inside the WM and CSF are well modeled by means of a narrow Gaussian activity
distribution with a position independent mean value. Moreover, in many cases the
CSF activity is expected to approximate zero. For voxels containing GM, we will
assume that the activities of WM and CSF are exactly equal to the mean of their
distribution. In addition, we will assume that GM is surrounded by WM and CSF
only, such that fjo ~ 0 for all voxels j € G. With these assumptions, the GM
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MRI

GM segmentation: f¢ CSF segmentation: f¢

Figure 3.3: These images illustrate the use of subsets in A-MAP. This example is
based on simulated MRI of a normal brain using a T1-weighted pulse sequence and
a noise level of 7% [Collins et al., 2002]. The GM, WM, and CSF segmentations
were obtained by SPM99, and subsets B, N, G, W, C, and R were obtained by using
equation (3.44)—(3.50). Voxels belonging to the subset are in white.
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activity can be computed from the total activity of the voxel. Then, for all j € G,
equation (3.43) is approximated by

Vi€G: N~ fIAF 4+ fVAV 4 fPAC (3.51)
with

- 1

W=—3% "N EDI (3.52)
W ew lew

- 1

A== ne=y_f. (3.53)
Clec lec

This means that we have replaced the WM and CSF contribution in G with A e,
the mean activity in the “white matter” region W, and \®, i.e. the mean activity
in “CSF” region C, respectively.

Instead of estimating A = {);|j € J}, we introduce a new set of variables A*,
which is defined as

A ={N[jel} 2 {XF1ieGlu{N|jeI\G}, (3.54)
and can be considered as a parameter transformation of the set of original variables,

VieJ\G: A — A, (3.55)

NI - jcxc. (3.56)
£y

This transformation allows us to estimate only the GM activity contribution, even in
those voxels containing a mixture of GM and other tissues. Using the approximation
made in equation (3.51), the expectation of the measurement becomes

E(qi) = Zci]’)\j (3.57)

VieG:A — AF =

j€T
v fe
~ Z CijAj + Zcij (ij)\]G + njfw Z YN+ i Zfzc)\z (3.58)
J€NG JeG leWw leC
1
= D ety el — (Z Cikfkw> DIFHRY
FENG JEG W \kec JEW
1
+ - (Z Cikfl?) ijc)\j . (3.59)
€ \kec jEC

For notational convenience, we define

(3.60)

5K 2 1 «— [€X
! 0 «— l¢X
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Thereby, it is possible to rewrite equation (3.59) in the form

E(q;) ~ Z

jeNG

+ ZC,Jf]G)\JG (3.61)

JjEG

cw—|—5w Zczkfk +5cf Zczkfk

kGG kEG

If we introduce a new system matrix c;, the expectation of the measurement can

'L_]’

be written as E(g;) = >, cijAj & >, ¢i;A;. Because §; NG (5G we have

* G (4G WfJW Cfc
= 1 0P U7 = Do + 0 S el £ 05 S et (362

keG kGG
= 07AF + (1= 67) A (3.63)

Hence, the parameter transformation has led to the derivation of a new system
matrix which depends on the original system matrix and the anatomical information
contained by the segmentation images. The most probable tracer distribution for
A* is then given by the maximum-likelihood estimator (2.48) in which A; and ¢;;

are replaced by A7 and cj;, respectively.

Subsequently, the ML approach is extended to a MAP based reconstruction
algorithm by imposing two additional constraints. These two are global and local
smoothness within certain tissue classes of A*. Voxels inside W are composed
of mainly WM. Because we assume that the WM tracer activity approximates a
uniform activity distribution, prior knowledge is imposed in W using a Gaussian
prior MW as described in (2.67). The mean WM activity contribution in W is
used as the mean of the Gaussian distribution function, i.e. 4 = AW. Similarly,
a Gaussian prior MC is used for voxels in C. Since it is assumed that the mean
CSF activity contribution approximates zero, we include an additional constraint
by setting the mean of the Gaussian distribution to zero. For voxels in R, i.e. those
voxels containing a mixture of WM and CSF, a Gaussian prior M® is used in which
the mean of the distribution is set to f]W;\W. The propagation of noise in G is
suppressed by means of a Gibbs smoothing prior M®, as described in (2.66). This
prior is designed to penalize differences between neighboring AJG, which means that
local smoothness is imposed.

Then, the logarithm of the prior is equal to

M= M"Y+ M+ M® + MC, (3.64)
in which
MY = 5w 3 (\ - A, (3.65)
jeW
M®=—Bc> N, (3.66)

jec
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M* =Y (A — fIVAY)?, (3.67)
JER
1
M® == >, —®OF D), (3.68)
j€G rens Ik

where (Ox is the weight of the prior term with each tissue class X, J\/'JG =N, NG,
N the neighborhood of voxel j, with j ¢ Nj, d i the Euclidean distance between
voxel j and k, and ® the local prior weight function.

The choice for ® in (3.68) is based on the following rationale. Since the normal
GM activity distribution is not uniformly distributed for most of the tracers, like e.g.
99mTe-ECD and ®*F-FDG, but more locally varying throughout the entire brain,
the amount of penalty should not be based on the absolute, but rather on the
relative difference of the GM activity of neighboring voxels. Moreover, the prior
penalization term should become tolerant for differences that are large enough to
be real. It has been shown that these properties are elegantly combined in the
relative difference prior function [Nuyts et al., 2002], in which ® is given by

(zj — o)

(b . =
(zj, 1) z; + on + e —anl’

(3.69)

where 7 is a parameter controlling the point from which the prior function becomes
tolerant. Penalization is quadratic for small and linear for large differences. The
factor 2/7 is related to an intermediate relative difference value.

In Appendix A.1, we show that the logarithm of the prior M is concave if M©
is concave. The latter is true for @ given by (3.69) [Nuyts et al., 2002]. Since
we assumed that the likelihood describes the Poisson nature of the emission data,
the logarithm of the likelihood is concave under reasonable conditions [Shepp and
Vardi, 1982]. Adding the concave logarithms of the likelihood and the prior gives
a concave logarithm of the posterior. Consequently, the posterior has no multiple
local maxima.

A heuristic gradient ascent form of the expectation maximization approach, as
shown in (2.64), is used for the optimization of the MAP estimator of A*. After A*
has been estimated, we have to perform the inverse parameter transformation of
equations (3.55) and (3.56). Thereby, A* is transformed back to the original image
variables A, i.e. for all j € J,

* * fW * c *
Aj(15?)/\j+5§;’<ff&+7;wZfZV/\w?;CZfEAk . (3.70)

keW keC

Henceforth, this iterative reconstruction algorithm is called Anatomy based MAP
(A-MAP). The A-MAP algorithm is summarized by means of a pseudo-code in
Fig. A.1 on p. 129.
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3.43 Proof-of-Principle: A-MAP and PVC

The A-MAP reconstruction algorithm corrects for the PVE. We illustrate this prop-
erty using a simple 2-D software phantom which can be seen in Fig. 3.4(a). The
image dimensions of the phantom are 200 x 200 voxels. In the center of the image,
a uniform disc with a radius of 90 voxels and an intensity of 0.5 is inserted. An
artificial tissue classification is used. The large disc is considered as “WM?”. Along
the equator of the uniform disc, and going from left to right, six smaller discs with
a radius of 4, 10, 8, 6, 4, and 2 voxels, respectively, are added. The first and the
last four of these smaller discs are considered to be totally composed of “GM”. The
intensity in the first disc is set to 0.75 and the intensity of the last four are set to 1.
For the second disc, the left half of the disc is composed of “GM” and has an inten-
sity of 1. The right half of the disc is a composition of 50 % “GM” and 50 % “WM”
tissue, and the intensity is set to 0.75. A PET acquisition procedure is simulated
by projecting the phantom over 120 equidistant angles. The detector resolution
effect is simulated by smoothing the projections along the detector surface using a
1-D Gaussian kernel with a FWHM of 5 voxel lengths. For this proof-of-principle
experiment, we ignore the effect of attenuation and the contribution of noise and
scatter.

The projection data are reconstructed using the A-MAP and the ML-EM re-
construction algorithms. Fuzzy tissue segmentation images for “GM” and “WM”
are simulated by smoothing the exact anatomical information, derived from the
phantom data, using a 2-D Gaussian kernel with an isotropic FWHM of 1.5 voxel
lengths. The contribution of “CSF” is ignored. The segmentation threshold param-
eter for the A-MAP algorithm is set to € = 0.01, the weights of the Gaussian priors
are By = 10, Or = Bc = 0, and the weight of the Gibbs smoothing prior is Gg = 10.
In both reconstruction algorithms, the blurring due to finite resolution has been
included in the projector and back-projector pair (2.33). An iteration scheme with
a decreasing number of ordered subsets, consisting of (iterations x subsets): 5 x 30,
5x24,5%x20,5x15,5x12,5x10,5x8,5%x6,5x4,5x3,5x2,5x1, is used.
This scheme is approximately equivalent to 675 regular iterations. The ML-EM
reconstructions are post-smoothed using a 2-D Gaussian kernel with an isotropic
FWHM of 5 voxel lengths. Along the equator, line profiles are computed.

Fig. 3.4(a) shows the phantom image used for illustrating that A-MAP performs
PVC. Fig. 3.4(b) shows the ML-EM reconstruction post-smoothed with a Gaussian
kernel with an isotropic width of 5 voxels lengths. Fig. 3.4(c) shows the A-MAP
reconstruction. A line profile of the phantom image through the higher intensity re-
gions is shown in Fig. 3.4(d). In Fig. 3.4(e), the corresponding line profile through
the GM tissue segmentation image is shown. A line profile through the ML-EM
reconstruction without post-smoothing and for post-smoothed ML-EM reconstruc-
tion using a FWHM of 5 voxel lengths are shown in Fig. 3.4(d). A line profile
through the A-MAP reconstruction is shown in Fig. 3.4(e). The mean and stan-
dard deviation of the recovery values within the GM regions are shown in the table
in Fig. 3.4.

Although the projection data for this proof-of-principle experiment do not con-
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(a) Phantom image

Recovery
“GM” region
ML-EM-0 0.95+0.11
ML-EM-5 0.90 +0.10
A-MAP 0.98 +0.05
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Figure 3.4: The 2-D phantom image which is used for illustrating the PVE is shown
in (a). Image (b) shows the post-smoothed ML-EM reconstruction using 5 voxels
FWHM. Image (c) shows the A-MAP reconstruction. Plot (d) shows the line profile
through the phantom image along the equator. Plot (e) shows the line profile through
the fuzzy segmentation image of “GM" tissue. Plot (f) shows the line profile through
the ML-EM reconstruction without post-smoothing, i.e. ML-EM-0 (dotted line), and
post-smoothed ML-EM using 5 voxels FWHM, i.e. ML-EM-5 (solid line). Plot (g)
shows the line profile through the A-MAP reconstruction. The table shows the mean
and standard deviation of the recovery values within the “GM" region.
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tain Poisson noise, we still show the post-smoothed ML-EM reconstruction because
the image and line profile illustrates the effect of noise suppression when using post-
smoothing. The line profile shows very clearly a decrease of the intensity of the discs
with a radius of 2 and 4 voxels, which is below the FWHM of the post-smoothing
kernel. For the A-MAP reconstruction, which performs noise suppression by means
of anatomical priors in WM and GM, the reduction of the intensity in these discs
is negligible.

3.5 Discussion

We designed an iterative reconstruction algorithm, which has been dedicated to
the detection of hypo-metabolic regions in FDG-PET and hyper-perfusion regions
in ECD-SPECT data of the brain of epilepsy patients. In view of an improved
detection capability of regions with a changed intensity, prior knowledge has been
included in the reconstruction process. This prior knowledge is partly based on
information derived from aligned MRI data, and partly on information about the
underlying pathology. No anatomical information about the presence, location, or
extent, of possible candidate epileptogenic regions is used during the reconstruction
procedure. This approach is often referred to as being a case of missing labels. Using
the anatomical information, we established a correction scheme for the PVE. The
recovery of the resolution due to the PSF of the imaging system, which is included
in the system matrix, is used to account as much as possible for the spill-over effect.
It should be clear that, if a reconstruction algorithm aims at performing sufficient
PVC, it should at least include a projection model that accounts for the resolution
effect. Equations (A.31) and (A.32) in the appendix, show how the parameter
transformation is reflected in an adjusted projection and back-projection operator.
The correction for the PVE of WM and CSF in the GM region is shown in the second
and third term of the new derived system matrix (3.62). The finite resolution and
the attenuation effect are contained by the original system matrix, i.e. without the
anatomical information. Gaussian and Gibbs-Markov priors are additionally used
to suppress the propagation of noise (3.65-3.68). The prior functions allow us to
smooth within the anatomical regions, and not over the boundaries that separate
the regions. At the same time, the prior functions suppress the occurrence of Gibbs
effects.

With the A-MAP reconstruction algorithm, we have included anatomical infor-
mation during the reconstruction process as opposed to post-processing methods.
Aston et al. [2002] developed a more general mathematical framework for PVC after
the reconstruction process, in which explicit assumptions about the noise model are
used. Although the approach is new and promising, their method considers PVC
for a limited number of tissue regions and tissue types.

In the derivation of the A-MAP reconstruction method, we use the concept of
a tissue composition model, which was also proposed by [Sastry and Carson, 1997].
In their method, that concept was used in combination with two regularization
functions. The first function, which is a Gaussian prior, was used to impose a
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Gaussian distribution to the fractional activity of each tissue. The second function,
which adds a Gibbs prior to the first, was used to additionally smooth the fractional
activities of identical neighboring tissues. In our method, we use a Gaussian prior
to meet the approximately uniform activity assumptions for the WM tissue and the
CSF. For the GM tissue, this type of regularization cannot be used, because normal
GM glucose metabolism is locally varying throughout the brain. Moreover, the
purpose of our method is to improve the detection of regions in which an increase
of the GM perfusion or a decrease of the GM metabolism can be expected. Because
the tracer uptake in GM is not expected to be uniform, we do not wish to use
an a priori assumed Gaussian tracer activity distribution. Instead, we apply a
Gibbs-Markov prior that tends to preserve strong edges. Because of partial volume
effects, straightforward application of this prior would result in smoothing over the
boundaries between GM and WM. This was avoided by using the approximation
shown in equation (3.51), and the transformation shown in equations (3.55) and
(3.56): in voxels containing a mixture of WM and GM tissue, the effect of the prior
is restricted to the GM contribution. In that way, smoothing over tissue mixtures
is avoided, as opposed to other techniques where noise suppression is applied to
the total voxel activity [Ardekani et al., 1996; Bowsher et al., 1996; Comtat et al.,
2002; Fessler et al., 1992; Lipinski et al., 1997]. Note that a similar approximation
of the tissue composition model was proposed by Miiller-Gértner et al. [1992] for
their post-processing PVC method.

In clinical practice, occasionally spurious metabolic activity outside the brain
can be seen in FDG-PET. We can reasonably assume that the activity will be
enclosed in the subset O, where the A-MAP reconstruction treats the activity dis-
tribution as unconstrained ML-EM.

Note that the iterative optimization method of the MAP based reconstruction
algorithm (2.64) was not altered in the derivation of our algorithm. In fact, one
could easily use other optimization schemes. The major change in A-MAP was
made by the use of a parameter transformation.

We assume that, using the proposed reconstruction algorithm, the physicians
will be able to differentiate more easily between real hypo-metabolic and hyper-
perfused regions, and regions with a changed intensity due to the PVE. For that
reason, we expect an improvement in the detection of subtle hypo-metabolic and
hyper-perfused regions, whereas larger regions should already be visible using the
current existing reconstruction techniques. This assumption will be tested in the
next chapter.

It is clear that the detection performance obtained with A-MAP depends on
the accuracy of the anatomical information. However, the current MR acquisition
sequences perform well in practice and the image quality provides good contrast-to-
noise ratio for the most important brain tissues (GM, WM, and CSF). Then, current
state-of-the-art image segmentation and registration algorithms may also perform
very well [Hill et al., 2001; Maes et al., 1997; Thurfjell et al., 2000; Van Leemput
et al., 1999]. Although it was not the purpose to investigate the optimal choice for
the threshold parameter ¢ in equations (3.44), (3.46), (3.48), and (3.49), we found
that the chosen value showed good results when performing some preliminary tests.
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The PVE as function of structure size and intensity was illustrated using a
simple 2-D software phantom simulation (Fig. 3.4). Inclusion of the finite resolution
into the projector and back-projector of an iterative reconstruction algorithm leads
to the compensation for the spill-over effect, i.e. resolution recovery. However,
perfect compensation for the blurring is impossible, and the ML-EM reconstruction
algorithm may produce under- and overshoot artifacts, as one can see in Fig. 3.4(b)
and Fig. 3.4(f) [Snyder et al., 1987]. These artifacts disappear with post-smoothing,
which is also required to suppress the noise. Unfortunately, post-smoothing leads to
an underestimation of the true intensity value for the smaller structures inside the
phantom. This bias effect is also seen in the mean recovery value within the GM
region for the post-smoothed ML-EM reconstruction. In A-MAP, the compensation
for the blurring problem is stabilized using anatomy based smoothing. The over-
and undershoot artifacts are strongly reduced, which results in superior resolution
recovery. Moreover, the mean recovery value within the GM region is much closer
to the true value, and the spread around the mean is much lower than when using
ML-EM.

