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Abstract

In this paperwe presenta new applicationof the principal componenanalysis(PCA) to generte multidimen-
sionaltransferfunctions.Thesetransferfunctionsare neededn the volumetricvisualizationof spectal datato

isolateregionsthat containinterestingpeak-shapetkatues.Bothlarge andsmallpeakscanbeequallyimportant
and representthe presenceof different chemicalelementsn a dataset.Principal componentnalysissepaates
thesepeaksin differentuncorrelatedcomponentand cansimultaneouslydentify spatial patterns.Thisapproac

is characterizedby the directlinkage betweertheresultingspectal and spatialcomponentsOur methodenables
usto createan opacitymapfromthesecomponentsOneor more mappingscan be selectedo highlight featues

in three-dimensionafolumevisualization.

CatgyoriesandSubjectDescriptorgaccordingo ACM CCS) 1.3.3[ComputerGraphics]:Displayalgorithms|.4.10
[ImageProcessingndComputetVision]: Multidimensionall.5.3 [PatternRecognition]:Algorithms

1. Intr oduction

Theuseof DirectVolumeRenderingd DVR) is awell known

methodfor thevisualizationof three-dimensiongBD) volu-

metricdatasetsn mostvolumetricdatasetssachvoxel con-

tainsa scalarvaluethatrepresentshe densityof a material
on that location. For visualization,a transferfunction is a

mappingthat assignsa color and opacity valueto a scalar
value.A volumerenderercandrav the voxel datausingthe

mappingsspeci ed in the transferfunction. The challenge
in designingan appropriatetransferfunction is identifying

which structuralpropertiesare importantfor the userand
which relevantfeaturedn thedatashouldbe highlighted.

Imaging spectroscop can be usedto scanthe structure
of chemicalelementson materialsurfaces.In contrastto a
volume consistingof 3D pointsof scalarvalues,a spectral
datasetonsistf two spatialdimensionsanda wavelength
in the third dimension.Eachscalarvaluein the volumeis
interpretedastheintensityon awavelengthata 2D position
on the surfaceof a material.A spectralvolumetric dataset
is oftenreferredto by materialscientistsasa multispectal
data-cube

Sincechemicalelementshave a uniqueandknown spec-
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tral pro le, scientistscan use spectroscoyp to investicate
which elementsare presenton the surface of a materialif
theirspectrapro le canbeextracted Unfortunatelyextract-
ing a spectralpro le from a data-cubeis a dif cult task.
First, the intensity at eachpoint in the volume consistsof
contributions of the wavelengthsof neighboringchemical
elementsat that position on the surface;i.e. the measured
intensityat a voxel is a linear combinationof wavelengths.
A robustextractionmethodwill be neededo factorthe lin-
earcombinatiorof wavelengthsnto thewavelengthof each
chemicalelement.Second spectracharacterizéahemseles
by differentlevelsof scalein which peaksn thespectrapro-
le canvary in orderof magnitude For example,consider
the left plot of Figure1. The sumof all spectralpro les in
the data-cubeds plotted,with on the x-axis the wavelength
and on the y-axis the measuredntensity For visualization
purposestheright part of the plot is magni ed by a factor
of 467.Variouslarge peakscanbe seenn theleft partof the
spectrumwhile very smallpeaksarein theright partof the
spectrumBoth typesof peaksareimportantin the analysis
of thedata.Theright sideof Figure 1 shavs the spatialdis-
tribution of spectralpeaks.The value of a pixel represents
the sum of intensitiesat eachwavelengthat eachposition
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Figure 1: (a) A plot of thesummatiorof all specta in thedata-cuberomthe cerebral gangliaof thepondsnail. Theright part
of theplot is scaledby a factor of 447.(b) Thespatialdistribution of spectal pro les.

on the surfaceof the material.A color mapis usedto map
intensityto a color.

Figurelis anexampleof how scientistausetwo side-by-
sideviews to analyzethe datain the data-cubeOneview is
the spectralview; it shavs the spectralpro le at all wave-
lengths.Thesecondriew is a spatialview; it shovsthesum-
mationof the spectralpro le ateachpositiononthesurface
of thescannednaterial It is ourgoalto createadataanalysis
ervironmentwith oneintegrated3D-view to gaininsightto
thespatialdistribution of featuresn thevolume.Thisis very
dif cult usingonly thetwo dimensionaviews. This paperlis
the rst steptowardsthis goal; we reporton how a transfer
function canautomaticallybe generatedor a 3D-rendering
of thedata-cube.

