Developmentsin Biomedical Image
Analysis
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In this short paper a number of recent developments in medical imaging is
outlined, with an emphasis on image analysis. Medical imaging is an essential
part of the diagnostic decision process. The developments are spectacular,
both in the acquisition technology and the subsequent automated analysis and
visualization of the data. Images are a very rich source of information and the
need for automated, fast and correct extraction of information from the images
is huge. The goal of the contribution is to give some concise examples of the
state of the art in this rapidly developing field.

I ntroduction e 3D Ultrasound

Thechainof thelifetime of animagestartswith the
acquisition.It is herethatspectaculadevelopments
have taken place the last decade. Tomographic
scanning(the imagingof sliceg with computerto-
mography(CT) or magneticresonancgMR, see
Figure 1) scannerss now commonin mostof the
hospitals. It hasbeenshavn thatthe effectiveness
of this type of imagingfar outweighsthe relatvely
high costsof theequipmentThedegreeof digitiza-
tion, aswell asthe numberof modalities,.e.,types
of imaging,is still increasing A shortlist of current
routinelyappliedmodalitiesincludes:

e highspeedspiral CT

MR imaging

MR angiographyvesseimaging)
Ultrasound

Digital fluoroscoy andradiography
Digital SubtractiorAngiography(DSA) Figurel: Two examplesof highresolutionMR

SinglePhotonEmissionCT (SPECT) imaging. Top: coronalslice from thebrain, bottom:
spinalcord. Source:PhilipsMedical Systems.

Upcomingare:

e MR spectroscop Electronic workstationsstart to becomecommon
e PositronEmissionTomography(PET) sightsin the radiological readingrooms, and re-
e RotationalAngiography cently also in the sulgical operationtheater(see
¢ MR perfusionanddiffusionimaging Gerritsen, page 31 of this XOOTIC MAGAZINE).
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They replacethe static light-box, and rapidly be-
comethe superassistant®of the radiologists. It is

herewheretheresultsfrom computewision andvi-

sualizationresearchfind their clinical application.
Figure2 shavs atypical routinedigital workstation
(EasyVision, Philips Medical Systems).

Figure2: Easy\sionelectroniclight-box (PhilipsMS).

Data presentation

Historically, one of the first advancedapplications
of digital imagingwasthe renderingin 3D. Thisis

in facta form of datacompressiorfor the radiolo-

gist, shaving in oneglimpsethe 3D contet which

is often hardto extract from the literally hundreds
of consecutie slicesin a study Examplesof 3D

surfacerenderingfrom a CT dataseandmaximum
intensity projectionfrom an MR datasetire shavn

in Figure3.

Today 3D visualizationis commonroutine. How-
ever, the automaticdelineationof the structuresof
interest (especiallysoft tissues)is often partially
possible,and may require much user assistance.
Thetechniquds mainly appliedto assistthe prepa-
rationof highly complec suigery
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Electronic Atlasses

The resolutionof a 3D visualizationis as good

as the resolution of the datasetfrom which it is

constructed. Modern CT and MR scannershave

a resolutionjust belov the millimeter. A major

steptowardsthe ultimate humananatomydataset
was taken when the National Institute of Health
(NIH) in theUS startedhe*Visible Human”project
wherean executedcriminal was scannedwith CT

and MR, and subsequentlglicedon a microtome.
Thesliceswerephotographedvith high resolution.
The datase{(300 GB) wasmadepublicly available
throughinternetandhastriggeredmary interactve

atlasdesigns.A womandataseis now alsoavail-

able.An extraordinaryatlaswasdevelopedby prof.

Hohneandhis teamin Hamhurg (seeFigure4).

N

Figure3: Left: vertebraan the neckfrom CT data,
segmentatiorby thresholdingRight: MIP (maximum
intensityprojection)of theintracranialvessel§rom MR
angiographyCourtesyr. W. Zonneveld (left) andK. J.
Zuideneld (right).

Simulation

With theincreasedpeedf computerandinsights
in the physicalprocessednteractivemodelingand
training of medical procedureslike laparoscopic
sulgeryis now feasible.Onecanincludethevisco-
elastictissuepropertiedor haptic(force)feedback,
andmary shadingmodelsfor realisticsurfacecol-
oringexist. Figure5 shavs anexampleof simulated
suturing.

In orderto make a proper3D view of an object, it
hasto be sggmentedrom therestof theimage.The
boundaryhasto be determinedso the ray-tracing
algorithm mimicking the trajectoriesof the light
rayscancastits rayson the propersurfaces.Thisis



not an easytask,andthe performancenf automatic
proceduress oftenpoor Theartof volumerender

ing however is far developed,with photo-realism,

high speedand easyuserinteractvity, but the art

of sggmentationis still in its infang. Segmenta-
tion is mostly task-drven and as suchhundredsof

approachesxist, eachhaving meritsfor a particu-
lar applicationarea. Questionson imagesinclude:
measurementf sizesanddistancegtumors,vessel
diameters)extraction of depthinformationfrom a

stereopair (rangeinfo for robotics,sulgery), veloc-
ities of objects(deformationsplood flow), to find

specifictextures,featuresor objects(patternrecog-
nition) etc. Thefield that considerghe analysisof

imagess termedcomputervision
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Figure4: Exampleof a high-detailelectronicatlasfrom
the Visible HumandatasetSource:K.H. Hohne,
IMDM, Hamlurg. URL: www.uke.uni-
hamhurg.de/institute/imdm/idiindex.en.ntml

Figure5: Simulatedsuturing.Origin:
Forschungszentruidarisruhe,
http://www-kismet.iai.fzk.de/.