In §3.3, we showed that there are a variety of emission tomography reconstruc-
tion techniques in which anatomical information can be incorporated either dur-
ing or after the reconstruction procedure. Recently, we have compared the noise
characteristics of A-MAP with that of post-processed ML for the incorporation of
anatomical information, and with post-smoothed ML without the use of anatomi-
cal information [Nuyts et al., 2003, 2005]. It was assumed that limited but exact
anatomical information was available, and voxels were belonging entirely to a single
class, which means that PVE were not considered. Post-processed ML was treated
as an optimization problem, which not only allowed us to make a reasonable com-
parison with A-MAP, but also made it possible to take the noise covariance between
neighboring voxels in the ML image into account. The objective function for post-
processing of the ML reconstruction was set to the form Y (X|A)+ M, with T(X|A)
the logarithm of the probability for obtaining the ML reconstruction X, given that
the true tracer distribution is A, and M an anatomy based prior function, which
in this study was identical to that used for A-MAP. An approximate expression
was derived for T(X|A) by investigating the characteristics of the ML algorithm at
the maximum of the likelihood, as proposed by Fessler [1996]. To study the mean
and variance, a second order Taylor series expansion of L(Q|A) was computed at
A = X. In matrix notation, this gives

1
L(QIA) = L(QIX) = 5 (A = X)'F(A = X), (3.71)
where F' is the Fisher information matrix, which is defined as

CijCik
J P (3.72
mmL |
and where §; denotes the expectation of ¢;. Then, equation (3.71) approximates the
likelihood L(Q|A) as the logarithm of a multivariate Gaussian with mean X and

covariance matrix F~1, for a given measurement ) and the ML reconstruction X.
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Consequently,

T(X]A)

12

—(A = X)F(A-X) (3.73)
= —(F'Y2A — F'2X)(FY2A — FY/2X) (3.74)

ensures that the post-processing method takes into account the noise propagation
from the raw data into the ML reconstruction. Actually, F'/2? acts as a prewhiten-
ing filter which decorrelates the noise in the image X. Strong covariances between
neighboring voxels imply that neighboring voxels carry significant information about
one another, and the spread of that information is described by the Fisher informa-
tion matrix. Optimal prewhitening ensures that all information about a particular
voxel is used when the final value of that voxel is computed. Because F'/2 is a
shift variant filter which is difficult to implement, a number of practical approxi-
mations were implemented for subsequent evaluation using simulation experiments.
In addition, post-processing without prewhitening was performed.

The theoretical analysis was verified with simulation experiments which included
PET studies with attenuation and position independent detector blurring. The re-
sulting images were analyzed with bias-noise curves, and the detection performance
of small lesions was studied with the non-prewhitening observer [Barrett et al.,
1993] and a channelized Hotelling observer [Gifford et al., 2000a]. Straightforward
post-processing of the ML reconstruction, i.e. without prewhitening, showed in-
ferior performance compared to both A-MAP and post-smoothed ML-EM. How-
ever, if the prewhitening step was added to the post-processing method, the results
were comparable to both A-MAP and post-smoothed ML-EM. Unfortunately, the
prewhitening procedure involves the application of a shift variant filter which makes
the implementation much more complicated than that of A-MAP.

3.6 Conclusion

We can conclude that the use of anatomical information combined with prior infor-
mation about the underlying pathology is very promising for the reconstruction of
subtle hypo-metabolic and hyper-perfusion regions in the brain of epilepsy patients.
The A-MAP reconstruction algorithm is extensively evaluated in the next chapter.






Chapter

Evaluation of the A-MAP
Reconstruction Algorithm

“The final test of a theory is its
capacity to solve the problems which
originated it.”

GEORGE BERNARD DANTZIG
(1914-2005)

This chapter is mainly based on K. Baete et al., “Evaluation of anatomy based
reconstruction for partial volume correction in brain FDG-PET,” Neurolmage,
vol. 23, no. 1, pp. 305-317, Sep. 2004.

4.1 Introduction

In section §3.4, we developed a new anatomy based reconstruction algorithm for
PVC during the reconstruction of emission tomography data of the brain, called
A-MAP. We presented the mathematical derivation of the reconstruction algorithm
and demonstrated our proof-of-principle using a simple 2-D software phantom simu-
lation experiment. In this chapter, we focus on the evaluation of the reconstruction
algorithm.

The evaluation of A-MAP is done in different steps. In a first step, we inves-
tigate the use of perfect and imperfect anatomical information using 2-D software
phantom simulation experiments. In 2-D, simulations run much faster which allows
us to investigate features using many simulation experiments. In a second step,
3-D software phantom simulation experiments are used to investigate the influence
of smoothing within GM, the effect of small misalignments between the anatomy
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and the emission data, and the effect of local segmentation errors in the anatomi-
cal information. In a third step, a human observer study was performed to assess
the detection performance with A-MAP. In a final step, a patient study was recon-
structed to assess and illustrate the applicability of A-MAP in clinical practice. For
all of these experiments, A-MAP is evaluated using simulated or measured PET
data. The application of A-MAP to SPECT data is given in Chapter 6.

4.2 Materials and Methods

4.2.1 2-D Phantom Simulation Experiments

We studied the performance of A-MAP for the detection of hypo-metabolic regions
using two Monte-Carlo simulation experiments. Because of the complexity of the
shape of the human brain, we constructed a clinically realistic brain phantom. This
phantom image was based on the 3-D digital brain phantom provided by the Brain-
Web database [Collins et al., 1998, 2002]. To speed up simulations, experiments
were performed on a 2-D trans-axial slice of the digital phantom with plane coordi-
nates z = 8 mm in the stereo-tactical Talairach framework [Talairach and Tournoux,
1988]. The digital phantom was used to make a baseline FDG-PET tracer distri-
bution representing the glucose metabolism of a normal human brain. The GM,
WM and CSF tissues were identified by means of the discrete anatomical model
[Collins et al., 1998]. In that model, each voxel has been classified as either GM,
WM, CSF, or other. The binary tissue maps of GM, WM and CSF were smoothed
using a two-dimensional isotropic Gaussian kernel with 2 mm FWHM to simulate
the output of (most) segmentation algorithms. Thereby, we obtain fractional values
which we consider to be tissue fractions. The baseline phantom was constructed
by setting the activity to a clinically realistic number of 25 counts per voxel (cpv)
in the GM region, 6.25 cpv in the WM region and 0 cpv in the CSF. Image di-
mensions are 217 x 217 voxels with an isotropic voxel size of 1 mm. We call this
image the baseline phantom. In a duplicate of the baseline phantom, we selected
5 GM regions with a varying extent. The activity in these regions was decreased
as in hypo-metabolic regions. We call this image the hypo-metabolic phantom. The
extent F in mm?, the proportional decrease of activity A of the regions, as well as
the long and short axis in mm of the ellipses that were used for the construction of
the hypo-metabolic regions are listed in Table 4.1.

A PET acquisition procedure was simulated by projection of the baseline and
the hypo-metabolic phantom over 144 angles using a uniform attenuation image
derived from the contour of the digital brain phantom and with linear attenuation
coefficient p1 = 0.095cm ™! [Hubbell and Seltzer, 2004]. To account for the finite
resolution effect of the detector, both sets of projection data were smoothed along
the detector grid using a 1-D Gaussian kernel with 5 mm FWHM. These two sets
of projection data were considered to be the noiseless PET measurements of the
baseline and the hypo-metabolic phantoms. Of each projection data set, a number
of Poisson noise realizations were computed for use in the following two simulation
experiments.
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4.2.1.1 Use of Perfect and Imperfect Anatomical Information

In a first experiment, we studied the performance of A-MAP for the detection of
hypo-metabolic regions using the same anatomical information during reconstruc-
tion as for the construction of the phantoms. This reflects an ideal situation which
enables us to study the optimal performance of using anatomical information.

In a second experiment, we studied the performance of the reconstruction al-
gorithm for the detection of hypo-metabolic regions when using noisy and imper-
fect anatomical information during reconstruction. For each noise realization of
the emission data, we constructed imperfect anatomical information. Because seg-
mentation errors have a very complex behavior, we approximated the concept of
imperfect anatomical information by assuming that segmentation errors occur at
the tissue edges. We determined the inter-tissue interfaces of the binary tissue maps
and within the two-voxel thick edges we arbitrarily redistributed clustered parts of
the anatomical information. Thereafter, the redistributed binary tissue maps were
smoothed, as in the first experiment, using a 2-D isotropic Gaussian kernel with
2 mm FWHM to obtain fuzzy segmentations with the corresponding tissue fractions
{fC, W, f€, fO}. In the experiment, different anatomical labels with segmentation
errors were generated. The probability of error was the same for all tissue classes.

The following reconstruction parameter settings were used in both experiments.
The threshold parameter is set to € = 0.01. In that way, G contains all voxels with
at least 1 % GM, W contains voxels with more than 99 % WM, and C contains voxels
with more than 99 % CSF. The global weight of the smoothing prior is 8, = 8. The
global weights of the Gaussian priors and their widths are Ow = O¢c = Or = 10/18.
For the relative difference prior, given by equation (3.69), we assumed that a relative
difference of 5% was an intermediate value. Hence, parameter v is set to 40. All
parameters were obtained by means of a pilot experiment.

In each of the two experiments, the performance of the A-MAP reconstruction
algorithm was compared with post-smoothed ML-EM and MAP-EM. In this evalu-
ation process, we used the post-smoothed ML-EM reconstruction algorithm as the
current standard. ML-EM was implemented as described in (2.59), including res-
olution recovery (2.33). The reconstructed image was post-smoothed using a 2-D
isotropic Gaussian blurring kernel. The FWHM of this kernel was varied between
3 mm and 15 mm. We used MAP-EM as an indicator for the non-anatomy based
use of prior information. The MAP-EM reconstruction algorithm was implemented
as described in (2.64), with

M=—-8,%">" djk@(Aj,Ak)v (4.1)

J keN;

where ® is replaced by the relative difference prior function, given by equation
(3.69), and N is a 3 x 3 neighborhood. Ordered subsets [Hudson and Larkin, 1994]
were used in all three reconstruction algorithms. We used an iteration scheme with
a decreasing number of subsets, consisting of (subsets x iterations): 36x5, 24x5,
18%x5, 16x5, 12x5, 9x5, 8x5, 6x5, 4x5, 2x5, 1x10. This iteration scheme is
almost equivalent to 685 regular iterations.
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4.2.1.2 Evaluation measures

For notational convenience, we use the following definitions: B™ and H™ for the
reconstructions of the noiseless PET projection data of the baseline and the hypo-
metabolic phantom, respectively; B(") and H() for the reconstructions of noise
realization r of the PET projection data of the baseline and hypo-metabolic phan-
tom, respectively; and B¢ and H®™"¢ for the “true” baseline and hypo-metabolic
phantom, respectively.

The performance of each reconstruction algorithm was measured using a va-
riety of metrics. We used the simplest paradigm for the detection, i.e. the sig-
nal known ezactly, background known ezxactly or SKE/BKE task [Barrett et al.,
1993]. The detection performance of hypo-metabolic regions was quantified using
a non-prewhitening numerical computer observer [Wagner and Brown, 1985]. This
computer observer was chosen for reasons of its tractability and not because it is
presumed to mimic human observer performance. In each experiment, for each re-
construction algorithm, and for each noise realization r, we measured the following
response function

sU0) = 3 (B - H - 17, (4.2
JjER
with I either B or H, and R being a region-of-interest (ROI) [Barrett et al., 1993].
The signal-to-noise ratio (SNR) for R was computed using

_ — 2
s = o A 9

with 5(I) the mean and o2(I) the variance of s(1(")) over all noise realizations. Bias
and variance measurements were performed. The bias image b was calculated using

b(I) = I — I, (4.4)

with I the mean of I(") over all noise realizations, and I either B or H. The root
mean squared (rms) bias b(/) in ROI R was computed using

= [ >, (45)
JER

with ng the number of voxels in R. The variance image o?(I) was calculated using

(1) = ﬁ zpj (1 - f)2 , (4.6)

r=1
with P the number of noise realizations. The rms standard deviation was computed
using

)= [— S o2(D). (4.7)
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4.2.2 3-D Phantom Simulation Experiments

We constructed a clinically realistic 3-D software phantom for subsequent Monte-
Carlo simulation experiments. The construction of the phantom was based on 30
consecutive axial slices of the digital software phantom provided by the BrainWeb
database. The software phantom dimensions are 218 x 218 x 30 voxels with an
isotropic voxel size of 1 mm. GM, WM, and CSF were identified by the discrete
anatomical model [Collins et al., 1998]. A baseline FDG-PET tracer distribution,
representing the glucose metabolism of a normal human brain, was constructed.
Tracer activity uptake was set to 12.5 counts/mm3 in GM, 3.125 counts/mm? in
WM, and no uptake in CSF. In a duplicate of the baseline phantom, called the
hypometabolic phantom, tracer activity uptake in four 3-D regions within GM was
decreased by 25 %.

The PET data acquisition process of a clinical PET scanner was simulated by
projecting the baseline and the hypometabolic phantoms over 144 angles using
a uniform attenuation image derived from the contour of the digital BrainWeb
phantom. The linear attenuation coefficient was set to 0.095 cm™'. The projections
were smoothed along the detector grid using a 2-D Gaussian kernel with 5 mm
FWHM, thereby accounting for the detector resolution effect of a clinical PET
scanner. The smoothed projections were resampled to a realistic sampling frequency
of 2 x 2 mm? detector elements, and Poisson noise realizations were computed for
each sinogram.

The projection data were reconstructed using the ML-EM reconstruction algo-
rithm for further comparison with the A-MAP reconstructions. During the recon-
struction procedure, we included correction for the attenuation and finite resolution
effect. An iteration scheme with a decreasing number of ordered subsets was used,
which was consisting of (subsets x iterations): 36 x 6, 24 x 6, 18 x 6, 16 x 6, 12 x 6,
9%x6,8x6,6x6,4x6,3x%x6,2x6,1x6. This scheme is approximately equivalent
to 834 regular iterations. ML-EM reconstructions were post-smoothed using a 3-D
Gaussian kernel with an isotropic FWHM varying from 4 to 8 mm.

In the following three simulation experiments, we study the influence of the
strength of anatomy based smoothing in GM, the influence of misaligned MR data,
and the effect of local segmentation errors. The construction of the anatomical
information is given in the description of each experiment. Unless stated otherwise,
we use the following parameter settings for the A-MAP reconstruction algorithm
in each simulation experiment. The segmentation threshold parameter was set to
e = 0.01, the weights of the Gaussian priors were Gw = (¢ = Or = 0.4, and
the weight of the Gibbs smoothing prior was g = 10. For the relative difference
prior, we used v = 40. Correction for the attenuation and finite resolution effect,
as well as making use of an iteration scheme, was identical to that of the ML-EM
reconstruction algorithm.
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4.2.2.1 Influence of Anatomical Prior Weight

A-MAP has been based on the assumption that changes of the cerebral glucose
metabolism, due to lesions, should occur only in GM. Actually, no anatomical
information about the presence, location, or extent of possible lesions is used during
the reconstruction procedure. Consequently, a strong smoothing prior within GM
could reduce the visibility of lesions. For that reason, we investigated the influence
of smoothing within GM, i.e. the strength of the anatomical prior weight, and
compared that to the influence of post-smoothing in ML-EM using 3-D simulated
FDG-PET data.

The projection data were reconstructed using A-MAP. For that purpose, ML-EM
reconstructions post-smoothed with 4 mm FWHM were used as the initial image for
the iterative reconstruction procedure of A-MAP. The anatomical information was
based on fuzzy tissue classification data of the GM, WM, and CSF, provided by the
BrainWeb database [Collins et al., 1998]. The fuzzy tissue classification data was
resampled to the PET grid. Dimensions are 109 x 109 x 15 voxels and an isotropic
voxel size of 2 mm. The emission phantom data and the corresponding anatomical
information are by design perfectly aligned. A-MAP reconstructions were performed
using Bg = 5, Bg = 10, and Gg = 15, denoted A-MAP-1, A-MAP-2, and A-MAP-3,
respectively.

