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Abstract: - To measureradiationdamageof particleswith high energy andcharge in space,radiosensitive plastics
are used, in which particlesleave damagetracks where they pass. Thesetracks are then etched,after which
they have a typical coneshape. The geometricalparametersof theseconesgive information aboutenergy and
chargeof theparticles.To measuretheseparameters,the tracksarerecordedin threedimensionswith a confocal
microscope,which is a specialkind of microscopethatcanmake threedimensionalimagesof anobject.To reduce
blur in the recordedimagesof the tracks,imagerestorationis used. But with blur removal, the risk is that noise
is ampli£ed. Three techniquesthat handlethis problem are compared: the wiener£lter, iterative constrained
Tikhonov-Miller andRichardson-Lucy. The£rsttwo methodsincreasesharpnessof theimage,but also£t noiseas
data. Richardson-Lucy is the bestmethod,but hasa very slow convergencerate. After the imageis restored,the
geometricalparametersof thedamageconesareextractedfrom theimageby £ttingconemodelsto theimage.
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1 Introduction
In thispaper, amethodis decribedto analyseheavy
ionisingradiation.This methodwasusedin anex-
periment,performedat GhentUniversity in collab-
oration with ESA (EuropeanSpaceAgency). The
objective of theexperimentis to studytheeffect of
radiationin spaceonbiologicalcellsto obtainabet-
ter insight in the risk of prolongedexposureof as-
tronautsto radiationin space.Thefollowing topics
will bediscussed.

We will start with a discussionof the different
kinds of radiationin spaceto which the astronauts
areexposedduringspacemissions.

After that, we will explain the principles of a
specialkind of passive detectors,so called Solid
StateNuclearTrackDetectors(SSNTD) [5,9,14,15].
Thesedetectorsare in fact piecesof plastic, in
which the particle leavesa damagetrail by break-
ing the polymerechainsas it passesthrough the
plastic. This damageis not visible with conven-

tional equipment,but canbeenlargedby chemical
etching. Theseetch pits then are visible as small
conesin amicroscope.

To studytheexact threedimensionalform of the
etch pits, a specialkind of microscopewas used,
i.e.,aConfocalScanningLaserMicroscope(CSLM)
[6,10]. This kind of microscopeallows visualising
threedimensionalvolumesby imaging thin slices
throughthespecimen.

The next step is the optimisationof the image
quality by applying deconvolution. In this part,
somedifferentalgorithmswill bediscussedwith ad-
vantagesanddisadvantages.

Finally, a cone£tting algorithmwill be applied
to the imagein orderto determinethe geometrical
parametersof the trackcones,which arerelatedto
theenergy andchargeof thedetectedparticles.



2 Radiation in space.

In thediscussedexperiment,radiationisnotelectro-
magneticradiation,but consistsof heavy ionizing
particles(HZE: particleswith a high atomnumber
(Z) andahighenergy (E)).

Radiationin space[2,3,11], canbeclassi£edin
threedifferentcategories,accordingto its origin.

A £rst classof radiationin spaceis trappedra-
diation. Theseare particlesfrom the solar wind,
trappedin the earthmagnetic£eld in de so-called
VanAllen radiationbelts. This kind of radiationis
importantin spacemissionswhich ¤y in low earth
orbits (LEO). The region wherethe radiationhas
its highestintensityis theSouthAtlantic Anomaly.
This is a placeabove theAtlantic Oceanwherethe
radiationbeltscomemuchcloserto theplanetsur-
facethan anywhereelsedue to a displacementof
theearthmagneticdipolewith respectto theplanet
surfacem.Astronautsin LEO’s getmostof their ra-
diationexposurewhenthey passthroughtheSouth
Atlantic Anomaly..

A secondkind of radiation comesfrom Solar
ParticleEvents(SPE). This SPE’s areviolent erup-
tions on the Sun, which emit large numbersof
particles with extremely high energies. These
particlescan reachthe neighborhoodof the Earth
afteracoupleof days.Thesesolarstormscausemo-
mentsof very high radiationintensity. Theseerup-
tionsof radiationareextremelydangerousfor astro-
nautsandexposureis alwaysto beavoided. Some
eruptionscancauseeven lethal radiationlevels in
theneighborhoodof theearth.

The last classis the GalacticCosmicRadiation
GCR. This is radiationfrom outsidethe solarsys-
tem,causedby for examplea supernova explosion
(this is anexplosionthatoccurswhenacertaintype
of star dies). This kind of radiation consistsof
particleswith veryhighenergiesandcanalmostnot
beshielded.Fortunaly, therateof this kind of radi-
ationis very low.