Human vision

Actually, thereis a lot to learn from humanvi-
sion. The humanretinaappeargdo measuremary
copiesof theimage,eachon a moreblurredlevel,
so it actually measuresa hierarchy in the image
structure. Higher in the brain, in the visual cor
tex in the back of our head, derivatives are con-
structedof the incomingimages. Figure 6 shaws
the first order derivative, the gradientof the im-
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age L : \/(%)2 + (2—5) for two resolutions.

It is clear that the larger edges(contours)denote
the moreimportantor prominentedges.The small
edgesshaw the details,the larger edgesthe bigger
structuresThisis calleda multi-scaleanalysis.

Figure6: Edgedetectionatascaleof 1 pixel (middle)
and8 pixels(right) showvs the hierarchyemeping with
differentscales Resolution5122.

The rods and conesin the retinaare organizedin
circulargroups thereceptivdields Eachreceptve
field projectsto a single outputcell in the retina,
whoseoutputis transferredo the cortex. For each
scalewe seemto have a separatéhexagonalarray
with the samenumberof receptve fields. Stacled
together(seeFigure 7) they explain why we see
only sharpin the middle of our visual field: we
dont have small receptve fields at high eccentric-

ity.

Figure7: Left: amodelfor thesamplingby theretina
of theimagewith mary arraysof differentresolutions.
Middle: astackof imagessentto the brain. Right: the
topologicaltreestructureof imagemaximawith the
presumedmagesegmentstructure.
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Multi-scale computer vision tries to mimic the
mathematic®f this structure,andto comeup with
schemesfor seggmentationand structure analysis
basedon this receptve field model from vision.
Specialpointsin the image,like minimaandmax-
ima, becomeessin numberwhenwe blur the im-
agefurther E.g. in a stackof imagesat a contin-
uousrangeof resolutionsa topologicaltree struc-
tureemepges,the branche®f which mayberelated
to specificobjectsin the image. This field is still
very muchin developmenthput provesto bearather
productve areafor fundamentalmagingscience.

Thederwvativesof imagescanbetakento highorder

Wealreadysaw thefirst orderdervativesneededor

edgedetection.Thesecondrderspatialderivatives
areinvolvedin extractingto whatextentobjectcon-
toursarecurved,andmary featureanbeextracted
by a propercombinationof partialderivativesof the
image.

The visual systemhas an alundanceof receptve

fields. They also comein pairs, coupledwith a
small temporaldelay to measurevelocities, or in

pairsin differenteyesto measuralepthfrom stereo.
Whenwe combinethe spatialderivatives with dif-

ferentcolors,we getinterestingcolorspecificedge
extractors(Figure8).

e ..

Figure8: Left: Colorlabelednucleiin paramecium
caudatumRight: red-greeredgedetection.Courtesy
J.-M. GeusebroekUvA) / P. VanOsta(Janssen
Pharmaceutical).

The detectionof linear structurescanbe enhanced
by cleverly combiningthe outputof neighborindil-
terswith similar orientation.In Figure9 anexample
is given of a robust detectionof two lines of dif-
ferentwidth in a fluoroscoy imagewherethe ra-
diation dosehad beensubstantiallylowered. This
increasedthe noise substantially but the goal of
cathetelandguidewire detectioncouldstill bemet.

The extractionof depthinformationfrom a stereo-
pair is a classicalcomputervision task. Figure 10

shavs a (non-medical)example. Medical applica-
tions include non-contacsurfacemeasurements

e.g.,neurosugery andin endoscopitavigation.
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Figure9: Detectionof elongatedstructuredn noisy
data.Hereaguidewire andcatheteiis foundattwo
differentscaledn averylow dosefluoroscopy imageof
the spine.CourtesysS. Kalitzin.

Figure10: Top: stereo-paiwith a hiddendepthmap.
Bottom: extracteddepthmapwith multi-scaleadaptie
windows. Thegrey valueindicatesthe depth.Courtesy
R. Maas.

It seemsounterintuitve notto measuratthehigh-
estsharpnesOneinterestingmulti-scalecomputer
vision applicationis the adaptve useof resolution:
small receptve fields when we measurecontours
and edges,and large receptve fields at homoge-
neousareasto getas muchaspossiblerid of the
always presentnoise. This is accomplishedwith
“multi-resolution feedback” schemes mathemati-
cally describedvith specifictypesof nonlinearmpar
tial differential(i.e. diffusion) equationsAn exam-
ple in 3D is shavn in Figure 11, wherethe noise
arounda cerebralaneurisms muchreduced.



Figurell: Left: MIP (Maximumintensityprojection)
imageof MR angiographydataof acerebralneurysm.
Right: Denoisingwith a 3D nonlineardiffusion
technique CourtesyE. Meijering.

Computer Aided Diagnosis

A new andemeging field is the field of computer
aideddiagnosis.The sheamumberof acquisitions
madein hospitalsandtheincreasingsizeandavail-
ability of large archivesin hospitalsenablethe ap-
plicationof statisticaltechniquegor therecognition
and classificationof specificpatternsandtextures.
Thegoalhereis notthediagnosiswhich hasto rely
on a humandecision, but the highlighting of sus-
pectedareas,so a secondlook canbe taken. De-
velopmenthave takenoff in digital mammography
andnow startto cover otherdiagnosticareasasX-
thoraxradiography(seeFigure12).

Figurel2: Left: ThoraxX-ray. Right: theright
lungfield (left ontheimage)is enhancedby subtracting
the statisticalmeanof mary similarimages.Courtesy
B. vanGinnelen.

In conclusion,we only could discussa few exam-
ples,indicatingthe enormougpotentialof this field.

Medicalimageanalysishasalwaysbeenin thefore-
front of the image processingechnologiesput in
fact, especiallywhenwe considerthe performance
of computervisionwith humanvision, thefield has
only just started.
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