4.2.2.2 Effect of Small Misalignments

Differences in geometrical alignment are typical for images of the same patient
using two different imaging modalities. Using state-of-the-art image registration
algorithms, it is possible to compute the affine transformation that is needed to
align the MR with the PET data. The influence of errors in the alignment of the
anatomical information was assessed.

Usually, registration errors are small for rigid MRI-PET or MRI-SPECT regis-
tration [Meyer et al., 1997; Yokoi et al., 2004]. We limited this experiment to: (a) a
trans-axial shift of the “fuzzy” tissue classification data over 1 mm to the right, and
(b) an axial rotation around the center axis over 1°. We considered the size of these
errors realistic for current state-of-the-art registration algorithms. The anatomical
information was resampled to the PET grid using linear interpolation after applying
the transformation.

4.2.2.3 Effect of Segmentation Errors

It is clear that the performance of A-MAP depends on the accuracy of the anatomi-
cal information. For that purpose, we assessed the influence of small segmentation
errors. To speed up the Monte-Carlo simulations, we used a smaller 3-D brain soft-
ware phantom, i.e. a subset of the digital BrainWeb phantom in the surroundings
of the middle frontal gyrus. The phantom dimensions were 68 x 68 x 26 voxels
with an isotropic voxel size of 1 mm. GM and WM tissue and CSF were identified
in the corresponding discrete anatomical model. For all slices, the phantom tissue
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information outside an inscribed circle was put to zero in order to avoid truncated
projection data. The binary tissue segmentation images were smoothed using a
3-D isotropic Gaussian kernel with 1.5 mm FWHM to simulate the output of fuzzy
segmentation algorithms. A baseline FDG-PET tracer distribution, representing
the glucose metabolism of a normal brain, was constructed.

The PET data acquisition procedure used in previous experiments was applied.
Poisson noise realizations of the projection data were computed and reconstructed
using the ML-EM algorithm. The reconstructions were corrected for attenuation
and resolution effect, and the ML-EM iteration scheme defined in §4.2.2 was used.
The ML reconstructions were post-smoothed using a 3-D isotropic Gaussian kernel
with a FWHM varying from 4 to 8 mm.

Three types of segmentation errors, often observed in segmentation images of
clinical MR, data, were semi-automatically constructed using standard morpholog-
ical dilation and erosion operations. In the discrete tissue segmentations of GM,
WM, and CSF, we simulated: (a) the “closing” of a sulcus, (b) the “thinning” of a
gyrus, and (c) the “thickening” of a gyrus. The modified binary tissue maps were
smoothed using a 3-D isotropic Gaussian kernel with 1.5 mm FWHM, to simulate
fuzzy segmentations, and resampled to the PET grid using linear interpolation,
consisting of 34 x 34 x 13 voxels and an isotropic voxel size of 2 mm. The A-MAP
reconstructions were performed using the non-modified and the modified GM, WM
and CSF fuzzy tissue classifications.

4.2.2.4 Evaluation Measures

The performance of each reconstruction algorithm was measured using a number
of metrics. For notational convenience, we use the same definitions as described in
the first paragraph of §4.2.1.2.

Again, a non-prewhitening numerical computer observer was used for the quan-
tification of the detection of the induced hypometabolic regions [Wagner and Brown,
1985]. For each reconstruction algorithm, and for each reconstruction of noise re-
alization r of the projection data, we computed s(I("), for I either B or H, using
equation (4.2). The signal-to-noise ratio (SNR) in ROI R was computed using
equation (4.3).

We measured the PVC performance of each reconstruction algorithm by com-
puting the recovery of activity in every reconstructed voxel. The recovery value p
was calculated as the ratio of the reconstructed activity divided by the true activity.
We computed the mean j, and the standard deviation &, of the recovery values
within ROIs for the reconstructions based on the baseline and the hypometabolic
phantom data, using

P I(T)
/’LP(I) = Z Itrue (4'8)

rlj
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2

P
)= | =3 %Z (ﬂpﬂ) (4.9)

n
R JER r=1

for I = B and for I = H, where I ; is the mean of 1 ](’") over the reconstructions of all
noise realizations r of the projection data, P is the number of noise realizations, and
ng is the number of voxels in ROI R. Additionally, we measured the distribution
of the recovery values within GM.

4.2.3 Human Observer Study

A human observer study was designed to assess the performance of detecting hy-
pometabolic regions using the A-MAP versus the ML-EM reconstruction algorithm.
Six nuclear medicine physicians and residents-in-training were asked to localize re-
gions with a reduced metabolism in 2-D simulated FDG-PET images of the brain.
In order to make the observations as realistic as possible, but on the other hand not
too time consuming, we constructed a 2-D realistic software phantom based on a
single trans-axial slice of the digital BrainWeb phantom. Dimensions are 218 x 218
voxels with an isotropic voxel size of 1 mm. GM, WM and CSF tissues were identi-
fied using the discrete anatomical model. A baseline FDG-PET tracer distribution
representing the glucose metabolism of a normal brain was constructed. Through-
out the 2-D phantom, we delineated 25 regions which were restricted to the GM
tissue (Fig.4.16). The mean size of the regions was 3.7 cm? (0 = 0.4 cm?). For each
of these regions, we constructed 20 hypometabolic phantoms in which the region
had a proportional metabolic reduction value ranging from 5 % to 100 % in steps
of 5 %, defined as the contrast level. All phantoms were resampled to a realistic
PET sampling grid of 109 x 109 voxels and an isotropic voxel size of 2 mm using
linear interpolation. The baseline tracer activity was set to 12.5 counts/mm? in
the GM tissue, 3.125 counts/mm? in the WM and zero uptake in the CSF. The
PET data acquisition procedure used in the previous experiments was applied. It
was left to the observing nuclear medicine physician or resident-in-training to con-
trol the amount of post-smoothing required for further inspection of the ML-EM
reconstructed images.

A clinically realistic high-resolution noisy MR, image, corresponding to the dig-
ital BrainWeb phantom, was generated using the BrainWeb MR simulator [Collins
et al., 2002]. The noise level was 7 %. The noisy MR image was segmented into GM,
WM and CSF tissues using the Statistical Parametric Mapping (SPM99) software
package [SPM99]. By definition, the MR image and the emission phantom, based
on the digital BrainWeb phantom, are perfectly aligned. The fuzzy tissue segmenta-
tion images were resampled to the PET grid and used in an A-MAP reconstruction
of all simulated PET projection data of the baseline and hypometabolic phantoms.

An interactive user interface computer program was written for the human ob-
servers in order to evaluate the performance of detecting and localizing induced
hypometabolic regions. The user interface was based on in-house developed medi-
cal image viewing software, implemented in IDL 5.1 (Research Systems, Inc.), which
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is also used in the daily clinical environment. Physicians were invited to carry out
two separate observing sessions, one for the A-MAP reconstructions and one for
the ML-EM reconstructions. In a learning session for the observers, the program
started with presenting the reconstructed images of noise realizations of the baseline
phantom projection data. Observers were asked to get acquainted with the image
quality, the influence of noise, and they were asked to tune the display settings.
After the learning session, the program presented the reconstructed images of the
hypometabolic phantom data in order of decreasing contrast of the hypometabolic
regions. The program selected for each of the 20 contrast levels randomly 10 of the
25 hypometabolic reconstructed images belonging to that specific contrast level.
Throughout the session, physicians were able to adjust the width of a 2-D Gaussian
smoothing kernel applied during the image displaying, as well as using a variety of
color lookup tables, scale parameters, cursor settings, and zoom factors.

The task of the observer was then to specify the most likely position of the hy-
pometabolic region using a mouse click in the image field. The location and distance
between true lesion barycenter and observer localization was measured and stored
for further analysis. We defined a hit-range h as the radius of an imaginary sphere
surrounding the true lesion barycenter. If the indicated position by the observer
was within the imaginary sphere, the localization was considered to be correct. Af-
ter every 10 images, the observer received feedback about the number of correct
localizations for a hit-range of h = 5 mm. Display of the images was accompanied
by the MR image from which the anatomical data was derived. This image served
as additional anatomical information during the observation of both ML-EM and
A-MAP reconstructed images. The cursor was linked between the images. Both
the reconstructed image A, see equation (3.70), as well as the intermediate recon-
structed image A*, see equation (3.63), were shown when the user interface was used
for observing A-MAP reconstructions. It was briefly explained in advance to the
observers what the A-MAP images represented, and how they were created. During
the observation session, physicians were able to consult a printout of the phantom
image with small dots indicating the 25 possible location sites of the hypometabolic
regions. One half of the physicians was asked to complete first the observation of the
ML-EM reconstructions, and after that start with the observation of the A-MAP
reconstructions. The other half was asked to follow the opposite order. For each
reconstruction algorithm, we measured the score S(h, O,C), defined as the percent-
age of correct localizations, as function of the hit-range h, the observer O, and the
contrast level C of the induced hypometabolic region. We calculated (a) the overall
score, defined as the mean score over all contrast levels and for A = 5 mm, or

1
overall score (0) = — E S(h=5,0,C) (4.10)
ne
c

where n¢ is the number of contrast levels, (b) the average score, defined as the mean
score over all observers for h = 5 mm, or

average score (C) = ni Z S(h=5,0,0) (4.11)
o
o
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where np is the number of observers, and (c) the average overall score, defined as
the mean score over all contrast levels and observers, or

1
average overall score (h) = Z Z S(h,0,C) (4.12)
c o

ne - ne

4.2.4 Patient Study

We performed a patient study to illustrate the applicability of A-MAP in clinical
practice. We selected FDG-PET and T1-weighted MR data of a female patient
with well-documented epilepsy of age 41. She developed refractory temporal lobe
epilepsy at age 18. Before she entered the presurgical evaluation procedure in our
hospital, she suffered each month from about 20 complex partial seizures, for which
no etiology was established. Two separate video combined electro-encephalography
(video-EEG) sessions during and between seizures showed very clear left temporal
epileptogenic EEG patterns. The patient underwent left temporal lobe resection,
including the amygdala, but not the hippocampus. The patient has been free of
seizures since surgery during a follow-up period of 2 years.

Presurgical FDG-PET acquisitions were performed on a CTI-Siemens ECAT
EXACT HR+ scanner [Brix et al., 1997]. The patient received a catheter inserted
into the left brachial vein for tracer administration, and was positioned on the
scanner bed. The head was immobilized and centered in the field-of-view. EEG
monitoring was installed and recorded throughout the acquisition process to con-
firm the interictal condition of the patient. A transmission scan of 10 min, using
68Ge/%8Ga rod sources, was acquired in 2-D mode to correct for gamma-ray at-
tenuation. Thereafter, 150 MBq FDG was injected intravenously, and a 3-D mode
emission scan of 30 min was started at 30 min post-injection.

The transmission scan was reconstructed using a maximum-a-posteriori recon-
struction algorithm [Nuyts et al., 1999b]. Randoms correction of the 3-D emission
scan was performed on-line using a delayed time window. The reconstructed atten-
uation image was used to apply a scatter correction method to the 3-D emission
data [Watson, 2000], followed by the Fourier Rebinning (FORE) algorithm [Defrise,
1995]. The obtained 2-D projection data were reconstructed using ML [Shepp and
Vardi, 1982]. The dimensions of the reconstructed image are 110 x 110 x 63 voxels
with an in-plane pixel size of 2.25 x 2.25 mm? and a plane separation of 2.425 mm.
The ordered subsets technique was used [Hudson and Larkin, 1994]. An iteration
scheme with a decreasing number of subsets and an increasing number of iterations
was used, consisting of (subsets X iterations): 36 x 5, 24 x 5, 18 x 5, 16 x 6, 12 x 6,
9x7,8x7,6x8,4%x8,3x9,2x9,1x10. This scheme is approximately equiv-
alent to 812 regular iterations. We included correction for attenuation and a finite
resolution of 5 mm FWHM [Brix et al., 1997] during the reconstruction process.

Four T1-weighted MR acquisitions of the patient were obtained consecutively on
a Siemens 1.5 Tesla MAGNETOM Vision scanner using the Magnetization Prepared
Rapid Gradient Echo (3-D MPRAGE) sequence [Mugler and Brookman, 1990]. The
following parameter settings were used: repetition time TR = 10 msec, echo time
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TE = 4 msec, flip angle = 12°, inversion time = 300 msec, 256 x 256 matrix size, 160
sagittal slices, and 1 mm isotropic voxel size. All 4 MR images were spatially aligned
using a mutual information based image registration algorithm [Maes et al., 1997],
and the mean MR image was computed. The MRI data were visually examined by
an expert radiologist. The MRI data were reported to show no abnormalities.

Segmentation of the GM, WM and CSF tissues was performed using the Sta-
tistical Parametric Mapping (SPM2) software package [SPM2]. The affine trans-
formation was computed to align the MR image with the post-smoothed ML re-
construction of the PET data. Then, the same transformation was used to align
the segmentation images of the MRI data with the ML reconstruction. The anato-
mical information was resampled to the PET grid using linear interpolation. The
ML reconstruction, post-smoothed using a Gaussian kernel with 5 mm FWHM,
was used as the initial image for the A-MAP iterative reconstruction. We used the
same iteration scheme, attenuation correction and resolution recovery, as for the
ML reconstruction.

4.3 Results

4.3.1 2-D Phantom Simulation Experiments
4.3.1.1 Perfect Anatomical Information

The outline of the 2-D uniform attenuation image that was used in the 2-D phan-
tom simulation experiments is shown in Fig. 4.1(a). For visualization purposes, a
composition of the binary tissue maps of GM, WM and CSF was constructed and
is also shown in Fig. 4.1(a). In that image, CSF is indicated in black, GM in dark
gray and WM in light gray. The baseline phantom, constructed from the binary
tissue maps, is shown in Fig. 4.2(a). This image acted as the baseline ground truth
image.

The construction of the phantom data, the implementation of the ML-EM,
MAP-EM, and A-MAP reconstruction algorithms, as well as the simulation exper-
iments were developed and performed on a Sun450 Model-4300 workstation (SUN
Microsystems, Inc.) using the software package IDL 5.1 (Research Systems, Inc.).

A-MAP, using the exact anatomical information, ML-EM and MAP-EM recon-
structed images of the noiseless PET emission data of the baseline are shown in
Fig. 4.2(b—d). The noiseless projection data of the baseline phantom contained
8.6 Mcounts. For this experiment, we computed P = 700 Poisson noise realiza-
tions of the noiseless PET projection data of the baseline and the hypo-metabolic
phantom. The subtraction images of the reconstructions of a single baseline and
hypo-metabolic noise realization are shown in Fig. 4.3(a, ¢, and d). The SNR re-
sults for each reconstruction algorithm and for different ROI are shown in Table 4.2.
The SNR values were scaled with respect to the SNR of the MAP-EM algorithm for
comparison. Bias images b(B) are displayed in Fig. 4.4(a, ¢, and d). For reasons of
dynamic range, variance images were converted to standard deviation images and
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Table 4.1: The extent E in mm? and the proportional decrease A of activity for the
hypo-metabolic regions used in the design of the hypo-metabolic phantom. The last
column shows the long and short axis in mm of the ellipses that were used for the
construction of the hypo-metabolic regions. The GM activity was decreased within
these ellipses. An isotropic voxel size of 1 mm was used.

Region E A Ellipse long — short axis
number | (mm?) | (%) (mm)

1 43 20 12-6

2 28 22 10-5

3 42 24 12-5.3

4 44 20 15-6

5 45 20 9-9

Figure 4.1: The composition of
the binary tissue maps is shown
in (a): CSF is indicated in
black, GM in dark gray, and WM
in light gray. The outline of
the uniform attenuation image is
shown by the dash-dotted line.
Within the outline the linear at-
tenuation coefficient was set to
0.095 cm™*. The locations of
the hypo-metabolic regions are
visualized in (b). The circles
around each hypo-metabolic re-
gion % correspond to the regions-
of-interest R;.

displayed in Fig. 4.5(a, ¢, and d). The rms bias and rms standard deviation results
in different ROIs of the reconstructions of the hypo-metabolic phantom data are
shown in Fig. 4.6. For all reconstruction algorithms, a ROI equal to all voxels in
the brain was used. The rms bias and rms standard deviation was also calculated
within circular ROIs around each hypo-metabolic region, as shown in Fig. 4.1(b).
Finally, line profiles were computed through hypo-metabolic region number 1 of the
mean reconstructed images B and H. The difference between these line profiles for
each algorithm are shown in Fig. 4.7.

4.3.1.2 Imperfect Anatomical Information

For this experiment, we computed P = 400 Poisson noise realizations of the noise-
less PET emission data of the baseline and the hypo-metabolic phantom. Four
hundred different imperfect anatomical label maps were computed. Using these
maps, A-MAP reconstructions of the noisy emission data of the baseline and the
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Figure 4.2: The baseline ground
truth phantom image is shown in
(a). The remaining figures show the
reconstructed images of the noise-
less baseline phantom emission data.
The A-MAP reconstruction is shown
in (b), MAP-EM is shown in (c), and
the ML-EM reconstruction, without
post-smoothing, is shown in (d). All
images are scaled to the same inten-
sity range, i.e. white corresponds to
zero activity and black corresponds
to an activity of 30 counts per voxel

(cpv).

