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Advanced image processing in radiology
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IL 15 clear thal radwology s in the process ol
making a lransibon belween “analogue™ imaging
and dimial magme. While this has the benelit ol
enablng dectromc retneval, archiving ele. (the
piciure archiving and communicalions system held
which s covered clsewhere in thas ssue), the dala
are also available for wse in so-called advanced
mage procesang. [However, the aim of mmage
processing should nol be just W produce pretlier
piciures, bul o extract pood climcal mloma-
bon, and a kembmale guestion 15 — 15 advanced
immage processing n radwlogy reguired? However,
advanced processing methods need Lo mcorporate
chimcal knowledpge and be defined usmg cimical
constramis. The contmuwng advances m hardware
perflomance have made many previously compula-
bonally unallractive methods feasible, an example
being ileralive reconstruction m lomography,
which 15 now routine in nuclear medicine, bul not
CT. Both hnear and non-linear operations can be
consilered, mcludimg the imporiant topc of model
hitng, where lwo classes of method are mmportant:
data driven and hypolhesis dnven. Examples ol
data driven methods are pnnapal component
analysis, (aclor analysis and independent com-
ponent analysis, where the model s denved (rom
the data. Ilypolhesis dnven methods are all
mmphally or exphatly based on model hibng; a
prehminary data dnven step lfollowed by hypolhesis
driven approaches whach could be called con-
stramed stabisiical ymage analysis. Examples are
shown as wsed m noechesr medwane and MRIL
Anolher imporiant problem i radwlogy s that ol
multimodahly mage regstration and Mesion. In the
analysis of such dala, tesls agaimnst reference data
sels (allases) are reguired, normally requinng
warping Lhe dala sels m space, lor example by the
use of oplic Now, or some kind of diTusion equa-
ton. Real-ime analysis of data dunng acqusibon
can lead Lo optimizaton of acqusition procedures,
which = an example of mlelhgenl image acqus-
ton. Incorporation of such mmapge analysis lech-
migques mlo a decsion supporl syslem 1 haghly
desirable. The avallabahily ol distnbuled mage pro-
cessang and data, usually called “pnd” computing,
15 hkely Lo sipmilicantly change Lhe Lypes of methods
ustid and their avalabality.

The advances in compuler hardware over Lhe last

decade are remarkable. We can nole a gain in speed
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Summary

® Hadilogy is in the process of making a
transition betwean “analogue™ imaging and
digital imaging and betwean two-dimensional
and three-dimenstional imageng.

® Advanced processing methods need (o
incorporate clinical knowledge and be defined
using clinical constraints.

® Two classes of method are important: data
driven and hypothesis driven.

#® In the analysis of such data, tests against
reference data sels (atlases) are required.

& The availability of distributed image processing
and data, usually callsd “grid” computing, is
likely to significantly change the types of

. methods uwsed and their availability. )

of conventonal personal compulers of aboul a
[aclor ol 2 over Lhe lasl 3 years. The progress scems
Lo be contimumng inle the fulure. This gaim m per-
[ormance has made possible many new methods,
which previowsly could nol be conlemplated at
beast m routne, now pracbcal. One change
which can already clearly be observed 1= the change
[rom wo-dmensional (2D) imaging (lor example
ol CT shees) o 3D acgusibion and volume display,
as a resull of the mpact of sparal CT scanners (and
advances in MREI and wlirasound). However, ths
mmprovement n performance has been accompan-
wd by, or has resulicd in, a conswderable increase
mm Lhe quanbity of dala available, a pood cxample
bemg [rom smgle cardiac transaxal shees o paled
3D acqusibons m ME and ultrasound and CT.
However, a key reguirement s nod qust o do
somelhing [asler, bul o perform a lask Lthal wall
enhance Lhe value of the resulls.

Ome specific 1ssue has been with respect o Lhe use
ol parallel processing compulers, as opposed Lo
convenbonal senal machines, where progress i the
latler has made the use of the lormer redundant.
Indeed, 1t has been sugpesied that [or cerlam very
larpe problems, il tmght be beller Lo wail lor the

mmprovemenl of specd of hardware m order 1o
complele the task laster than tackhng 1l straght
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away on current slower hardware! OF course the
mmprovemenl in hardware has also been accom-
pamisd by an mcrease o Lthe overhead wsed by
operaling syslems and certam well known packages
where no perceplible gam i performance i obvious
Lo the end user. However, this mitabion does not
normally apply lo image processing Lasks requared
m radidogy, which are muech more compuier
mlensive Lhan lor example a word processor, and

A sccond 1ssue has been Lthe imcorporation of
smarl processing as parl of the (mlelhgent)
acquisiion stage of vanous devices, mcorporaling
microchips, such as DSP processors withim the
signal processing components of the detectors. Tt
has as a resull been dillicull o distmpumsh pure
acquisiion [rom pre-processing, and o provide a
clean mierface between acquisiion and processing.