1.1. Approach

Our approachusesPrincipal ComponentAnalysis (PCA),
for thegeneratiorof transferfunctionsof spectrabdata.PCA
is a popularmultivariate statisticalmethodthat is usedto
nd patternsn dataof highdimensionlt is designedo cap-
ture the variancein a datasein termsof principle compo-
nents.Principlecomponentarecomputedhatde ne apro-
jectionthat encapsulatethe maximumamountof variation
in a datasetandis orthogonal(and thereforeuncorrelated)
to the previous principle componenbf the samedatasetin
effect, PCAis trying to reducethedimensionalityof thedata
to summarizehemostimportantpartswhile simultaneously
ltering outnoise.

To usePCA, the datamustbe expressedn oneor more
variablesrepresentedsa 2D datamatrix. PCA transforms
correlationsin the datainto a list of uncorrelatedcompo-
nentvectorsthat is sortedby the amountof variability. In
thecaseof adata-cubePCAwould beappliedto orthogonal

axesof the data-cubefo nd correlatedspatialfeaturesat
a particularwavelength,or correlatedspectralfeaturesat a
at particularpositionof the surface.The resultingprincipal
componentslivide the datain uncorrelatedpatialfeatures;
i.e.uncorrelatecchemicalelements.

In our approachhowever, we combineboth spatialand
spectratimensiongo form a2D datamatrixandapplyPCA
to this matrix. This resultsin nding correlatedspatialand
spectrafeaturesThisway, featuresareusedto discriminate
betweenboundariesof chemicalelementson the material
surface We usetheresultingprincipalcomponentectorsto
constructthe transferfunction. Featureghathave high vari-
ancescanbe madeopaqueto highlight featuresof interest,
while featureswith low variancesaremadetransparent.

We apply our methodto datafrom two imaging spec-
troscoyy techniques:Fourier transforminfra-red' (FT-IR)
imagingspectroscopis atechniquehatemplg/s thetrans-
missionof infra-redlight throughthe surfaceof a material.
Using the IR spectrumchemicalbondsandthe molecular
structureof organic compoundscan be identi ed. Surface
areasassmallas10-15micronscanbe detectedFor 'Time
of ight secondarnjons massspectrometry'(TOF SIMS),
a surfaceis bombardedvith a primary beamof ions. This
resultsin the emissionof secondaryions, which are sub-
sequentlymassanalyzedto generatesurface massspectra.
The techniquethereforeprovides very detailed elemental
and chemicalstructureinformation. Using the latest TOF
SIMSinstrumentssurfaceareasassmallas3-5 micronscan
be detectedWhile the resultingdatafrom both techniques
have differentnoiseand scaleproperties both canbe ana-
lyzedsimilarly.
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2. Relatedwork

Early implementationof volume rendering[Lev88] using
transferfunctions[DCH88 are mostly appliedto datare-
sultingfrom CT scansMany otherareaf applicationcould
bene t from techniqueslevelopedto be usedin thesemed-
ical applications.For instance,Djurcilov et al. [DKLP02]
usestechniquedor visualizing 3D scalardatasetdy com-
bining uncertaininformationon top of ervironmentaldata.
Uncertaintyinformationis addedto the classicvolumeren-
deringequationto highlightimportantfeaturesby adjusting
opacity and color. One thing thesedatasetshave in com-
mon: eachdata-pointhasa 3D spatiallocationin contrast
with spectradatawhich hasa 2D spatiallocationanda cer
tain spectralocationor wavelength For thisreasorthereare
not mary implementation®f 3D visualizationgor spectral
data.Oneof the few examplesof a DVR of a spectraldata-
cubeis shavn in “Visualizationof Spectrallmages”from
[PvdHO] togethemwith arepresentatiomwith the useof iso-
surfaces which gave someunexpectedlygoodresultsusing
thosedatasetsTorsonpresentsn [Tor89 a systemfor in-
teractve analysisof 3D data-arrayswhich he useson data
from spectrometeinstrumentsfor which conventionalvol-
umerenderingand surfacedisplaytechniquesverenot ap-
propriate.He presentshreereasongor not applyingDVR
techniqueson data from imaging spectroscop First, the
datavaluesare not smoothlyvarying throughoutthe data-
cube.Secondyvolume renderingcannoteasily shav small
local datavariationssuperimposean broadoverall varia-
tionsandthird, volumerenderingprovidesonly aqualitative
view of thedata.The systemdid not provide ary interactve
navigation tools for usingvolumerenderingin a PC-based
virtual reality like Fuhrmanret al. [FOMHO0Z implemented
using CT-data,but this would be the eventualgoal for this
presentegbrocedure.