3 Detectors and their analysis with
CSLM

The detectorsthat are used, are in fact small
piecesof a radiation sensitive plastic, of which

Figure1: Etchpro£leof a track in thez-direction.
This pro£leis relatedto themassandtheenergy of
theincidentparticle.

the polymerestructureis damagedwhen exposed
to heavy ionizing radiation. This exposed de-
tectoris thenput in a etchant(in this caseNaOH).
The undamagedsurface is dissolved at a certain
rate. Along the pathof the particle in the plastic,
the polymerechainsare damagedand the broken
polymere ends causedthis way are much more
chemicalyreactive. Therefore,the etchratealong
the particle tracks is much bigger. This causesa
coneshapedetchpit for particleswith a high lin-
earenergy transferandvery high energies. This is
true for particlesin space. The geometricalpara-
metersaredirectly relatedto charge andenergy of
theparticlewhichcausedthedamagetrack.

4 Imaging the detectors

After theetchingprocess,thedetectorsareobserved
with aconfocalmicroscope[6,10]. This is aspecial
kind of microscope,whichallowsimagingof anob-
ject point by point. This is doneby illuminating
the object throughthe objective lens. A diafragm
in front of thedetectoreliminateslight from points
that arenot in focus. So a singlepoint is imaged
by this system.A scanningmechanismthenmeas-
urespoint by point slicesat different depthsin a
specimen.Moving the focusallows imagingslices
at different depthsin the specimen,thus allowing
threedimensionalimagingof an object. From this
recording,quantitative measurementscanbedone.



Figure 2: Threedimensionalrenderingof nuclear
tracksfrom confocalimage.Thetracksarecaused
by Li-particles.

In ourcase,wewantto measuretheexactgeometry
of particle tracks,as seenin £gure1. In our ex-
periment,theetchpro£leswill becone-shaped,co-
orespondingwith particleswith high linear energy
transfer(in contrastwith the track shown in 1. So
in succeedingslicesthroughtheimage,we cansee
ellipses.

This methodallowed for the£rst time to visual-
ize nucleartrackswith much betterprecisionand
without damagingthe original detectors.This al-
lows analysingthedetectorsagain in thefuture.

5 Image optimisation by image res-
toration

Opticsarealwayslimited [12], andtheimageform-
ation procesis determinedby diffraction. An illu-
minatedobject will form a diffraction patternbe-
causeevery point is a sourceof secundarywaves,
accordingto the Huygensprinciple. This diffrac-
tion patternis proportionalto the fourier spectrum
of the original object. This fourier spectrumcon-
sistsof a centralpeakfor the DC componentwhich
canbe found in the directionof the optical axis of
theobjective. Thehighertheorderof thediffraction
maxima,the higher the correspondingspatial fre-
quenciesareandthe further away they form from
the optical axis. So thereis a limit to the spatial
frequency which is still interceptedby theobjective
lens. This is a limiting factor to the resolutionof
themicroscope.If we considerimaginga mathem-
atical point with our microscope,the imagewon’t
be a point but a distribution of light in three di-
mensions.This light distribution is calledthePoint
SpreadFunction(PSF).

In theobservedimage,pointswhich arecloseto
eachother will be imagedas blots which can not
beseperatedanymore. But whenwe know theex-
actshapeof the PSF, certainalgorithmscanrestore
theimagecontents[1,7,8,16–19]. A £rstsetof al-
gorithmsperformsa least-square£tting of thedata
to amodelconvolvedwith thePSF:

L � g � f ����� g 	 h 
 f � 2

with g the observed data, f the model for the
solutionandh the PSF. Without additionalterms,
this methodis called the Jannson-Van Cittert al-
gorithm. When an extra penaltyterm and a non-
negativity constraint are added, this method is
calledTikhonov-Miller restoration.The functional
ψ � g � f � is givenby:

ψ � g � f ��� � g 	 h 
 f � 2 � λ � C f � 2

with λ the regularisationparameterandC a high-
pass£lter, so the secondterm is a measurefor the
energy of the high frequenciesof an image. The
minimisationcanbedoneby usingconjugategradi-
ents. A variant of this methodis the Carrington
algorithm, which is mathematicallymore robust.
By penalisinghigh frequencies,thesolutionwill be
smooth. The advantageis that artifactsandnoise
will bepenalised.Thedisadvantagehowever is that
sharpedgesarealsopenalised.