Advances in conventional image
processing and image reconstruction
Having acqguired pood data, we necd o do
somelhme with them. Convenbional image proces-
sing mcludes such operations as nose reduction,
sepmenlation and regon denbicabon, and 1image
display. Translorms and hOliers form very basic
mmage processing lools (see lor example [I]).
Lssenbally one chooses an appropnale sel ol basis
lunchion (lor example smusowds), a transform ([or
example Founer) and then one hllers Lthe “eigenval-
ues . Fillenng s just the process of reconsbluling
Lhe modhlicd version of the ongmal data as beng a
weighled sel (Lthe hlier) of the cipenvalues multipled
by thar corresponding basis lunctions. While this
15 well understood in the Founer Iregquency domezan,
such operabions may be gencralized by choosing
olher basis lunchons, for example as o the
Karuhen—Loeve transform. In addition the process
may mclede constrasmng Lthe Gllernng process by
meithods which may be called regularcabon. The
arm of the [llerme process s normally o alter the
properbics of Lthe mage, lor example the nose
characlensbcs. Such a [llenng operabion 15 hnear,
bul non-hnear methods such as amsotropic blurmng
are also ol considerable mierest. An example ol
consderable mierest, [or example lor delecling
change, 15 thal of Kalman hillenng [2, 3.
Tomographic reconsiruction s an example of the
solution of an mverse problem, which = another
basic lools m image processing [4]. Here the key
[eature 15 Lo sel up a good [orward model relatmg
any scl of solutions; i CT the allenualion map
{cleciron density disinbubion) A m the pabent or
object, and the observations O thal these would
penerale. This may be expressed m matrnx nolabion

0O=FA
where () and A are normally given in vecloroeed
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f[orm and F & termed the lorward model or
operalor. The problem 15 then o choose a pood
melthod lor solving thes rather large sel of simul-
lancous cgquabions. Al presenl Lhe mosl common
melhod of performmg this Lask m CT s by hillered
backprojecion, bul an ilerative method such as
maximum hkehhood expeclabon  maximizabion
(MLEM) or ordered subsel expeclabion maximiza-
uon (OSEM) should be a considerable mprowve-
menl using an equabon of [orm:

= S|k o
i &

where mis Lhe ath ilerabion, a; s the jih clement of
the guessed solubion A, /. 1= an element of the
[orward operalor and o; 15 the fith clement of the
observabions 0. In reality, thes operabion s rela-
bvely easy Lo understand. An ilcrative approach s
uwsed where a” 15 Lthe current puessed image. The
expression between Lthe square brackels s just the
ralio of the prediction of whal the observed data
would have looked hke, comng [rom thes pucssed
mmage (Lhat 15 the Torward “projecied™ puecsses)
drvided by the real observed data. IF thes rabio s
one, Lhen the guess [is the observabion. [owever,
this rato of observabions needs W be converled Lo
correcions [or the pixels m the mape, whach s
performed by the lerm precedimg the square brackels.
The resultmg value s then used Lo modily the current
puess al Lthe cormesponding poel. This coninues unl
we [Ind some pood reason Lo stop (which 1z nol as
casy as il sounds). Two standard methods are used:
MLEM and OSEM, where the advantapge of the
latter 15 [aster convergence. Both methods are
considerably beller in lerms of sienal o nose rabo
and the reduwcton of arlefacts than convenbonal
filtered backprogection, bul are al least an order
slower. However, progress m compubmg (Moone's
baw) sugeests Lhat thes should nol remam a problem
[or very much longer. However Lhe dramabic mcrease
m volume of data resulung from, [or example, spiral
CT goes m the other dircciwon. Sparal CT data also
require some addional relinements Lo produce ngh
guahly solropie data, in parbcular when workmge
wilh images aller conlrast medium myecbon.
Anolher mathemabical lechmgue called regular-
cealion can be used Lo mpose addibonal constramis
Loy the solution and can be very helplul [5). A typacal
[orm of regularcabon = Lo mimmcae nol just Lhe fiL,
Le. Lhe distance, between observations (O and the
cormespondmg solubion values peneraled, which
were peneralod rom the puessed solution (A) by
applymg Lhe lorward model (F), bul also, al the
same lme, mimmeang some properly of the
reconsiructed mmage or solubon, for example 1ls
smooLhness, Thas s normally oblamed by applying
a repularcang operator (R) o that solution, lor
example an estimale of smoolhness. A common
[orm [or the operator R[] i o look al a denvalive,
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for example the Orst or second. Thus we ind the
best solution m Lhe keast squares sense which 1s also
Lhe smoothest, for example. Regularzed reconstruc-
bon can be of help where noise levels are high,
lor example m nuclear medicme, bul also where
data are undersampled, for example cardiac MRI.
Compulmg bme—aclivily curves or uplake rates for
contrast medium m CT and MRI can be perfformed
more accuralely mdirectly by use of the ongmal raw
projechion dala, rather than by delimng a regron ol
mlerest on Lhe reconstrucled dala and denving the
Limz curve direcUy from the reconstructed sequence.
This has particular mlerest i non-hnear (model
based) magmng apphcations such as electneal
mmpedence  lomography, opucal wmography and
even allenuabtion correclion m nuclear medicime.