We try to solve theproblemsusingDVR for spectroscop
datausingPCA (segf WRRO03) to detectpatternsn thedata.
Laschetal. [LWMNO98] alreadyusedPCA to detectpatterns
in FT-IR dataimages.Anotherapplicationof PCA for pat-
tern recognitionin 3D datasetss, for example,the recog-
nition of spatial-temporapatternsn Arctic seaice concen-
tration by Piwowar etal. [PDLO1]. A closelyrelatedmulti-
variateimageanalysisalgorithmis Independen€omponent
Analysis(ICA). Muraki etal. [MNKOOQ] applyICA on mul-
tichannelvolumedatafrom MRI scansto separatespeci ¢
tissuecharacteristice.g. waterandfat. They train a radial
basisfunctionnetwork with sampledatafrom thevisible fe-
maledataseto generateolor transferfunctions.

He et al. [HHKP9§ also usesstochasticsearchtech-
niquesto generateransferfunctionsfor datafrom MRI and
CT scans,with betterresultsthan the approacheselying
purely on the 'trial and error' of the humanfactor This
approachrequiresa minimum of computeraid compared
to data-centricor image-centri@pproachessdescribedn
[PLB 01]. Dueto the compleity of the taskandtheintro-
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ductionof multi-dimensionatransferfunctions(for e.g.in
[KD98], [KKHO1b]) mostresearchtendstowardsa semi-
automaticapproactin transferfunctiondesignfor directvol-
umerenderingof medicaldatasetsA minimum of userin-
volvementis accomplishedising direct manipulationwid-
gets (see[KKHO014d)) to createmulti-dimensionaltransfer
functionsfor speci c datasetasin [VST 04].

Different approachesin creating appropriate transfer
functionshave to beconsideredn therelatively openareaof
usingDVR to visualizethe data-cube$rom imaging spec-
troscopy. Existing multi-dimensionaltransferfunctionsdo
not handlethe equallyimportanthigh andlow peaksin the
spectraldimensionvery well. PCA is in usein identifying
thesedifferentpeaksin theresultingspectraandhasalready
provenitself in the areaof statisticalpatternrecognition.

3. Method
3.1. Datarepresentation

PCAis traditionallyperformedona2D matrixwith thesam-
plesof the datasein onedimensionandthe differentvari-

ablesin the otherdimension.The spectraldata-cubéhasto

be convertedto sucha matrix with preseration of the spec-
traandimagesasrepresenteth Figure?2.

(@ ®

X X

Figure 2: (a) A single spectrumand (b) a singleimage in
thespectal data-cube

A 2D matrix is constructedy unfoldingeachx by y im-
agein the spatialdimensioninto anx y-dimensionalec-
tor. Thisvectorrepresentthe spatialdimensionataparticu-
lar wavelength.The 2D matrix, X, consist®f eachunfolded
spatialvector seeEquationl. Eachrow representanimage
ataparticularwavelengthin thespectralimension(denoted

in Equationl aswavelengthsl; 2;:::;1).
2
dl;l d1;2 d1;x y
d2;1 d2;2 dz;x y
X = , . . (1)
d1 dp dix y

The spectrunon a certainspatiallocationrepresent®ne
columnin matrix X. A slice of the data-cubeat a particular
wavelengthrepresentsnerow.
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The imagesin matrix X are treatedas samplesin the
datawhich will resultin several'eigenimages'after apply-
ing PCA. The positive and negative peaksin the resulting
eigenimagesepresensimilarities and differencesbetween
thedifferentspatialsamples.

Thespectracouldalsoberegardedassamplego the PCA
when matrix X is transposedresultingin 'eigenspectra’.
Thepositive andnegative peaksn theresultingeigervectors
represensimilarities and differencesbetweenthe different
spectrasamples.