The last consideredmethodis the Expectation
Maximisation algorithm,alsoknown in astronomy
asthe Richardson-Lucy algorithm. This methodis
basedon maximisingthe probability p � f � g � (i.e.,
the probability that whenan imageg is observed,
that the original imagebeforedegradationwas f )
is maximal.Thisis calculatedfrom p � g � f � , i.e.,the
probability thatwhenanobject f is imaged,thatg
will beobserved.Theseprobabilitiesarerelatedby
Bayes’rule:

p � f � g �
� p � g � f � p � f �
p � g � �

Thedenominatoris just a normalisationfactorand
is independentof f . Easierto minimise the neg-
ative logarithm of the expression,i.e., minimising
ψ � g � f � .
ψ � g � f �
��	 ln p � g � f ��	 ln p � f �
� L � g � f � � P � f �



with L � g � f � thelikelihoodfunctionandP � g � f � the
penaltyfunction. For gaussiannoise,we £nd fol-
lowing expressionfor L � g � f �
� � g 	 h 
 f � 2 which
givesusagain a leastsquareproblem.But for con-
focal images,it is betterto considerpoissonnoise,
which givesusanotherexpression.Oneof thead-
vantagesin this approachis that no negative solu-
tions can be found in this method,which would
be meaninglessanyway (negative solutionsareal-
lowedby theleastsquaremethod).In fact,thisgen-
eralframework alsoincludesthepreviousdescribed
methodsby consideringgaussiannoise. But it is
betterto usepoissonnoisein caseof confocalmi-
croscopy. In thatcase,we £nd the following func-
tional:

p � g � f ��� e � f f � g � g!
�
� L � g � f ��� f � g ln � f ��	 ln � g! �

This methodgives the best resultsfor restora-
tion of confocalimages,becausethe imageform-
ation processinherentlyinvolvespoissonnoise. It
also is the bestcriterion whenthe resulthasto be
non-negative(like in images).Whenthis likelihood
functionis minimisedwith respectto f , onecande-
rive theExpectation Maximization algorithm,equi-
valent to the Richardson-Lucy algorithm in astro-
nomy. Theiterationformulais givenby

fk � 1 � n ��� fk � n � ∑
i

h � i 	 n �
∑ j h � i 	 j � fk � j � g � i �

In £gure 3, we give a comparisonof the per-
formanceof thedifferentalgorithms.Hereonecan
seethat the wiener£ltergives someartifacts due
to gibbs-oscillations.The Tikhonov-Miller restor-
ation (ICTM) is alreadybetter, but also introduces
someartefacts. For example,theedgeof the track
is smooth,ascanbeguessedfrom theoriginal im-
age.But afterrestoration,theedgeof thetrackhasa
roughappearance.This is dueto £ttingof thenoise
in the solution. Then, the bestis the Richardson-
Lucy restoration.Thismethodintroducesleastarte-
facts,but convergesreally slowly. After 20 itera-
tions,theedgeis far from sharp.It alsotakesmore
time per iterationto computeRichardson-Lucy thn
theotheralgorithms.

Figure 3: Comparisonof the different restoration
algorithms

6 Cone £tting to the restored im-
ages

After restorationof theconfocalimages,therecor-
dedimagescanbeanalysed.Like wassaidbefore,
theetchpits canbeapproximatedby a coneshape.
This approximationdoesn’t hold when tracks of
particleswith low energiesor over-etchedtracksare
considered,but in ourcase,it canbedone.

In orderto £t a cone,we considered£tting of an
ellipsein eachsectionof the image[13], [4]. This
procedurealso gives a startingpoint for £tting of
shapesdifferentfrom acone.Fitting of anellipseis
a dif£cult mathematicalproblem,sowe did a sim-
pli£cationof the problemby not £tting an ellipse,
but £tting a generalconesection. But whenthere
areenoughdatapointsthatareonanellipse(like in
ourcase),thesolutionwill beanellipse.

We begin with thegeneralquadraticequationof
aconesection:

x2 � a y2 � b xy � c x � d y � e � 0�
Weminimizethefollowing expression:

Ds �
N

∑
i � 1

x2
i
� ay2

i
� bxixi

� cxi
� dyi

� e
2

Thereforewe set the partial derivatives ∂Ds
� ∂a,

∂Ds
� ∂b, ∂Ds

� ∂c, ∂Ds
� ∂d and∂Ds

� ∂e equalto zero.
This givesusa systemof £ve linearequationsand



£ve unknowns. To solve this system,the Gauss-
Seidelmethodwith successive overrelaxationwas
used.After thecoef£cientsa, b, c, d ande arede-
termined,thegeometricalparametersof theellipse
(positionof thecenter, lengthof thesemimajorand
the semiminor axesand the orientationof the el-
lipse) canbe calculatedby reductionof the quad-
ratic equation. In £gure4, examplesare shown.
First, a set of datapoints with known parameters
wasgenerated,thennoisewasaddedand£nally, the
parameterswere£ttedto thenoisydata.

To determinetheparametersof thecone,weused
thefact that thesemimajoraxesof ellipsesin sub-
sequentslicesaresidesof conformaltriangles.This
givesusarelationbetweenthesemimajoraxisof an
ellipsein a certainsliceandthenumberof theslice
in function of the parametersof the cone(opening
angleandorientationof theaxisof thecone).With
leastsquare£tting, theseparameterscanbe calcu-
lated.
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Figure4: Resultsfrom theellipse£ttingalgorithm