Image processing and the imaging chain

Image processmg occupies only one parl ol
the magmng chamn, as illusirated i Mgure 1. The
mmaging cham starls wilh acgusion and pre-
processing W make gpood clean data avalablke.
Image processing as such s a precursor Wo the stape
of image mierprelabion and decision making. This
process has o be mlegraled wathm a system of
viahdabion and evaluatwm. Finally other data than
mmages necd o be mlegrated.

Thus the armms as such ol mage processing can be
descnbed as sty detection, secondly measure-
menl and hence, Onally, descnption. While the
problems of detection have ollen dommnated the
arca of medical image processing, the problems of
image mlerprelation are in the process of becommg
consilerably more importanl. This may be illus-
Lraled by some examples. One such example 15 the
handlng of lung/liver CT scans lookmg lor small
lesions, or, n nuclear medicine, sentmel node
mmages. Small lesions and sentnel nodes may be
detecled by some kmd of malched Olter, giving the
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probabihly a particular feature has of bemg the
objecl we are irymg o detecl. 1L should be noted
thal mmformabon olther than miensily varnabons
may be ol value, lor ecxample lexture. 1L s well
known Lhal the human eye 15 rather insensitive Lo
vanalions in lexture, and addivonal mformation
may be obluined by delectmg changes m olher
[calures of the image than grey scale imlensily;
an example apphed o nodule detection and cha-
raclerceation m CT images s mdwcaled in Figure 2.
The second stapge 15 thal of measurement: of what
stae, where in Lhe structured object are they found,
perhaps also looking al their shape and lexture.
This leads an aliempl o determaine a descnplion:
bempnimahgnant. The improvement of sipnal Lo
nowe rabo regquires a Dller, which as previously
mchcaled imphes a constraml and 4 model. The
denved descriplun 15 lsell a model. A second
example 15 Lhal of lumour slaging, where imbally we
have the problem of nding the lumowr, Lthen
measuring ils volume and imvasion and perhaps
change in stae wilh bme, nally that of classiication,
determmimg its “stape” [rom which a dagnosiic
stralepy can be planned. Follow up of lumours, m
parbcular of therapy, also requires gquanbitabion.
The mlegrabion of mage processing, for example
wilhin a deaswon supporl system, reguires lorward
and backwards mlerence in the process of evalua-
bon Lo whal may be called a goal (the chncal dea-
siom). Croals can be divided mlo sub-goals and
mdesd exclusions (“this” mmformabion 15 mocom-
pauble with “thal” stalement). A knowledpe
hicrarchy exists, poimng rom high level such as the
chmcal condibion, Lo mlermedhale knowledee such
as Lhe descnpuon of organs or lumours, down Lo
low level knowledee such as thal assocated with
blood vessel.... This topic 15 sull the subpect of
achive rescarch. Thus while convenbional image
processing 15 oflen aboul enhancimg edpes and per-
[orming operalions on mxcls or voxels, advanced
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Figure 1. The imaging chain from acquisition to cvaluation.
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