Next, somepre-processingtepsare taken to normalize
thedatain matrix X. First, we subtracteachdatavaluewith
themean.This reduceghein uence of extremescalardata
values.Second,scaling datavaluesaccordingto the vari-
ance Thisremovesbig variationsbetweenvalues Bothrows
andcolumnsof the datamatrix X are pre-processeth this
way (usingthe formulasin 2). Consequentlyve cantreat
bothrows andcolumnsin thematrixasmeasurementshen
applyingthe PCA.

Xrows = (X Hxy) =S xy 2)
Xpreprocessed: )Zrows W =S

3.2. Feature detectionusing PCA

The standardPCA algorithm is usedto nd orthogonal
andnormalizedmatricesfor the spectralandspatialdimen-
sions. Thesematricesare respectiely denotedas Pmages
andPspedra. Therows in Pmages arethe eigervectorsof the
spatialdimensionin the matrix Xpreprocessed Xgreprocessed
Pmageds aranksorted | sizedmatrixandPspedra is rank
sortedxy Xy sizedmatrix.

Equation3, shavs how Pimages is usedto nd Yimeqges, the
by Pmages Projecteddataasa linearcombinationof the new
base®f Xpreprocessed Sy iS thediagonalizeccovariancema-
trix, with theit" diagonalvalueof S, beingthe varianceof
Xp,epmcessedalongtheithprinciplecomponent.

Yimages = P|mages Xpreprocessed (3)
sudhtha Sy 1Yimages Yi%ages is diagonalized
Yimagesisal Xy sizedmatrix. Sincetheprinciplecompo-

nentsin Pmages aresortedin decreasingariance the high-
estcontribution to the spatialdimensionarethe rst rowsin
Yimages Thelastrowswith thelower associatedariancesre
morelikely to represenhoise.Therows of Yimages arecalled
spatialscore vectos.

A similarapproachis usedto nd themuchlargerxy xy
sizedmatrix, Yspeara, the by Pspeara projecteddataasalin-
earcombinationof the new basisof Xgreprocessed Sy is the

diagonalizeccovariancematrix, with the ith diagonalvalue
of Sy beingthevarianceof X alongtheith principlecompo-
nentof Pspeara.

_ T
Yspeara = Pspedra Xpreprocessed “4)

1 - )
sudhtha Sy ﬁYspeGra Yg;)ema is diagonalized
Theprinciplecomponentsvith thehighestcontritutionto
the spectraldimensionarethe rst rows in the matrix. The
lastrows with thelower associatedariancesaremorelikely
to represenhoiseinsteadof interestingspectrafeatures.

3.3. Transfer function generation

In theprevioussectionwe describechow the principalcom-
ponentsand scorevectorsare computed. Theseare usedto

nd spectralor spatialfeaturesn a 3D spectralvolume.For

the visualizationof thesefeatures,opacity of the transfer
functionis used Multiple opacityfunctionsareusedfor dif-

ferentfeaturedo isolatethemfrom otherareas.

The eigenimagesnd eigenspectranatrices,Pimages and
Pspedra, areusedto computetwo nev matrices,Yimages and
Yspedra, Which projectthe original datainto a new bases.
To generatehe opacity function of areaswith the highest
variancesin the data,an addition of the rst scorevector
with the highestspatialvarianceandthe rst scorevector
with the highestspectralvarianceis used.The motivation
is that featureswith the highestvariancein the spatialand
spectraldimensionsarecapturedn onesingleopacitymap.

Equationss and6 describethis moreformally. Thescore
vectormatrices Yimages andYspedra, arerewritten asa setof
vectors.Yimages iS the projectedspatialmatrix andis writ-
ten as a sortedlist of vectors.YSTpema is the transposeof
projectedspectramatrix, and is written as a sortedlist of
vectors.Theresultingvectorsarecombinednto oneopacity
transferfunction. For example,Equation6 showvs how the
opacitymapof the rst scorevectorsis derived.

Here Yimagesisal  xy sizematrixandYspedra isaxy |
matrix, whichis corvertedto al  xy matrix by takingthe
transposel.—|ence,0l isal xysizedmatrix.

.3
1

2 2 o
i2 S
Yimages = and Yspedra = (5)

k4

i32 3T

I
2
1 Sl
1 11 Sl
o= : * : 6)
i1 S

¢ TheEurographic#Association2005.