Figure 4.3: The subtraction im-
ages of the reconstructions of a
baseline and a hypo-metabolic noise
realization, or B — H{)  are
shown for: (a) the A-MAP algo-
rithm using perfect anatomical in-
formation, (b) the A-MAP algorithm
using imperfect anatomical informa-
tion, (c) the MAP-EM algorithm,
and (d) the post-smoothed ML-EM
algorithm using a two-dimensional
isotropic Gaussian kernel with 4 mm
FWHM. All images are scaled to the
same intensity range, i.e. white cor-
responds to —0.5 cpv and black cor-
responds to 8 cpv.
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Figure 4.4: The bias images b(B)
of the reconstruction experiments,
when using: (a) the A-MAP algo-
rithm using perfect anatomical in-
formation, (b) the A-MAP algorithm
using imperfect anatomical informa-
tion, (c) the MAP-EM algorithm,
and (d) the post-smoothed ML-EM
algorithm using a two-dimensional
isotropic Gaussian kernel with 4 mm
FWHM. All images are the re-
sult from simulations where Pois-
son noise was used, except in the
case of (b), where simulations in-
cluded both Poisson noise and noise
from MRI segmentations. All im-
ages are scaled to the same intensity
range, i.e. white corresponds to —20
counts per voxel (cpv) and black cor-
responds to 420 cpv.

Figure 4.5: The standard devia-
tion images o(B) of the recon-
struction experiments, when using:
(a) the A-MAP algorithm with per-
fect anatomical information, (b)
the A-MAP algorithm with noisy
and imperfect anatomical informa-
tion, (c) the MAP-EM algorithm,
and (d) the post-smoothed ML-EM
algorithm using a two-dimensional
isotropic Gaussian kernel with 4 mm
FWHM. All images are the re-
sult from simulations where Poisson
noise was used, except in the case
of (b), where simulations included
both Poisson noise and noise from
MRI segmentations. All images are
scaled to the same intensity range,
i.e. white corresponds to zero and
black corresponds to 5 cpv. (c) (d)
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Figure 4.6: The
squared (rms) bias b and the rms
standard deviation & are shown for
the reconstructions based on the
hypo-metabolic phantom data. In
the upper plot, diamond shaped
data points (<) show the re-
sults for a ROl equal to all vox-
els in the brain. In the lower
plot, rms bias and rms standard
deviation are shown for circular
ROIs around hypo-metabolic re-
gion 1 (+), 2 (O), 3 (A), 4 (D),
and 5 (x). Poisson noise was used
in all simulations. For A-MAP
using imperfect anatomical infor-
mation, simulations included both
Poisson noise and noise from MRI
segmentations. ML-EM-X means
post-smoothed ML-EM using a
two-dimensional isotropic Gaussian
kernel with X mm FWHM. For
MAP-EM, symbols are thicker and
larger. For ML-EM, symbols be-
longing to the same ROI are con-
nected by a solid line.

root mean

Figure 4.7: Plot (a) shows
the activity profile of B —
H through hypo-metabolic
region number 1 for A-
MAP, MAP-EM and post-
smoothed ML-EM using
a two-dimensional isotropic
Gaussian kernel with 4 mm
FWHM. Figure (b) shows
the location of the line pro-
file in an enlarged view
of the upper-left corner of
the image that indicates
the location of the hypo-
metabolic regions.
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hypo-metabolic phantom were performed, and figures-of-merit were calculated. The
SNR results for each reconstruction algorithm and for different ROI are shown in
Table 4.2. For comparison, SNR values were scaled with respect to the SNR of MAP-
EM. The subtraction image of the reconstruction of a baseline and a hypo-metabolic
noise realization are shown in Fig. 4.3(b). The bias image b(B) of A-MAP is shown
in Fig. 4.4(b). The standard deviation image of A-MAP is shown in Fig. 4.5(b).
The root mean squared (rms) bias and rms standard deviation results in different
ROIs of A-MAP reconstructions of the hypo-metabolic phantom data are shown in
Fig. 4.6.

4.3.2 3-D Phantom Simulation Experiments

The location and the extent of the induced hypometabolic regions used in the phan-
tom data are shown in Fig. 4.8. The simulated noiseless PET emission data of the
3-D baseline phantom contained 117 Mcounts. We computed 100 Poisson noise re-
alizations of the PET projection data of the baseline and 100 of the hypometabolic
phantom.

4.3.2.1 Influence of Anatomical Prior Weight

Fig. 4.9 shows the mean recovery value (4.8) results plotted against the standard
deviation of the recovery values (4.9) for the ML reconstructions and for the A-MAP
reconstructions using g = 5.0, 10.0, and 15.0. The upper panel of Fig. 4.9 shows
the results for the simulations based on the baseline phantom data, and computed
within an overall 3-D ROI, defined by the GM and WM tissues in the phantom
data for the 5 most central planes. The lower panel of Fig. 4.9 shows the results for
the simulations based on the hypometabolic phantom data, and computed within
four 3-D ROI around the corresponding hypometabolic regions.

A-MAP shows an overall improved mean recovery compared to post-smoothed
ML for the reconstructions of the baseline phantom data. A similar improvement
is seen in the mean recovery values in the ROIs around the hypometabolic regions
of the reconstructions of the hypometabolic phantom data. Although the results
depend on the ROI that was used, as can be seen in the lower panel of Fig. 4.9,
the above pattern is the same for each ROI. ML-EM without post-smoothing, but
including detector resolution recovery, shows comparable mean recovery values as
A-MAP, but with a high standard deviation of these values.

The SNR results for post-smoothed ML and A-MAP for different ROI are shown
in Table 4.3. The SNR of post-smoothed ML increases with increasing FWHM in
the range from 0 to 8 mm. On the other hand, in all ROI, the SNR is almost
unchanged for A-MAP when the prior weight is varied between g = 5.0 and 15.0.

Fig. 4.10 shows the distribution of the recovery values within GM for ML-EM
without post-smoothing, a post-smoothed ML-EM reconstruction using a Gaussian
kernel with 5 mm FWHM, and an A-MAP reconstruction using Gz = 10.0, of a
single noise realization of the baseline projection data. The mean and the standard
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Table 4.2: Results of the signal-to-noise ratio (SNR) for both experiments and for
different regions-of-interest (ROI): J, i.e. the whole image, and R;, a circular ROI
with a ten voxel wide radius centered at the hypo-metabolic region i. SNR results
of A-MAP and ML-EM were relatively scaled with respect to the SNR of MAP-EM.
ML-EM-X means post-smoothed ML-EM using a two-dimensional isotropic Gaussian
kernel with X mm FWHM.

A-MAP using perfect anatomical information
P = 700 noise realizations

P = 400 noise realizations

. SNR

Algorithm i ‘ 7 ‘ 7 ‘ 7 ‘ 7 ‘ 7

A-MAP 1.24 |1 1.26 | 1.17 | 1.29 | 1.22 | 1.31
MAP-EM || 1.00 | 1.00 | 1.00 | 1.00 | 1.00 | 1.00
ML-EM-0 || 0.77 | 0.74 | 0.76 | 0.80 | 0.74 | 0.77
ML-EM-4 || 1.01 | 0.97 | 0.98 | 1.06 | 1.05 | 1.02
ML-EM-8 1.25 | 1.26 | 1.22 | 1.23 | 1.20 | 1.30
ML-EM-12 || 1.24 | 1.28 | 1.18 | 1.25 | 1.18 | 1.30
ML-EM-15 || 1.20 | 1.27 | 1.13 | 1.23 | 1.17 | 1.27

A-MAP using imperfect anatomical information

. SNR

Algorithm i ‘ 7 ‘ 7 ‘ 7 ‘ 7 ‘ 7

A-MAP 0.98 | 0.86 | 0.86 | 1.15 | 0.98 | 1.09
MAP-EM || 1.00 | 1.00 | 1.00 | 1.00 | 1.00 | 1.00
ML-EM-0 || 0.77 | 0.75 | 0.76 | 0.79 | 0.75 | 0.79
ML-EM-4 || 1.01 | 0.97 | 0.99 | 1.05 | 1.05 | 1.02
ML-EM-8 || 1.23 | 1.25 | 1.22 | 1.22 | 1.22 | 1.24
ML-EM-12 || 1.23 | 1.28 | 1.16 | 1.23 | 1.20 | 1.24
ML-EM-15 || 1.20 | 1.27 | 1.11 | 1.22 | 1.18 | 1.23
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Figure 4.9: The plots show the re-
sults of the mean and the standard
deviation of the recovery values for
post-smoothed ML, and for A-MAP
using different values for the GM
prior weight (A-MAP-1, 2, and 3).
ML-X means post-smoothed ML us-
ing a 3-D isotropic Gaussian kernel
with X mm FWHM. Star shaped
symbols in the upper panel show
the results for the baseline phan-
tom data, computed in an over-
all 3-D region-of-interest (ROI). The
lower panel shows the results for the
hypometabolic phantom data, com-
puted within 3-D ROI around hy-
pometabolic region 1 (v), 2 (O),
3 (0), and 4 (»). For ML and A-
MAP, symbols belonging to the same
ROI are connected by a solid line.
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deviation of the recovery values are: 0.89 £ 0.15 for A-MAP, 0.90 £+ 0.24 for ML-
EM without post-smooth, and 0.77 + 0.13 for post-smoothed ML-EM using 5 mm

FWHM.

4.3.2.2 Effect of Small Misalignments

The mean and standard deviation of the recovery values for A-MAP using mis-
aligned anatomical information are shown in Fig. 4.11. Results for post-smoothed
ML-EM and A-MAP using perfectly aligned anatomical information were added for

comparison.

The use of shifted anatomical information in the A-MAP reconstructions shows

Figure 4.10: The distribution of
recovery values p within GM for
ML-EM without post-smoothing
(ML-0, thin solid line), post-
smoothed ML-EM using 5 mm
FWHM (ML-5, dotted line), and
A-MAP (Be = 10.0, thick solid
line), of a single noise realization
of the baseline phantom projec-
tion data.
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Table 4.3: Signal-to-noise ratio (SNR) of the 3-D phantom simulation experiments,
in four 3-D ROls around the hypometabolic regions. ML-EM-X means post-smoothed
ML-EM using a 3-D Gaussian kernel with X mm FWHM.

’ Algorithm H ROI-1 ‘ ROI-2 ‘ ROI-3 ‘ ROI-4 ‘
ML-EM-0 24.6 22.4 14.7 25.5
ML-EM-4 38.0 31.5 21.1 39.5
ML-EM-5 41.6 33.4 23.0 42.6
ML-EM-6 45.5 35.4 25.2 45.3
ML-EM-7 47.7 36.6 26.6 46.6
ML-EM-8 48.9 37.5 27.4 47.2
A-MAP-1 42.3 37.6 23.9 40.8
A-MAP-2 44.9 37.8 23.5 41.0
A-MAP-3 45.4 36.9 23.2 41.2
A-MAP-2 (1 mm shift) 45.9 38.9 23.3 41.7
A-MAP-2 (1° rotation) 45.7 38.2 23.8 42.3

a reduction of the mean recovery value in the overall ROI and in the ROI around
the hypometabolic regions, but has little effect on the standard deviation of the
recovery. The use of rotated anatomical information shows a similar pattern. The
SNR results for A-MAP using misaligned anatomical information are shown in
Table 4.3. The results of the SNR in all ROI are comparable with the SNR for
A-MAP using perfectly aligned anatomical information.

Fig. 4.12 shows the distribution of recovery values within GM, as defined by the
baseline phantom, for ML-EM without post-smoothing, post-smoothed ML-EM us-
ing a Gaussian kernel with 5 mm FWHM, and A-MAP using shifted anatomical
information, of a single noise realization of the baseline projection data. The mean
and the standard deviation of the recovery values are 0.84 4+ 0.23 for A-MAP us-
ing shifted anatomical information. The results for ML-EM are identical to those
obtained in previous experiments (see §4.3.2.1).

4.3.2.3 Effect of Segmentation Errors

The simulated GM fuzzy tissue segmentation images, including the segmentation
errors, are shown in Fig. 4.13. The noiseless projection data of the smaller 3-D
phantom contained 12 Mcounts. Hundred Poisson noise realizations of the pro-
jection data were computed. The mean and standard deviation of the recovery
values for assessing the influence of local segmentation errors within the anatomical
information are shown in Fig. 4.14.

The influence of segmentation errors in A-MAP shows a small reduction of the
mean recovery value in the overall ROI. A similar reduction is observed in the ROI
around the modification sites. However, the mean recovery values are still better
than those obtained by post-smoothed ML-EM.
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Figure 4.11: The plots show the results of the mean and the standard deviation of the recovery values for post-smoothed ML-
EM and for A-MAP when using perfectly aligned anatomical information (open symbols) and intentionally misaligned anatomical
information (filled symbols). Panel (a) shows the results for shifting the anatomy over 1 mm, and panel (b) for rotating the

anatomy over 1°. Same conventions as in Fig. 4.9.
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Fig. 4.15 shows the recovery values within GM for A-MAP using exact and
modified anatomical information, and for post-smoothed ML-EM, using a single
Gaussian kernel with 5 mm FWHM, of a noise realization of the projection data.

4.3.3 Human Observer Study

The user interfaces of the interactive computer program are shown in Fig. 4.18. The
user interface was developed using IDL 5.1 (Research Systems, Inc.). The results
of the human observer study are shown in Fig. 4.17. The A-MAP and ML average
overall score, i.e. the average score over all contrast levels and observers, as function
of the hit-range h, are shown in Fig. 4.17(a). Both curves level off at a hit-range
of about 5 mm. The A-MAP and ML average score, i.e. the average score over all
observers for h = 5 mm, and as function of the contrast level of the hypometabolic
regions, are shown in Fig. 4.17(b). Since there were 25 possible locations for the
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Figure 4.15: The images show the recovery values within GM for the central plane
of the A-MAP reconstruction, using exact and modified anatomical information, and
the post-smoothed ML reconstruction, using a Gaussian kernel with 5 mm FWHM,
of a single noise realization of the projection data.
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hypometabolic region, the probability of obtaining 2 or more correct answers by
chance alone is 0.058. Fig. 4.17(c) shows the overall score, i.e. the average score
over all contrast levels, for h = 5 mm, for each observer, and for using ML and A-
MAP. For all observers, there is a systematic improvement of detection performance
using the A-MAP algorithm. The ML algorithm shows a much larger variance than
A-MAP. A Paired t-Test of the overall score data of ML (average overall score for
h =5 mm is 68.4%) versus A-MAP (average overall score for h =5 mm is 81.8%)
showed a significantly higher average overall score value for A-MAP (p < 0.004).

4.3.4 Patient Study

The results of the patient study are shown in Fig. 4.19. A coronal slice through
the temporal lobe was selected for display, shown in panel A of Fig. 4.19. The
A-MAP reconstruction image is shown for voxels j where ij + f]W +f JC > g,
i.e. voxels belonging to the brain. The PET images show clearly a left temporal
hypometabolism, which is concordant with the findings of the presurgical video-
EEG registrations. We computed a line profile through the right and left temporal
lobes of the post-smoothed ML and A-MAP reconstructed images. The line profile
is shown in panel B of Fig. 4.19, and indicated in the coronal views.

4.4 Discussion

4.41 2-D Phantom Simulation Experiments

With the first 2-D software phantom simulation experiment, we compared the per-
formance of post-smoothed ML-EM and regular MAP-EM with that of A-MAP
using perfect anatomical information. For ML-EM a bias-noise curve was gener-
ated by varying the width of the post-smoothing kernel (Fig. 4.6). The MAP-EM
result is very close to that of the ML-EM curve. This seems in agreement with
the results obtained by Nuyts and Fessler [2003], and Stayman and Fessler [2004],
who observed very similar noise characteristics for MAP-EM, or penalized likeli-
hood, and post-smoothed ML-EM at matched resolution. These results also show
that the post-smoothed ML-EM images using 4 mm FWHM have a good bias-noise
trade-off. For that reason, we showed the results of ML-EM using 4 mm FWHM for
comparison with A-MAP in Fig. 4.3, Fig. 4.4, and Fig. 4.5. The result of A-MAP
yields a point at the left of this curve, implying that A-MAP produces lower bias at
matched noise levels. The probability of error was the same for all tissue classes. It
follows that the effect of these segmentation errors is seen as an increase in variance,
while it has a negligible effect on bias. By varying the parameters of the prior, a
bias-noise curve could be produced for A-MAP as well. The optimal point along
that curve will depend on the application, and may well be very different for such
tasks as visual inspection and quantitative analysis.

Table 4.2 reports the SNR results for lesion detection by means of a non-
prewhitening numerical observer. A-MAP yielded SNR values close to the best
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values obtained with post-smoothed ML-EM. This is in agreement with [Nuyts
et al., 2003], where we found no significant differences between the optimal SNR of
A-MAP and the optimal SNR of post-smoothed ML-EM for simulation experiments
using a simplified Shepp-Logan phantom.

With the second experiment, we illustrate the performance of A-MAP in a more
challenging situation, i.e. when using imperfect anatomical information. In general,
a whole variety of effects can contribute to the concept of imperfect anatomical
information, e.g. registration errors, segmentation errors, randoms, scatter, patient
movement during the acquisition procedure, ... Since the joint influence of all of
these effects on the errors is probably very complex, we have been focusing to
segmentation errors for this study. That is, we assumed that errors introduced by
poor segmentation of the MR image would lead to imperfect anatomical information.

The results of this experiment show an overall slight reduction of the SNR for
A-MAP, compared to MAP-EM. Only hypo-metabolic regions 3 and 5 give better
SNR results when using A-MAP (Table4.2). The rms bias of A-MAP is lower
than MAP-EM and post-smoothed ML-EM. The more pronounced increase of the
rms standard deviation compared to the rms bias between the first and the second
experiment for the A-MAP algorithm, as can be seen in Fig. 4.6, was in fact expected
due to the specific design of the simulation experiment. Four hundred different
imperfect anatomical label maps were used. As a result, the effect of anatomical
errors shows up in our analysis as an increase in variance (Fig. 4.5). Because these
errors are random in all directions with the same probabilities, there is no effect on
the bias. This is confirmed by Fig. 4.4. Note that in clinical applications possible
segmentation errors may lead to an increase of bias. The slight reduction of the
SNR results of A-MAP compared to MAP-EM in this experiment can be attributed
to the template based approach of the SNR computation. The size of the hypo-
metabolic regions in the reconstructed image will vary together with the variation
in the anatomical information. Inevitably, this influences the value of the signal
response function, as it is computed using equation (4.2).

4.42 3-D Phantom Simulation Experiments

Using the 3-D BrainWeb software phantom, we measured and compared the re-
covery values of A-MAP and post-smoothed ML-EM. We measured how far the
reconstruction was deviating from the true solution using mean recovery values,
and how stable that solution was under the influence of noise using the standard
deviation of recovery values. The results showed an overall improved recovery of
the activity using A-MAP, as compared to ML-EM. A-MAP showed to be robust
for variation of the weight of smoothing prior in the GM region. Within the hy-
pometabolic regions, we observed similar recovery characteristics, indicating that
the recovery improvement for A-MAP was not critically depending on the amount
of smoothing within GM, at least for the range tested in the simulation experiments.

We have demonstrated the partial volume correction properties of A-MAP and
post-smoothed ML using GM recovery values. The distribution of the recovery
values for the reconstruction of a noise realization showed a clear underestimation
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Figure 4.17: Results of the human observer study. Panel (a) shows the total score,
i.e. over all contrast levels, for the mean observer as function of the distance between
the true lesion location and the location indicated by the observer, for A-MAP (solid
line) and ML (dashed line). Panel (b) shows the score for the mean observer as
function of the contrast level of the hypometabolic regions, for A-MAP (solid line)
and ML (dashed line). Panel (c) shows the total score, i.e. over all contrast levels,
for each observer, and for ML and A-MAP. In (c), the solid lines are for the observers
who started with the observation of the ML reconstructions, the dashed lines are for
those who started with the A-MAP reconstructions.
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of the GM activity for post-smoothed ML, whereas the use of A-MAP improved the
GM recovery values. The ML reconstruction without post-smoothing showed less

underestimation of the GM activity, but an increased spread of the recovery values
(Fig. 4.10).

4.4.3 Registration and Segmentation Errors

Two important steps in the A-MAP procedure are the registration between an ini-
tial PET image and the MR image, and the segmentation of the MRI data. For
small registration errors, we observed a reduction of the mean recovery values at a
comparable level of standard deviation. The influence of segmentation errors was
more limited. The use of shifted anatomical information introduced local underes-
timations of the GM activity. This can be seen in the left tail of the distribution of
the recovery values, which is more extended towards lower values (Fig. 4.12).

We measured lesion detection performance using the SNR measure, reflecting the
performance of a computer observer. With the simulation experiments, we observed
that the SNR results for A-MAP were lower than the optimal SNR results for
post-smoothed ML (Table4.3). For ML, the optimal results corresponded to large
FWHM of the post-smoothing kernel. With an increased weight of the prior, this
effect might be similar for A-MAP. In the human observer study, we observed that
the detection was improved using A-MAP, as opposed to post-smoothed ML. These
results reflect the differences between computer observers and human observers for
lesion detection.

4.4.4 Detection of Hypometabolic Regions

We hypothesized that physicians would demonstrate an improved detection of real
hypometabolic regions, as opposed to regions with a decreased intensity due to
PVE, using the A-MAP reconstruction algorithm. To test this hypothesis, we in-
vestigated the performance of visually detecting hypometabolic regions in A-MAP
reconstructions compared to post-smoothed ML reconstructions by means of a hu-
man observer study.

Human observers were asked to specify the most likely position of the hy-
pometabolic region, knowing that there was only one lesion in the image. This
approach is also known as a multiple alternative forced choice experiment [Burgess,
1995]. As opposed to receiver operating characteristic analysis (ROC), or localizing
ROC analysis [Gifford et al., 2000b], our method avoids the use of a confidence
rating or an explicit threshold which makes the procedure easier for the observers
[Nuyts et al., 1999b].

If available, MRI data are often used in clinical practice for the examination of
FDG-PET. We included the MR image in the user interface during the observations
of both A-MAP and post-smoothed ML to make sure that differences found between
the two methods could not be attributed to the fact whether the MRI was present
or not.
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Figure 4.18: The A-MAP (top) and ML (bottom) user interfaces of the interactive
computer program which was used for the human observer study (§4.2.3). For A-
MAP, the interface shows the MR image, the A-MAP reconstruction A, and the
intermediate A-MAP estimate of the GM fractional activity A*. For ML, the program
shows the MR image and the ML reconstruction. The interface allows for on-the-fly
post-smoothing, selection and adjustment of color lookup tables, scale parameters,

cursor settings, and zoom factors.
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Figure 4.19: Panel A shows coronal views of the mean MRI, the GM segmentation,
the post-smoothed ML reconstruction using an isotropic Gaussian with 5 mm FWHM,
and the A-MAP reconstruction. A-MAP is only shown for brain voxels, i.e. with a GM,
WM, or CSF tissue fraction value exceeding €. Panel B shows the activity distribution
along a line profile through the temporal lobes for ML and A-MAP. A-MAP displays
a better recovery of the intensity without destroying the hypo-intensity due to the
pathology in the left temporal lobe. The line profile is indicated in the coronal views.
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The average overall score as function of the hit-range level off at about 5 mm
for both A-MAP and ML, as shown in Fig.4.17(a). This means that from that
distance on, the score is not critically depending on the distance between true lesion
barycenter and the observer indicated position. The average score of the observers
for A-MAP as function of contrast, going from 100 % to about 80 %, shows a small
initial increase in Fig.4.17(b). This is probably a residual learning effect. This
effect was not observed for post-smoothed ML, because physicians are more used
to observe that kind of images.

The overall score for A-MAP was for each observer higher than that for ML,
indicating a benefit of using the A-MAP reconstruction method for the detection
of hypometabolic regions in FDG-PET images. Furthermore, the ML algorithm
showed a larger variance for the overall score than A-MAP. This could suggest that
the experience of the observer is more important for ML than for A-MAP.

One half of the observers were asked to begin with the observation of the ML-
EM reconstructions, and proceed thereafter with the A-MAP reconstructions. The
other half was asked to follow the opposite order. These two observer groups show a
different performance behavior, which can be seen in Fig. 4.17(c). We attribute this
difference to a learning effect that occurred during the course of the experiment.
It seems that the observers who started with the A-MAP reconstructions acquired
a better lesion detection performance with the A-MAP reconstructions, and used
that knowledge for the observation of the ML-EM images. However, we did not
verify the significance of this effect.

4.4.5 Clinical Application

The patient study was used to illustrate the feasibility of the A-MAP reconstruction
method applied to measured FDG-PET projection data. Interestingly, the A-MAP
algorithm also provides an estimate of the GM activity distribution A® inside GM
region G. Further evaluation should reveal whether this information improves the
diagnostic use of FDG-PET data for a range of different pathologies (e.g. epilepsy,
dementia, movement disorders), and if the approach is applicable to other tracers.
The A-MAP reconstruction, shown in Fig. 4.19, was restricted to the brain voxels
only. Outside the brain, the A-MAP reconstruction algorithm is equivalent to an
unconstrained ML algorithm, in which noise was not suppressed.

4.5 Conclusion

We can conclude that partial volume correction during the reconstruction process
leads to a more accurate detection of hypometabolic regions in FDG-PET of the
brain. The A-MAP reconstruction algorithm shows to be robust for small registra-
tion and segmentation errors. Finally, we demonstrated the applicability of A-MAP
on real patient data.






Chapter

Excess Height and Cluster Extent in
Subtraction SPECT

This chapter is mainly based on K. Baete et al., “Use of excess height and
cluster extent in subtraction SPECT,” IEEE Transactions on Nuclear Science,
vol. 49, no. 5, pp. 2332-2337, Oct. 2002.

5.1 Introduction

SPECT of the cerebral blood perfusion is a useful technique that is used during the
presurgical evaluation of patients with refractory partial epilepsy [O'Brien et al.,
2000, 1998b, 1999; Spanaki et al., 1999; Véra et al., 1999]. The epileptogenic region
shows an increased blood perfusion during an epileptic seizure, and in about half of
the cases, the interictal blood perfusion is decreased in that region [Berkovic and
Newton, 1997]. Consequently, visual side-by-side examination of SPECT perfusion
images during, i.e. ictal, and in between seizures, i.e. interictal, could reveal one or
more epileptogenic regions. However, visual side-by-side analysis is very subjective
and some subtle but significant differences may not be appreciated by visual analysis
alone. Besides, it has been shown that the localization of these epileptogenic regions
can be improved when images are analyzed on a more quantitative basis [Devous
et al., 1998]. Image post-processing techniques and quantitative analysis methods
could make it possible to enhance the detection of real differences between perfusion
SPECT images of the brain.

Subtraction SPECT was proposed to partially solve the detection problem of
differences in functional images of the human brain [Zubal et al., 1995]. Instead of
doing visual analysis through side-by-side comparison, it was proposed to spatially
align both data sets, correct for differences due to the amount of injected activity
or physical decay of the tracer, and compute differences on a voxel-by-voxel basis.

95
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The more evolved subtraction ictal SPECT co-registered to MRI or SISCOM tech-
nique led to further increase of the diagnostic yield, and made it possible to examine
functional and anatomical correlation in much more detail [O'Brien et al., 1998a,
2000, 1998b, 1999]. In the SISCOM technique, the subtraction image of an ictal and
an interictal SPECT is normalized and cut-off at a predefined intensity threshold.
Thereby, only the largest perfusion differences are retained and visualized on top
of, or fused with, co-registered MRI data of the same individual. The technique
assumes that voxels exceeding the threshold are likely to belong to regions with
epileptogenic or other physiological changes. Remark that the technique does not
allow for the differentiation between pathological or other, maybe normal, phys-
iological changes. Unfortunately, noise in the measured projection data can also
lead to supra threshold differences, which makes the use of the subtraction SPECT
technique more difficult.

The use of quantitative post-processing methods should make it possible to
improve the diagnostic value of subtraction SPECT in clinical practice. For that
purpose, a probabilistic discrimination between differences induced by noise on the
one hand, and differences induced by physiological or pathological events on the
other hand, should be made. Many functional imaging research groups, specialized
in studying the neurophysiological behavior of the human brain, make use of a
similar approach. For that purpose, a specialized software analysis program, called
Statistical Parametric Mapping (SPM), was developed [SPM99]. SPM demands
statistical modeling of the problem, i.e. a certain paradigm has to be evaluated
against the image data. Although SPM is an excellent and powerful technique, it has
some disadvantages for the analysis of subtraction SPECT data [Acton and Friston,
1998; Brinkmann et al., 2000]. In subtraction SPECT or SISCOM, the number of
scans per study is much too small, as opposed to typical SPM studies. This results
in conservative inferences and an increased amount of false negative predictions.
Moreover, when the statistical image is being constructed, the technique does not
incorporate features of image processing, like e.g. the acquisition, reconstruction and
post-processing. Altering one of these steps could generate subtraction images with
other characteristics, thereby influencing the significance of the observed differences.

With the disadvantages of the theoretical model in mind, supra threshold dif-
ference tests have been explored using a simulation based approach [Poline and
Mazoyer, 1993; Roland et al., 1993]. In those studies, simulation experiments at-
tempted to mimic real null statistic images using smoothed white noise Gaussian
random fields with the variance of the noise and the FWHM of the smoothing kernel
chosen to match that of real SPECT difference images. However, these approaches
did not incorporate any properties of the acquisition procedure, the reconstruction
method, or the characteristic features of the image processing.

In this chapter, we investigate an approach similar to that of SPM for charac-
terizing the results of statistical image analysis. The significance of differences in a
subtraction image is analyzed and expressed at the voxel-level and at the cluster-
level. A cluster is defined as a group of supra threshold voxels that are connected.
Two cluster parameters are defined: (a) the excess height, and (b) the cluster ex-
tent. The excess height of a cluster is defined as the largest difference shown by
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voxels belonging to that cluster. The cluster extent is the number of voxels inside
the cluster. In this study, which is based on a Monte Carlo approach, we propose
an empirical method that assigns a probability for the excess height and cluster ex-
tent to every observed cluster of voxels in a subtraction image which is cut-off at a
certain intensity threshold. The probability is assigned under the null hypothesis of
no real perfusion change. The construction of the method is based on the standard
epilepsy imaging protocol which is used in our department, but it can be used for
other protocols as well. Of course, this method is then only valid for data processed
with the same protocol. However, the advantage of our approach lies in the fact
that characteristic features of the acquisition, reconstruction and image processing
are incorporated in the method.

In a first instance, we investigate the reproducibility of this method by means of
simulated Poisson noise realizations of measured projection data. We assume that
the construction of noise realizations is the same as doing repeated measurements
without the occurrence of physiological or physical changes. Also, we neglect the
contribution of image registration errors. Actually, we rely on the fact that reg-
istration algorithms perform well in practice [Hill et al., 2001; Maes et al., 1997;
Thurfjell et al., 2000].

Secondly, physicians observing subtraction SPECT data in detail are naturally
attracted by clusters that are very intense, i.e. having a large excess height. How-
ever, also more subtle differences might be detected if the size of the cluster is taken
into account. Therefore, the empirical method was used to investigate if the clus-
ter extent is an important parameter, besides excess height, for the characterization
of significant differences. We tested this hypothesis using 3-D software phantom
simulations in a number of experiments.

5.2 Materials and Methods

5.2.1 Distribution of Cluster Extent and Excess Height

We determined the distribution of the excess height and the extent of clusters,
observed in the subtraction analysis of simulated perfusion images with no perfusion
change.

An experienced nuclear medicine physician examined the reconstructed images
of patients who received perfusion SPECT of the brain using ??™Tc-ethyl cysteinate
dimer (ECD). The first 10 patients showing a normal brain perfusion pattern were
selected. All SPECT data were acquired with a triple-head gamma-camera (Triad,
Trionix) equipped with LEUHR parallel hole collimators. Data were acquired using
a 128 x 64 projection matrix with 2.54 x 2.54 mm? voxels, obtained in step-and-shoot
mode at 3° intervals over 360°, 15 seconds per projection, and using a manually
defined non-circular orbit. The energy window was centered at 140 keV with a 20 %
width. This acquisition protocol resembles the clinical standard epilepsy procedure
at our department at the time of data collection.
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Three hundred pseudo-random Poisson noise realizations were derived from the
projection data of every individual. Each noise realization was reconstructed ac-
cording to our standard clinical reconstruction procedure for brain SPECT. For that
procedure, the projections are filtered in frequency space using a 2-D Butterworth
filter with cut-off frequency 0.154 cyc/voxel and order 5, see equation (2.21). There-
after, the projection data are reconstructed using FBP and with the ramp filter, see
equation (2.18). Attenuation correction is performed using Chang’s second order
correction method, shown in equation (2.23), and using a linear attenuation coef-
ficient of 0.12cm™~!. For each individual, the reconstructed images were randomly
divided into 150 pairs.