A.Broersen& R.vanlLiere/ TransferFunctionsfor Imaging SpectoscopyData

The 3D pointswith the highestpositive andnegative val-
uesin O! areassignedo high alphavalues.All regionsin
thevolumetricdatathatcontrituteto this rst principalcom-
ponentaremadeopaqueusingthis 3D transparencmap.

Similarly, theopacitymapsof thesecondthird, etc.score
vectorscanbe generatedDifferentmappingscouldbecom-
binedto display similarities or differencesof multiple fea-
turesin original data.

4. Applications

Our methodis appliedon two examplesof spectralrecord-
ings. First, we describethe resultsof our methodwhenap-
plied on a datasetreatedwith the TOF SIMS techniquelt

is a dataset of a small sectionof the anteriorlobe of the
cerebralgangliaof the pondsnail, LymnaeaStagnalisOur
secondxampleis a visualizationof the brainventricleof a
mouseresultingdatafrom FT-IR spectroscop

4.1. The small brains of a snail

A high spectraland spatialresolutioncan be obtainedus-
ing the TOF SIMS. In this example atomic and molecular
structuredn a datasetcanbeidenti ed. The boundarieof

differentcellscanbevisualizedwhenTOF SIMS is applied
on a slice of the brain of the pond snail. Figure 1 already
shawved the resulting spectraand imagesfrom this spec-
tral scan.Someobvious featuresare highlightedwhen our

methods appliedonthisdatasetThe rst two spectrakcore
vectorsareshawvn in diagramaandc of Figure3.

03
02
o1
0
-0.1
-02

-03
(a)-o %o 70

035,

(C)’D bo 70 120 170 220 270 (d)

Figure 3: (a-c) The r st two scoe vectos with (b-d) the
accompanyingigenimayesasa resultfromthe PCA.

Thethreehighestpeaksin (a) representhe positive con-
tributionsin the spectraldimensionof the componenthat
isolatesthe largestamountof data.Figure3b givesthe cor
respondingspatialdistribution of the materialin which the
cellsin the datasetareembeddedThe secondscorevector
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in diagram(c) hasisolateda large negative peak.This peak
correspondsvith theredareasn theimageof Figure3d that
canbeidenti ed assomelarger cavities betweerthe differ-

ent cells. Other componentghat resultfrom the PCA also
highlight certainareaswithin or betweencells that contain
differentorganiccompounds.

4.2. The bigger brains of a mouse

Thesecondexampleis asliceof thecentralbrainventricleof
amouseFT-IR spectroscopis appliedto identify different
chemicalfunctionalgroups.Theresultingspectralandspa-
tial componentsrecombinedn different3D mapsof which
thesecondthird andfourth aredisplayedn Figure4.

Thelong axesrepresentthe spectradimensionthatends
in the front on wavelengthof 4000cm 1 The rst com-
ponentmainly highlightsthe differenceshetweenthe unin-
terestingregions completely lled. The red and orangere-
gions of the componentgepresenpositive correlationsin
thedatain contraswith theblueregions.Bothregionscould
be of interestfor the analysisof the identi cation the func-
tional groups.The isolatedblue region at the backin dia-
gram(a) on wavelength1550cm L representshelocation
of amidegroups,whereaghe two blue regionsin the front
onwavelength3300cm ! and3400cm ? representydroxy
groupsandaminogroups.Differentregionsareclearly dis-
tinguishedn theresulting3D maps.Thesenapscanbeused
asanopacitymapontop of theoriginal dataasshovn in di-
agram(a) and(b) of Figure5.

Thesamevolumetricdatacanbeloadedin VolView, avi-
sualizatiorpackagdrom Kitware.This packageffersmary
toolsto interactively createan appropriateransferfunction
basedon the “trial and error” methodwith an initial esti-
mation of color and opacity transferfunction basedon the
histogramof the data.This initial guessfor an appropriate
transferfunctionis shavn in Figure5c. This packagecannot
distinguishbetweenthe spatialand spectraldimensionsin
the spectraldatabecausét usesthe scalarvaluesthe same
way in all threedimensionsVolView cannotdifferentiate
betweensmall but importantdifferencesbetweenvaluesin
the spectraldimensionwhen they are dominatedby large
peakshatarepresenin otherregionsin thedata-cube.

5. Discussion

The currentpracticein the analysisof spectraldatais illus-
tratedin Figurel. Two dimensionablots,onefor the spec-
tral and one for the spatialinformation, are usedto view
the dataset. In this paper we have introduceda method
to view spectraldatain threedimensionsThethreedimen-
sionalview is usedo gaininsightinto thespatialdistribution
of featuresn thevolume,whichis very dif cult to dousing
only the two dimensionaliews. We have discussedow a
transferfunction can be generatedising PCA. The contri-
butionis thatPCA is appliedin boththe dimensionsof the
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Figure 4: The(a) second(b) third and (c) fourth componenmappingswith the negative contributionsin blue and positive

contributionsin red.

(@) (b)
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Figure 5: (a-b) Two resultingcomponenimappingsappliedon the original datacompaedwith (c) the VolView representation

of thesamedataset.

individualimagesaswell asin thedimension®f thespectra
of all images.

Using PCA in both dimensionsof the datacubeallows
usto addresghe two major problemsthat were mentioned
in the introduction.First, intensityat eachpoint in the data
consistof contributionsof mary spectralsingPCAin the
spectraldimensionfesultsin the principle component®f a
numberof spectraSecondspectracharacterizehemseles
by differentlevelsof scale PCAis atechniquehatcomputes
variancesHence thetechniquewill nd variancedbetween
spectrawith very large peaksandalsobetweerspectrawith
low peaks.

We now discusssomepros/conf the proposednethod:

Althoughthe rst principalcomponents usedo highlight
the dataregionsthatof which have the highestvariances,
thisdoesnotnecessarilyneanthemostinterestingeature
is capturedoy the rst componentFor example,a princi-
ple componentould containhigh variancesn the spec-
tral dimensionand very low variancesin the spatialdi-
mension As a consequence&achopacityfunctionshould
still bemanuallychecled by theuser
Componenvectorscancontainnegative values although
the original datadoesnot. Thesenegative peakscan be
just asimportantasthe positive, but it is uncertainhow
the compositeopacitymapis affectedwhenthey have a
positive spectrabut negative spatialcontritution.

The methodnormalizeshe dataasmuchaspossibleand
reducevariancesin both dimensions(see Equation 2).
Thisis dif cult to realizein bothdimensionswithoutlos-
ing thedirectrelationbetweerspectrandspatialcompo-

nents.Therecanbe someoutliersthatcannotcompletely
be Itered outin the pre-processingtepswhentheir val-
uesaretoo deviantto successfullyauto-scalehe dataand
losethe extremevalues.An alternatve data-scalingech-
niguemay be usedto remove theseoutliersautomatically
usingathresholdfunctionto lter outextremevalues.
Thesolutionof Yspedra Canbe usedto computethematrix
Pimages s

Pmages = quispeara (7)

& Yszpedra

This optimizationhasa much lower computationakost
thanwasgivenin Equation4 sincel X VY.

As mentionedabore, PCA is usedto analyzespectra
and highlight contrastingfeaturesin images.Even small
differenceshetweenspectraand imagescan be detected
whenthey arecorrectlypre-processeddence themethod
canalsobeusedo detectoisein bothspectrahndspatial
dimensionsThe'leastprincipal' componentsvill contain
mostof the noisepresenin thedata.
Themainadwantageof usingourmethodto detectspectral
andspatialfeaturess thedirectlinkage betweerboth di-
mensiondy usingtheresultin onedimensiorto calculate
the other(seeEquation6). It is not possibleto automati-
cally link componentsisingseparatanalyzesy treating
the spectraor imagesasdimensionwith measurements.

5.1. Futur e work

Our methodis just the rst stepin creatinga tool for the
analysisof spectraldatausingdirect volume rendering.In
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the future, 3D separatiorand clusteringalgorithmswill be
incorporatedo improve the de nition of the opacity func-

tion. Anotherimprovementwould be the automaticidenti-

cation of featuresby addingadditionalinformationabout
spectralpeaks.Componentwectorscould be matchedusing
this databasef scorevectorsto labelthe differentvolumet-
ric regionsin the visualization.Storageof datasets,their
featuresand classi cationscould eventually evolve into an
integratedsystemfor featurerecognitionand analysis.Fi-

nally, the methodwill be appliedto othermultidimensional
scienti ¢ datasetsvhichlendthemselesfor nding highdi-

mensionapatterns.
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