Subtraction SPECT Technique

Subtraction SPECT was applied to each image pair. For every reconstruction A",
a subtraction mask image 0" was defined to identify cerebral voxels,

I < A >02max(A"),

Vi0j = { 0 <= otherwise. (5.1)

Each reconstruction was normalized by the mean cerebral voxel intensity to account
for the amount of injected tracer activity and the radioactive decay between the
injection of the tracer and the acquisition of the data,

~ " OTA\T
A= —L, where LAr = Zkiﬂk (5.2)
HAr >k Ok
For each pair of images A' and A?, a subtraction image was computed by
A; =832 (A - X2). (5.3)

Subsequently, this subtraction image was convolved using a 3-D Gaussian smoothing
kernel with an arbitrary chosen isotropic FWHM of 5 times the voxel size, i.e.
with FWHM = 12.7mm. The smoothed difference images were transformed to a
standard z-score,

Aj —pa

where pia and oa are the mean and the standard deviation of A; for which 6}6? =1.
Supra-threshold subtraction images were obtained by applying a threshold at z > 2.
Supra-threshold clusters were defined by means of an 18-connectivity scheme [Wors-
ley et al., 1992]. The excess height as well as the extent of the observed clusters
were measured.

For each individual, a cumulative distribution function (CDF) was computed
for the measured cluster extent and excess height. Kolmogorov-Smirnov statistical
comparison analysis was applied to the CDF curves to assess the inter-individual
differences. Finally, data of all ten individuals were combined and a general mean
CDF was computed for each parameter.



§5.2

MATERIALS AND METHODS

99

Normalized ictal Normalized interictal
image A! image \?

Smoothed subtraction Supra-threshold
image A! — \2 image z > 2

Figure 5.1: These ?™Tc-ECD SPECT trans-axial slices of a patient with temporal
lobe epilepsy illustrate the subtraction SPECT technique. Image A shows an ictal,
and image B an interictal slice through the temporal lobes. The images have been
normalized to the mean cerebral activity. Image C shows the smoothed subtraction
image. Image D shows the supra-threshold image z > 2, where z has been computed
using equation (5.4). One can clearly observe an ictal hyper-perfusion in one of the
temporal lobes. A surface plot is shown below each image. Images and plots are
scaled to their own minimum and maximum intensity.
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5.2.2 Simulation Experiments

We studied the performance of the parameters excess height and cluster extent for
the detection of induced clusters with two software phantom simulation experiments.

A 3-D software phantom, based on clinical brain MRI data, was constructed.
Four T1-weighted MPRAGE images of the brain of an individual were acquired in
one acquisition session. All images were co-registered and the average MR image
was segmented using the SPM99 software package [SPM99]. The GM segmentation
image was spatially registered to a Y™Tc-ECD brain SPECT scan of the same
individual, resampled to the sampling grid of the SPECT image, and converted to
a binary image, i.e. only ones or zeros. Image registration was done using multi-
modality image registration by maximization of mutual information (MIRIT) [Maes
et al., 1997]. The intensity of the binary GM image was scaled such that a clinical
realistic count level was obtained when projecting the image with the incorporation
of attenuation. The attenuation image was derived from the contour of the head in
the MRI data. This image was used as the baseline phantom.

An activation phantom was made by adding a cluster, acting as a hyper-perfused
region, to the baseline phantom. In the temporal pole of the segmentation map,
which is a region that is frequently found to be involved in epilepsy, we fixed the
central point of a sphere with an adjustable radius. The intensity of voxels com-
mon to the binary GM image and the sphere were proportionally increased. The
induced cluster was restricted to the GM and deviated from a spherical shape when
growing beyond the GM boundary. The activation phantom was characterized by
the effective size, expressed by the number of voxels, and the proportional intensity
increase of the hyper-perfused region. The effective cluster size was varied from 300
up to 1100 voxels in steps of 100 voxels. The proportional increase of intensity was
varied from 4 to 12 percent in steps of 1 percent. We name this the sample space.

The acquisition process was simulated by projection of the baseline and activa-
tion phantom using the same uniform attenuation mask. For every combination of
proportional increased intensity and size of the induced cluster, 50 pseudo-random
Poisson noise realizations were computed for the projection data of both phantoms.
Noise realizations of the projections were reconstructed with the standard clinical
procedure, as described above, and every pair was normalized, subtracted and a
threshold of z = 2 was applied. Each subtraction image was analyzed regarding the
number of clusters, their extent, excess height and spatial location in the brain. In
every subtraction image, the cluster, if existing, corresponding to the induced clus-
ter in the activation phantom, was identified. This cluster was named the retrieved
cluster (RC).

Extreme differences in size or height are easily perceived. In a first experiment,
we measured the sensitivity of detecting the induced cluster in the subtraction image
of a baseline and activation phantom, when looking at either the supra threshold
cluster with the largest extent or the highest intensity. For every induced cluster in
the activation phantom, with a given size and proportional increase of intensity, the
fraction of subtraction images over 50 noise realizations that satisfied this criterion
were measured. In that way, we quantify the detection capability of an induced
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cluster based on the extreme values of the measurable parameters excess height or
cluster extent.

In a second experiment, we analyzed the specificity and the sensitivity of each
parameter for the classification of clusters. We computed cumulative distribution
functions (CDF) of the measured parameter values in the subtraction of images
without any signal present. For that purpose, 550 pairs of noise realizations of the
projection data of the baseline phantom were analyzed.

The CDF curves were used to assign a probability for the parameters excess
height and cluster extent to each observed cluster in the phantom simulation ex-
periment. For every random variable X, which can be either the excess height or
the cluster extent, CDF(z) = 1 — Prob(X > ). This means that for an observed
cluster with value x, the probability of observing a cluster with a value exceeding z
equals 1 — CDF(z), under the condition of only noise. For the phantom simulation
experiment, we have chosen different critical probability thresholds 0 < p. < 1 for
the CDF. Clusters with a CDF value for the parameter excess height, respectively
cluster extent, above p. were considered to be significant for the excess height,
respectively cluster extent.

For several values of p. and for each parameter, the specificity and sensitivity of
detecting the induced hyper-perfusion region were calculated. The fraction of sub-
traction images, in which the RC was significant, was computed. This represents
the true positive fraction (TPF) or sensitivity when using the corresponding thresh-
old p.. The fraction of subtraction images in which a cluster, except the RC, was
found to be significant was also computed. This represents the false positive frac-
tion (FPF) or one minus the specificity. TPF and FPF were calculated for different
sizes and heights of the induced cluster and for different probability thresholds p..
For each parameter, the mean TPF was computed over all applied sizes and excess
heights of the induced cluster, i.e. all samples in our sample space. Similarly, the
mean FPF was computed. To compare the performance of the parameters cluster
extent and excess height, an ROC curve was constructed based on the mean TPF
and mean FPF for different probability thresholds.

5.3 Results

5.3.1 Cumulative Distribution Functions

The cumulative distribution function curves of the measured excess height and ex-
tent of observed clusters in subtraction images of 10 individuals are shown in Fig. 5.2.
These curves show that noise in the projection data can induce considerably large
differences in size and height in a subtraction image. A Kolmogorov-Smirnov statis-
tical comparison test was performed to assess the inter-individual robustness. For
the test, we used the data sets of the individuals with the most remote CDF curves
seen in Fig. 5.2. The test showed p > 0.10 for both excess height and cluster extent.
This means that the distribution function of both parameters are not significantly
different between individuals.
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Figure 5.2: Each curve represents the empirical cumulative distribution function
(CDF) of the excess height (left) and cluster extent (right) of clusters found in 150
thresholded subtraction images. These images are subtractions of reconstructed noise
realizations of the projection data of an individual. Ten individuals were included in
this study.

5.3.2 Simulation Experiments

We analyzed 81 samples with different size and proportional increase of intensity of
the induced cluster. For each sample, the fraction of subtraction images in which
the true retrieved cluster was the cluster with the highest intensity, respectively the
largest extent, were computed. Results are shown in Fig. 5.3.

In the second phantom simulation experiment, the critical probability threshold
pe was first set to 0.95 and the true and false positive fraction of subtraction images
for all samples based on excess height and cluster extent were computed. The results
are shown in Fig. 5.4. The mean values of the TPF and FPF over all samples in the
sample space are:

pe = 0.95 Excess height | Cluster extent
mean TPF 0.70 0.40
mean FPF 0.33 0.02

Thereafter, the probability threshold p. was varied between 0.100 and 0.998 and
the mean TPF and mean FPF of all subtraction images were computed. The ROC-
curve containing the results is shown in Fig.5.5. The area under the ROC-curve
(AUC) based on the excess height is 0.74. The AUC based on the cluster extent
is 0.83. Statistical comparison of both ROC curves was performed using the ROC-
analysis software package ROCKIT 0.9b [Herman et al., 1998; Metz et al., 1998].
The test showed a significant difference (p < 0.0001) between both curves.
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Figure 5.3: Each bar represents the fraction of subtraction images in which the re-
trieved cluster (RC) was the observed cluster with the highest excess (a), respectively
the largest extent (b).

5.4 Discussion

The subtraction SPECT technique which we use, has been based on the method
proposed by O’Brien et al. [1998a]. The method has been dedicated to the presur-
gical evaluation of epilepsy patients. One could question whether the construction
of the brain masks, and applying a threshold of z > 2 for obtaining supra-threshold
clusters, were optimal for the task of detecting real perfusion changes. However, the
implementation of the subtraction method was reported by O’'Brien et al. [1998a], it
has been validated [O’Brien et al., 2000, 1998b, 1999], and it is used for the clinical
analysis of epilepsy patients at our department.

We have described the construction of empirical CDF curves for the parameters
excess height and cluster extent of observed clusters in subtraction images (Fig. 5.2).
Conceptually, the Monte Carlo approach and the construction of the CDF curves is
straightforward. Unlike previous studies [Poline and Mazoyer, 1993; Roland et al.,
1993], our simulations are based on measured projection data. Even though there
is a known considerable inter-individual variation between brain perfusion SPECT
images, the method proved to be robust for a data set of 10 normal individuals. In
practice, this Monte Carlo approach requires substantial computer time. Mainly for
that reason few empirical approaches have been attempted before [Holmes; 1994].
However, the CDF curves have to be computed only once for a given acquisition
and reconstruction procedure.

The first experiment of the phantom simulation study investigated the detection
performance of the parameters excess height and extent using a specific criterion,
viz. the largest parameter values. It showed (see Fig.5.3) that a better detection of
the induced cluster could be achieved when looking at the largest cluster rather than
at the cluster with the greatest excess height in the subtraction image. The mean
sensitivity over the sample space based on extent is about 11 % higher compared
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Figure 5.4: For different samples in size and height of the induced cluster, the true
positive fraction (TPF) for excess height (a) and cluster extent (b), and the false
positive fraction (FPF) for excess height (c) and cluster extent (d) is calculated. The
critical probability threshold p. was set to 0.95.

to the mean value based on excess height. For less intense induced clusters, the
increase of mean sensitivity based on extent can even reach 25 % higher compared
to excess height. This proves what has been assumed before, viz. close congregation
of voxels have more significance than high intensity values [O'Brien et al., 1998a].

In the second experiment of the phantom simulation, we chose initially a 0.95
probability threshold for excess height and cluster extent. Inferences based on this
significance level are commonly used in statistical analysis. The computed TPF
and FPF of subtraction images for different samples in the sample space at this
significance level are shown in Fig. 5.4(a)—(d). Striking is the FPF bar chart of excess
height, which shows an overall high amount of false positives at the 0.95 significance
level, compared to the FPF bar chart of cluster extent. The difference between both
bar charts could be caused by different behavior of the detection parameter at the
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chosen significance level. Therefore, the critical probability threshold p. was varied
to assess the difference in overall performance between excess height and extent.
We chose to construct the ROC curves based on the mean TPF and mean FPF
over the sample space. The ROC curve (Fig.5.5) of extent showed a much better
characterization of clusters and was proven to be significantly different from that of
excess height. This shows that the accuracy of extent in the detection of an induced
hyper-perfusion in a subtraction image is better than that of excess height. The
area under the ROC curve of the cluster extent is about 12 % higher compared to
that of the excess height. Besides the analysis over the whole sample space, we
divided the sample space in subregions and computed ROC curves using the mean
TPF and mean FPF over the subregion. For every subregion, the area under the
ROC curve for the cluster extent was always greater than that for the excess height.
Based on a visual assessment study, others found similar results for the sensitivity
and specificity of subtraction SPECT when cluster extent was used as a criterion
[Spanaki et al., 1999].

One could question the choice of the sample space we made in this experiment.
However, the sample space was chosen in such a way that detection of the induced
cluster was visually not obvious. Detection of induced hyper-perfused regions with
larger values for proportional increase and size seemed to be of no problem. This has
been examined visually with several activation phantoms and their corresponding
subtraction images.

One should consider that large differences between, e.g. ictal and interictal im-
ages, can influence the histogram of the subtraction image and hence the generation
of supra threshold clusters. This will contribute to a lower FPF of the remaining
observed clusters. However, in such cases these differences are obvious in a visual
analysis. In the case of more moderate differences this effect is less prominent.

Further analysis of our method in clinical practice is required to evaluate its value
in the characterization of supra threshold clusters in subtraction SPECT images.
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5.5 Conclusion

We presented a method for the construction of CDF curves for the parameters excess
height and cluster extent of supra-threshold clusters in the subtraction analysis of
perfusion SPECT images of the brain. The method showed to be robust and is
easy to implement. Using the CDF curves, probabilities can be attained to each
observed supra-threshold cluster. These cluster probabilities can provide some help
for physicians in the interpretation of SPECT perfusion changes. Furthermore, we
showed that the cluster extent, besides excess height, is an important parameter for
the characterization of supra-threshold clusters.



Chapter

Noise Suppression and Partial
Volume Correction in Subtraction
SPECT

6.1 Introduction

In chapter 5, we investigated the behavior of the measured excess height and clus-
ter extent of supra-threshold clusters in subtraction images of simulated SPECT
perfusion data of the brain. The acquisition and reconstruction procedures simu-
lated in that study were designed to be comparable to the ones that are used for the
presurgical evaluation of epilepsy patients at our department. We have not changed
these settings during our investigation. However, it is reasonable to assume that,
if the imaging protocol should be changed, e.g. if a different reconstruction method
should be applied, or if the amount of noise suppression should be altered, this would
change the behavior of the excess height and the extent of supra-threshold clusters.
For that reason, we focus in the following study on the role of the reconstruction
and noise suppression technique.

6.2 Materials and Methods

In a first experiment, we investigate the effect of using different reconstruction
methods and post-smoothing kernels on the behavior of excess height and cluster
extent of supra-threshold clusters in the subtraction analysis of simulated brain
perfusion SPECT data in which no signal change was present (data was different
only for the presence of noise in the projections). In a second experiment, we assess
the performance of finding an artificially induced hyper-perfused region using a

107
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variety of reconstruction methods and noise suppression techniques.

6.2.1 Simulation Experiments

A clinically realistic 3-D software phantom was constructed. The phantom was
based on 135 consecutive axial slices of the digital software phantom, provided by
the BrainWeb database [Collins et al., 2002]. The phantom measures 218 x 218 x 134
voxels and has an isotropic voxel size of 1 mm. GM, WM, and CSF were identified by
means of a discrete anatomical model [Collins et al., 1998]. From the GM and WM
tissues, a high-resolution baseline *™Tc-ECD tracer distribution was constructed
such that the blood perfusion of a normal human brain could be simulated. Tracer
activity uptake was set to 100 counts/cm?® within GM and 25 counts/cm?® within
WM. These values relate well to realistic clinical projection data, when taking into
account the effect of uniform attenuation and Poisson noise'. This phantom is
further referred to as the baseline phantom. In a duplicate of the baseline phantom,
the tracer uptake in a 3-D region within GM, more specifically located in the insula,
was increased by 15 %. The size of the region is 7.938 cm?, which corresponds to a
cluster of 487 voxels in the SPECT image sampling space (cfr. infra). This phantom,
which is shown in Fig. 6.5, is further referred to as the hyper-perfusion phantom.
A uniform attenuation image was constructed in which all tissues of the discrete
anatomical model were given a linear attenuation coefficient of 0.15cm=! [Hubbell
and Seltzer, 2004].

The SPECT data acquisition procedure of a clinical SPECT scanner (Triad,
Trionix), used for the presurgical evaluation of epilepsy patients at our department,
was simulated by projecting the baseline and hyper-perfusion phantom data at
high-resolution, i.e. using 1 x 1 mm? detector elements. Projections were performed
over 360 degrees, with a step angle of 3°, using the uniform attenuation image,
taking into account the distance dependent resolution characteristics of a parallel
hole collimator, and completing a circular orbit with radius 20 cm. To make the
simulations of the distance dependent resolution effect of the collimator more real-
istic, we measured the FWHM of the PSF of a thin line source, filled with ?°™T¢,
at a number of distances from the surface of one of the LEUHR collimators on the
SPECT scanner. The results of the measurements are shown in Fig.6.1. The fol-
lowing resolution model, equivalent to equation (2.7), was fitted using the method
of least-squares to the measured FWHM for each distance d,

FWHM?(d) = FWHMZ,, + [o (d + do)]”. (6.1)

This model takes into account the thickness? of the collimator dg, which was 50 mm.
The results of the fit are FWHMj,;; = 3.47mm and a = 0.04, and these values were

IThis was assessed using the projection data of interictal 9™ Tc-ECD scans of two epilepsy
patients, scanned at our department.

2The collimator hole length is 34.9 mm for a LEUHR collimator of the Triad scanner, and the
collimator is not in direct contact with the crystal. Source: user manual of the Triad XLT scanner,
Trionix, Twinsburg, Ohio, USA.
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used for the construction, as well as for the reconstruction of the projection data.
The fit model is also shown in Fig.6.1.

The high-resolution projection data are resampled to a more realistic detector
sampling frequency of 2.54 x 2.54 mm?, using linear interpolation. One hundred
random Poisson noise realizations were computed for the projection data of the
hyper-perfusion phantom, and 200 for the projection data of the baseline phan-
tom. All noise realizations were reconstructed using each of the following three
reconstruction methods:

1. the FBP reconstruction method, preceded by applying 2-D Butterworth low-
pass filtering of the projection data, cfr. equation (2.21). Filter characteris-
tics are: order n = 5, and a cut-off frequency of vy = 0.154 cyc/voxel. At-
tenuation correction was performed using Chang’s second order correction
method (2.23). This reconstruction method has been validated for clinical
brain perfusion SPECT imaging at our department. We refer to this method
by the name CBP.

2. the ML-EM reconstruction method, including attenuation correction, and
correction for the distance dependent resolution effect, i.e. the Gaussian dif-
fusion method as explained in §2.4.2.

3. the A-MAP reconstruction method, including attenuation correction, and
correction for the distance dependent resolution effect, i.e. the Gaussian dif-
fusion method as explained in §2.4.2.

For the ML-EM and the A-MAP algorithm, an iteration scheme with a decreasing
number of ordered subsets was used, consisting of (subsets x iterations): 30 x 10,
20x 10, 10x 10, 1 x 10. The scheme is approximately equivalent to 610 regular itera-
tions. The CBP and ML-EM reconstructions were post-smoothed using a Gaussian
kernel with the FWHM ranging from 0 to 50 mm in steps of 10 mm. For A-MAP,
noise suppression is handled by the Gibbs smoothing prior (3.68). Three different
regularization weights were used for the Gibbs smoothing prior within GM. The
prior weight was set to Og = 10, 50, and 100.
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6.2.2 Subtraction and Cluster Analysis

For each reconstruction method and each noise suppression strategy, 100 reconstruc-
tions of the baseline and 100 of the hyper-perfusion data were randomly selected,
and 100 image pairs were formed. These pairs give rise to a set of signal present
subtraction images. The 200 reconstructions of the baseline data were used to make
100 image pairs. These pairs give rise to signal absent subtraction images.

Subtraction analysis was performed according to the procedure described in
§5.2.1. However, two different subtraction mask images were used. The first sub-
traction mask was designed to select all voxels belonging to the brain, as defined in
equation (3.44),

o[ 1 = fE+ V40 >001,
Vi, _{ 0 <= otherwise, (6.2)

and is called the brain-mask. The second subtraction mask selects all voxels with
at least 50 % GM,

o[ 1 &= [f¢>05,
Vi ;) _{ 0 <= otherwise, (6.3)

and is called the GM-mask. For each subtraction image and for both subtraction
masks, supra-threshold clusters were computed. For every cluster the following set
of parameters were computed:

e the cluster extent, i.e. the number of supra-threshold voxels,

e the excess height, i.e. the maximum z-value within the cluster,

e the coordinates of all local maxima within the cluster, and

e the fraction of the volume of each cluster overlapping with the true hyper-
perfusion region.

Cumulative distribution functions (CDF) were computed for the cluster extent
and the excess height of the clusters observed in the signal absent subtraction im-
ages. The CDF curves were used to assign a probability for cluster extent and excess
height to the clusters observed in the signal present subtraction images. A critical
probability threshold 0 < p. < 1 was defined such that clusters with a probability
exceeding p. were considered to be significant for cluster extent or excess height.

For each subtraction image, the supra-threshold clusters, if existing and over-
lapping with the true hyper-perfusion region, were identified and given the name
retrieved cluster (RC). For several values of p. and for each parameter, both the
specificity and sensitivity of detecting the induced hyper-perfusion region were cal-
culated. The fraction of signal present subtraction images, in which at least one of
the RC’s were significant, was computed. This fraction represents the sensitivity or
TPF for the corresponding parameter and probability threshold p.. The fraction of
signal absent subtraction images, in which at least one of the RC’s were significant,
was computed. This fraction represents one minus the specificity or FPF for the
corresponding parameter and probability threshold p.. To compare the detection
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performance of cluster extent and excess height for each of the reconstruction meth-
ods, noise suppression strategies, and image masks, we constructed ROC curves by
means of the TPF and FPF for the whole range of probability thresholds. The area
under the ROC-curve (AUC) was computed and used as a measure of detection
performance.

The fraction of signal present subtraction images, in which a RC was equal to
the cluster with the largest extent or the highest excess height, was computed. This
fraction represents the sensitivity of detecting the induced hyper-perfusion region
when looking only to the cluster with the largest extent or the highest intensity,
respectively. This quantifies the detection capability of an induced cluster based on
the extreme values of the cluster extent and excess height.

6.3 Results

6.3.1 Cumulative Distribution Functions

The CDF of the measured excess height and extent of supra-threshold clusters,
observed in 100 signal absent subtraction images, and reconstructed using CBP,
ML-EM, and A-MAP, are shown in Fig.6.2. SPECT subtraction was performed
using a subtraction mask for the brain and for GM. Within each plot, multiple
CDF curves represent different strengths of the noise suppression method. For
CBP and ML-EM, this means using different widths of the post-smoothing kernel.
For A-MAP, this means using a varying weight of the Gibbs smoothing prior within
the GM tissue region.

6.3.2 Cluster Analysis

For a more practical implementation of the simulation experiment, and because the
CDF is a monotonic function, we have chosen to use a critical excess height and
critical cluster extent instead of a critical probability threshold p. for the construc-
tion of ROC curves. Clusters exceeding the critical excess height, or critical cluster
extent, were then considered to be significant for either excess height, or cluster
extent, respectively. The critical excess height was varied between z =2 and z = 6
in steps of 0.005, and between z = 6 and z = 20 in steps of 0.01. The critical cluster
extent was varied between 2 and 2000 voxels in steps of 1 voxel, between 2000 and
20000 voxels in steps of 10 voxels, and between 20000 and 30000 voxels in steps of
100 voxels.

The AUC was computed for every ROC curve constructed by the TPF and FPF
at different levels of the critical excess height and the critical cluster extent. Detec-
tion performance, expressed by the AUC, for the excess height and cluster extent
in signal present subtraction images of CBP, ML-EM, and A-MAP reconstructions,
when using different noise suppression strategies, and for the brain and GM sub-
traction masks, are shown in Fig. 6.3. The fraction of subtraction images in which
the retrieved cluster (RC) was found to be equal to the cluster with the highest
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intensity, respectively the largest extent, were computed. These results are shown
in Fig. 6.4.

As an illustration of the performance of the different reconstruction algorithms,
the results of a noise realization are shown in Fig.6.5. The supra-threshold sub-
traction image of a simulated hyper-perfusion and baseline SPECT reconstruction,
using one of the reconstruction algorithms, is shown on top of the baseline recon-
struction. There is no post-smoothing applied for the CBP reconstructions. The
ML-EM reconstructions have been post-smoothed using a Gaussian kernel with a
FWHM of 10mm. For this illustration, the A-MAP reconstructions were post-
smoothed using a Gaussian kernel with a FWHM of 3.81 mm, i.e. 1.5 times the
length of the pixel.

6.4 Discussion

We investigated the influence of the reconstruction and noise suppression method
on the excess height and cluster extent of supra-threshold clusters in subtraction
images of simulated SPECT perfusion data. To make the experiments realistic,
simulations were based on a 3-D high-resolution brain software phantom, and the
simulated acquisition procedure was based on that of a clinical SPECT scanner,
which is used for the presurgical evaluation of epilepsy patients at our department.

We computed empirical CDF curves for the excess height and extent of supra-
threshold clusters in subtraction SPECT data with no perfusion change, when using
CBP, ML-EM, and A-MAP, with a variety of noise suppression settings, and using
a brain and GM subtraction mask. This procedure is similar to what has been
described in §5.2.1. The CDF curves, shown in Fig. 6.2, demonstrate that noise in
the projection data can induce supra-threshold clusters with a considerable large
extent and excess height. Moreover, the shape and range over which the CDF
curves evolve, shows strong variation between reconstruction methods and strengths
of the applied noise suppression technique. This means that visual or quantitative
assessment of differences between SPECT images can be difficult when the data have
been reconstructed using different reconstruction or noise suppression techniques.
A similar problem can occur when different acquisition methods have been used.

The CDF of the excess height for CBP shows no change for different widths
of the Gaussian post-smoothing kernel. We attribute this effect to the underlying
FBP algorithm, which provides an un-weighted least-squares solution to the recon-
struction problem (cfr.2.22). If two reconstructed images only differ by their noise
content, which can be approximated by a Gaussian distribution, and if both images
have been normalized and subtracted, then the subtraction image is also Gaussian
distributed. Moreover, if the subtraction image is subsequently post-smoothed us-
ing a Gaussian kernel, and normalized to a z-score, then the distribution of the
intensity of the z-score image is normal. Indeed, we observe that the CDF of the
excess height for CBP follows the CDF of a truncated normal distribution above 2
standard deviations.

For the ML-EM reconstruction method, increased post-smoothing results in a
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AUC - Excess height

AUC - Excess height

Figure 6.3: Each curve represents the AUC for the excess height (first column) and
cluster extent (second column) when using CBP, ML-EM, and A-MAP with different
smoothing kernels and prior weights. Subtractions for this detection experiment were
performed for all voxels belonging to the brain (first row) and for all voxels with at
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gradual reduction of the excess height of supra-threshold clusters. Hence, increased
post-smoothing seems to narrow the distribution of the subtraction image for ML-
EM, as opposed to CBP. For A-MAP, the excess height shows a similar effect when
the subtraction is being performed for the GM mask. When the brain mask is used,
an increase of the prior weight leads to clusters with very high excess heights. We
attribute this effect to isolated or very small clusters of voxels that are not con-
nected to the large group of voxels in subset G, i.e. the subset of voxels containing
at least some GM (cfr.3.46). The presence of these isolated or very small clusters
of voxels in the GM segmentation image is not expected, because of the morpho-
logical shape of the human brain. Actually, this effect is due to a combination of
noise in the MR data, and misclassifications by the segmentation algorithm. As a
result, the neighborhood of the Gibbs-Markov prior in the A-MAP reconstruction
method is almost unable to “see” these voxels, by which they are practically left
to be unconstrained. These voxels can then give rise to high intensity values in
the reconstructed image with large estimation errors. Eventually, these voxels may
induce large differences in the subtraction images for A-MAP, which can be seen by
the shape of the CDF curves for the excess height.

The CDF of the cluster extent for CBP shows that supra-threshold clusters have
gradually larger extents when the width of the post-smoothing kernel is increased.
The CDF of CBP for the excess height and for the cluster extent are comparable
to the results which were obtained in previous experiments (§5.3.1). The ML-EM
reconstruction method shows a more complex pattern for the CDF of the cluster
extent. For moderate post-smoothing, the effect on the CDF curve is similar to
that of CBP. However, when excessive post-smoothing is applied, the distribution
becomes more and more dominated by a larger fraction of clusters with rather
small cluster extents, and a smaller fraction of clusters with large cluster extents.
For A-MAP, the CDF of the cluster extent remains practically unchanged when the
prior weight is varied. Furthermore, it seems that the measured extent of clusters
are in general much smaller for using the A-MAP reconstruction method, than for
ML-EM or CBP. We attribute this effect to the combination of resolution recovery,
noise suppression by means of multiple priors, and the partial volume correction
framework of the A-MAP algorithm.

We assessed the detection performance of each reconstruction method and noise
suppression technique using ROC analysis. The ROC curves were converted to AUC
values such that different reconstruction methods could be compared. The results
that were obtained for CBP and ML-EM show that the detection performance is
improved, for the excess height, as well as for the cluster extent, when Gaussian
post-smoothing is being applied. Moreover, the detection performance continues
to improve when the width of the post-smoothing kernel is increased. However,
between 20 and 30 mm FWHM, the AUC reaches optimal performance levels. It
has been shown that the highest signal-to-noise ratio is achieved by matched filter
smoothing, however at the expense of a reduction in resolution [Tanaka and Tinuma,
1970]. Indeed, the volume of the induced hyper-perfusion lesion equals 7.938 cm?,
which is approximately equivalent to a sphere with a diameter of 24.75 mm. Ad-
ditional simulation experiments and ROC analysis have shown that the detection
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performance drops for kernel widths above 60 mm FWHM.

The AUC values for simulations without post-smoothing are systematically
higher for CBP than for ML-EM. The reason for this effect is that the CBP recon-
struction method includes Butterworth low-pass filtering of the projection data. The
pre-processing of the projections make that the CBP reconstructions are smoother
than the reconstructions obtained by the ML-EM method. The difference in de-
tection performance between CBP and ML-EM disappears gradually when post-
smoothing is being applied. This is because the smoothness of the reconstructions
become more and more dependent on the post-smoothing kernel, as opposed to the
initial smoothness imposed by the reconstruction method. The cluster extent shows
a better detection performance than the excess height for CBP and ML-EM when
the kernel width is below 20 mm FWHM. For CBP, this confirms the results which
were obtained in §5.3.2. In that study, the mean AUC for excess height was 0.74,
and for cluster extent 0.83. In this study, we obtain AUC values of 0.78 for excess
height and 0.87 for cluster extent, when no post-smoothing is applied.

A-MAP shows a lower detection performance for the excess height than for the
cluster extent. Again, we attribute this effect to the presence of isolated or very
small clusters of voxels that are not connected to the large group of voxels in sub-
set G. These practically unconstrained voxels give rise to large differences in the
subtraction image, which shows a reduction of the detection performance for the
parameter excess height. On the other hand, the results for the detection perfor-
mance of A-MAP based on the cluster extent, are comparable to the optimal values
for the detection performance obtained by CBP and ML-EM. Although increased
post-smoothing, performed after CBP or ML-EM, gives improved detection per-
formance, it has the disadvantage that the localization power is gradually being
decreased. A-MAP does not have that problem, as can be seen in Fig. 6.5.

The curves showing the fraction of subtraction images in which the RC is the
cluster with the highest excess or the largest extent for CBP and ML-EM follow
a behavior which is quite similar to that of the AUC. The fractions of subtraction
images grow when Gaussian post-smoothing is being applied, and reach a maximum
for kernel widths between 20 and 30 mm FWHM. These results are similar to those
obtained for the AUC, and they are in agreement with the matched filter theorem
[Tanaka and Iinuma, 1970]. Additional simulation experiments have also shown
that the fractions drop for kernel widths above 50 mm FWHM.

A-MAP shows a different behavior than CBP or ML-EM. Due to the presence
of isolated or small clusters of voxels which produce large differences, the fraction
of images in which the cluster with the highest excess equals the RC is zero for
using the brain subtraction mask. For using the GM subtraction mask, the fraction
grows when the weight of the prior is increased. On the other hand, the observed
cluster with the largest extent equals the RC in almost all images when the prior
weight exceeds 50 and for using the brain as well as the GM subtraction mask. The
results of this experiment, and those of the CDF curves for A-MAP, show that the
algorithm produces in general much smaller clusters of which the smallest ones are
more unconstrained.

Further analysis of this method in clinical practice is required to evaluate its
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value for the detection and characterization of epileptogenic regions in subtraction
SPECT.

6.5 Conclusion

In this simulation study, we have shown that the subtraction analysis of ictal and
interictal SPECT perfusion data can be formulated in a probabilistic framework.
Furthermore, the use of strong post-smoothing improves the accuracy and perfor-
mance of the technique for using CBP or ML-EM. When high-resolution MRI is
available, anatomy based reconstruction of SPECT data can lead to similar results
without the need for post-smoothing and loss of localization power.



Chapter

General Conclusion

“If we want to solve a problem that we
have never solved before, we must
leave the door to the unknown ajar.”

RICHARD P. FEYNMAN
(1918-1988)

7.1 Main Contributions

The work performed within the scope of this dissertation has yielded some contribu-
tions to the field of medical imaging. These contributions involve the improvement
of emission tomography techniques for the presurgical evaluation of patients with
refractory partial epilepsy. The primary aim of this work has been to reduce the
influence of image degrading effects on the detection of epileptogenic regions in
ECD-SPECT and FDG-PET data. We have been focusing on the correction of the
partial volume effect in PET and SPECT, and on the influence of noise, the noise
suppression technique, and the reconstruction method in the subtraction analysis
of SPECT data.

We investigated the origin and influence of the partial volume effect (PVE) in
PET and SPECT, and we studied its consequences for clinical decision making. A
broad range of partial volume correction (PVC) techniques, which were found in
scientific literature, have been analyzed. We reviewed post-processing and statisti-
cal based PVC techniques. Although a whole variety of PVC methods have been
proposed, we developed a new method which we abbreviated as A-MAP [Baete
et al., 2004a,b]. In contrast to other PVC methods, A-MAP has been designed to
perform PVC of the GM tissue during statistical reconstruction of the projection
data. The algorithm makes use of segmented MRI data and includes specific as-
sumptions about the pathology which allows for the use of more a priori knowledge
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during the reconstruction, as opposed to other PVC methods. The assumptions on
which A-MAP has been based, as well as the mathematical derivation of the iter-
ative reconstruction algorithm were presented. Furthermore, we proved that the
objective function which is optimized by the algorithm has no multiple local max-
ima. We illustrated the PVC properties of the reconstruction algorithm by means
of a proof-of-principle simulation experiment.

We performed extensive evaluation of the new reconstruction algorithm [Baete
et al., 2004a]. We used a number of 2-D and 3-D software phantom based simulation
experiments to assess its performance. For that purpose, a realistic 3-D brain soft-
ware phantom was constructed from which segmented MRI, PET, and SPECT data
was derived. We investigated the use of perfect and imperfect anatomical informa-
tion provided by the segmented MRI data using 2-D based simulations. Imperfect
anatomical information decreased the detection performance of the algorithm. Us-
ing 3-D based simulation experiments, we looked at the influence of the anatomical
prior weight, the effect of small misalignments between the anatomical informa-
tion and the emission tomography data, and the effect of local segmentation errors.
A-MAP showed to be robust for variation of the anatomical prior weight, small
misalignments, and local segmentation errors. We have used figures-of-merit, such
as the signal-to-noise ratio, bias, and variance, to assess the performance of A-MAP.
We designed a human observer study, which involved the contribution of multiple
nuclear medicine physicians and residents-in-training of our department. We as-
sessed the performance of detecting hypometabolic regions in simulated FDG-PET
data when using A-MAP and the ML-EM reconstruction algorithm. The overall
detection score for A-MAP was for each human observer higher than that of ML,
indicating a benefit of using A-MAP for the detection of hypo-metabolic regions
in FDG-PET data. Finally, we used FDG-PET and MRI data of a patient with
refractory partial epilepsy to illustrate the applicability of A-MAP in clinical prac-
tice.

We studied the influence of noise on the subtraction analysis of simulated ictal
and interictal ECD-SPECT data. We proposed a method for statistical based char-
acterization of supra-threshold clusters in subtraction SPECT [Bacte et al., 2002].
Supra-threshold clusters are characterized by their excess height or extent. We ana-
lyzed the behavior of the excess height and extent of the clusters under the influence
of noise only and used these results to assign a probability under the null hypoth-
esis of no real physiological change to each observed cluster in subtraction SPECT
images. The reproducibility of the approach was assessed by means of 3-D soft-
ware phantom simulation experiments. The size and intensity of an induced hyper-
perfused region was varied and multiple simulation experiments were performed.
For different probability thresholds, sensitivity and specificity for the detection of
this induced region was measured. ROC analysis showed a better detection perfor-
mance when based on the cluster extent. We concluded that the cluster extent is an
important parameter for the characterization of significant supra-threshold clusters
in subtraction SPECT images.

Finally, we studied the influence of noise suppression and the use of different
reconstruction methods on the characterization of supra-threshold clusters in sub-
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traction SPECT image. We analyzed the behavior of excess height and extent of
clusters under the influence of noise. The empirical method for the assignment of
a probability under the null hypothesis of no real physiological change was then
used for the detection of an induced region of hyper-perfusion. For different proba-
bility thresholds, sensitivity and specificity was measured for all noise suppression
techniques and reconstruction methods. ROC analysis showed that strong post-
smoothing improves the detection performance when using the CBP and ML-EM
reconstruction methods. The difference between the detection performance of the
excess height and the cluster extent disappeared when using larger widths of the
post-smoothing kernel. The use of A-MAP showed similar results for the cluster ex-
tent, but without the need for post-smoothing. This might improve the presurgical
localization accuracy of epileptogenic regions.

7.2 Suggestions for Future Research

Clinical Evaluation

In this dissertation, we have been working primarily with realistic software phantom
simulation experiments for the evaluation of new techniques, because the ground
truth is seldom known in patient studies. The next step is to evaluate the new
techniques more thoroughly in a clinical setting. However, the evaluation and clini-
cal validation of medical imaging and image reconstruction techniques is inherently
difficult, and can sometimes be unconvincing to the medical imaging community.
There is a clear need for guidelines how to evaluate reconstruction techniques and
other image processing issues in PET and SPECT [Zaidi and Montandon, 2006].

Nevertheless, physicians are currently evaluating the usefulness of A-MAP in
a clinical setting using a retrospective study. We selected FDG-PET projection
data of well documented patients with refractory partial epilepsy and for which
concordant results have been obtained. The projection data have been reconstructed
using ML-EM and A-MAP. A nuclear medicine physician and a neurologist have
been asked to perform independent inspection of the reconstructed data and report
all abnormalities by means of a region based approach. For that purpose, the
reconstructed images have been aligned with a template. Although we do not
have a real golden standard, we will try to compare the techniques and investigate
whether the observed abnormalities are consistent with the pathology. Especially
the effect on the clinical decision making is important.

With the development of A-MAP, we obtained a PVC technique for the GM ac-
tivity distribution in emission tomography data of the human brain. An interesting
side-effect of A-MAP is the estimation of the GM fractional activity distribution
for voxels which are classified as containing at least some GM tissue (cfr. §3.4.2 and
Fig. A.1 on p.129). In this work, we have not investigated the usefulness of this
information. However, we expect that this additional knowledge might help for the
inspection of regions containing a mixture of GM and WM.

For A-MAP, we imposed assumptions on the activity distribution within WM.
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If A-MAP should be used for other neurological applications in PET or SPECT,
a problem might occur regarding the uniformity assumption of the WM activity
distribution. Further clinical evaluation should reveal what the implications are
when this assumption is being violated.

Multi-modal Imaging and Signal Processing

During the course of this dissertation, some important improvements have been
made in MRI and EEG. These imaging and signal processing modalities are essential
for the general evaluation of patients with refractory epilepsy.

Srivastava et al. [2005] developed a methodology for the automatic detection
of focal cortical dysplasia by means of an improved segmentation strategy which
reduces misrepresentations of tissue segmentations. An increasing number of studies
show that focal cortical dysplasia are related to epileptogenic lesions in many cases
of refractory partial epilepsy. Further understanding of focal cortical dysplasia is
required and needs more investigation of the correlation between functional imaging
and pathological analysis of surgically resected cortical samples [Palmini et al.,
2004]. We also believe that further improvements to the segmentation of MRI data
may have a beneficial effect on the performance of A-MAP [Srivastava et al., 2001].

De Clercq et al. [2005] developed a new technique for the removal of scalp EEG
artifacts, caused by sources other than the brain, which might obscure the epilep-
tiform activity within the EEG recording. This technique may allow to detect
seizure onset much earlier than other methods, and obtain a better localization of
the epileptogenic region. The combination and integration of the results obtained
by these new imaging and signal processing techniques may shed new light on the
understanding of epileptic seizures. Therefore, it is important that each of the dif-
ferent techniques are optimized and that methods for integration of the information
are developed.

Extensions of A-MAP

A-MAP may be extended to brain imaging protocols in which tracer molecules
other than ¥F-FDG or 9" Tc-ECD are used, or to other pathologies. However, for
each application, it will be required that the assumptions underlying A-MAP are
validated. Further investigation has to show the potential usefulness of A-MAP in
these conditions.

Another important and useful extension may be the application of A-MAP to
measured projection data of dynamic acquisition protocols. Dynamic studies are
mostly used for quantitative assessment of the kinetic behavior of an administered
tracer molecule. Of interest to the investigators are the uptake and exchange of the
tracer molecule during the course of time into different compartments. Dynamic
studies are an example of measuring in extreme conditions. The count levels in
the projection data are low due to the short duration of the acquisition frames, by
which image noise levels are high. Straightforward noise suppression, such as image
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post-smoothing, is avoided because it may destroy the quantitative accuracy of
the measurement. However, also in this situation the measurements are influenced
by the PVE. There are different approaches for application of PVC techniques in
kinetic modeling. One is to perform PVC after kinetic modeling of the data, or
before. We believe that the data should be corrected before the model is applied
and A-MAP is obviously the method of choice.

In recent years, the imaging of small laboratory animals using dedicated equip-
ment, like e.g. micro-PET and micro-SPECT, has shown to be a valuable tool for
fundamental biomedical research. This new emerging research field, often referred to
as molecular tmaging, aims at the pre-clinical analysis of, and search for, new drugs
and tracer molecules, imaging of enzymes, receptors, and the expression of genes
in vivo. In some applications, quantitative analysis may be important, and even
though the spatial resolution of the imaging equipment may be sufficient, there may
be a need for PVC of the obtained images. Simultaneous to this work, Dirk Bequé
developed a technique for the calibration of the sensitivity and acquisition geometry
of high-resolution pinhole micro-SPECT [Bequé et al., 2003, 2005]. Application of
A-MAP could represent a suitable regularization of the under-determined problem
of pinhole and multi-pinhole image reconstruction. We anticipate that the use of
A-MAP yields a significant improvement of image quality in these applications.

In a number of applications, state-of-the-art medical imaging may require that
the anatomical and functional images of the subject are available and spatially
aligned for visual inspection. In clinical oncology, for example, simultaneous in-
spection of CT and PET images may be required for an optimal assessment of
the condition of the patient. For that purpose, multi-modal image registration
techniques have been developed to align the images. In recent years, however, a
more practical solution has appeared with the development of a combined PET/CT
scanner [Townsend and Beyer, 2002]. For certain PET/CT applications in which
PVC might be needed for a specific organ, we believe that A-MAP might be useful.
Again, further investigation should assess its applicability.

However, anatomy and function in PET/CT are not acquired simultaneously,
but consecutively. In some studies, the reconstructed images of the two modalities
are not always fully aligned and image registration techniques are therefore still
being required. A similar technological evolution of multi-modal imaging is taking
place between MRI and PET. Some research groups have successfully investigated
the compatibility of PET acquisition hardware inside the magnetic field of an MRI
device [Shao et al., 1997; Slates et al., 1999]. We expect that, within a few years,
true simultaneous MRI and PET will be commercially available. It is likely that
many potential clinical applications for combined MRI and PET will soon appear
[Marsden et al., 2002]. A-MAP may already be one of these applications.

Subtraction Technique

The SPECT subtraction method, which we described in Chapter 5, supplies infor-
mation about the extent, excess height, location, and the cluster and excess height
probability for each of the observed clusters in a SISCOM analysis. This approach
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may be useful as a supplemental tool for the evaluation of SISCOM data. Physicians
may choose to use a certain probability threshold to retain only significant clusters,
and ignore those attributed to noise. Preferably, this approach should be evaluated
using a large number of SPECT studies. Retrospective analysis may compare the
results obtained by SISCOM with the post-surgical outcome. In that analysis, it
may be useful to compare the geometry of the surgically resected region with the
outline of the epileptogenic cluster obtained by SISCOM, and correlate the results
with patient outcome.

The subtraction technique may also be used to compare images of a patient
in two conditions, when using the same imaging modality and acquisition proto-
col. For example, cerebral perfusion imaging with and without administering of the
drug acetazolamide (Diamox®) is a commonly used test for the vascular reserve
in patients suffering stroke, transient ischemic attacks, or arteriovenous malforma-
tions. Patients showing positive reaction to the drug have a better prognosis for
intracranial bypass surgery.

The normalization of emission tomography images prior to subtraction is cru-
cial because the global tracer activity in the brain is not necessarily equal during
acquisition. How to perform the normalization step remains to be a subtle issue,
because the developed methods are difficult to validate, and the underlying epileptic
pathology is largely unknown and unpredictable [Boussion et al., 2002; Vandecan,
2004]. In this work, we have been using a heuristic method for the construction of
the reference region which is used to determine the mean activity (cfr.5.2). More
research is however needed on this topic. Segmented MRI data might be used to e.g.
use WM as a region for normalization, especially in combination with an A-MAP
reconstruction of the SPECT/PET data.



Appendix

A.1 Proof of Concavity

We prove that M, which is the logarithm of the prior defined in equation (3.64), is
concave if the term M®, which is defined in equation (3.68), is concave.

A function M is concave if and only if the Hessian, i.e. the matrix of second
derivatives of M, is negative semi-definite, or
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Since the sum of concave functions is concave, it is sufficient to prove that
MY, M€ and MR, defined in equations (3.65), (3.66), and (3.67), respectively, are
concave. It is clear that MC is a concave function. Then, it remains to be shown
that M™ and M® are concave. We proof this for M = M"Y, given by

> 0 fr A
M=— P)AD VNS R— A2
ﬂwj% NS, (A.2)

S

Without loss of generality, we can assume that Gy = 1.

Proof. The first derivatives of M are

o, ;0 p— ()\] p— ET Op frar = j#k (A.3)
oMy, 5,;Wfk 1 W
oy —6, <1— e Ak pra ET O fre (A.4)

125



126 APPENDIX A

with nyw = Z 5?’ fs- The second derivatives of M are
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with N = Z (5§W. The second term of (A.9) can be written as

0°M
_ A.16
; TR OAON (A.16)
kL
82 QMJ
_ AT
zl:x’““w oA +; D ARON +§ O (A.17)
kL kL i
i#k
J#l
= Zxkxgégylfl (1 - fk) + Zxk$l5lzwli <1 — fl)
nwy nwy
k.l k.l
kL kL
— Z l‘kxl(sym-fkijl (A.18)
, niy
k,l,j
k£l
7k
il
St {2 (1= £) o 2 (1 L))
5l nw nw nw
kL
A% fkfl W
_ Zx,ﬁxl(sm@ Zéj (A.19)
k.l j
kL j£k
J#l
TrTO4y frhi frfi
:Z =\ fetfim2— ) = (N=2)—— (A.20)
Kl nw Ty nw
kL
a:ka:gzsw
=D = <fk +fi— kaﬁ) (A.21)
kol oy w
kL

with (5% = 0,'6)". Then, equation (A.9) can be written as

>l (12t oK) +ZW“5“ (s - 2E) <o az
P’ oy

nyy nW

k;él
which is equivalent to

_Zxk(sw Zxknld’”(f - Nf’“fl> (A.23)
W

k,l

The inequality that still has to be proven is

2
2 N
- (2}; xké,iw> <§kj xkfké,;“’> < Ek:xia,;w T (2}; Tk fka,;W> (A.24)



128 APPENDIX A

Consider
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Then, combining (A.26) and (A.30) proves (A.24). The proof for the concavity of
M = MP® is similar. Hence, the logarithm of the prior M in (3.64) is concave if M©
is concave.

A.2 Implementation of the A-MAP Reconstruction Algorithm

The implementation of the A-MAP reconstruction algorithm is summarized by
means of pseudo-code in Fig. A.1. The projection based on system matrix 3
is implemented as

1
ST => (1-69)eih + %Zagwf]mj A 6%

jel jel Jj€J Jj€J
sinogram weight sinogram
+ S SCFON |- Ceii fE + ) 6%e, fENG (A.31)
ne idi N 5 Ciilj 5 il 2 :
j€J jel jel

weight sinogram sinogram



IMPLEMENTATION OF THE A-MAP RECONSTRUCTION ALGORITHM 129

A-MAP reconstruction algorithm

Initialization of A*: A¥ « 1
Pre-computation of ¢j; using equation (3.62)
Tterative loop:

for n: 1 — number of iterations do begin

P — ZCU ; (projection)

Bj—» ci|=—-1 (back-projection)
71] ,L

B; +
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A=A+ A% (update)

endfor
Transformation to A using equation (3 70):
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Figure A.1: Pseudo-code of the implementation of A-MAP. For the description of
the variables see §3.4.2.

and the back-projection of a sinogram x; is implemented as
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