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Abstract
In this paperwe presenta new applicationof the principal componentanalysis(PCA) to generate multidimen-
sional transferfunctions.Thesetransferfunctionsare neededin thevolumetricvisualizationof spectral data to
isolateregionsthatcontaininterestingpeak-shapedfeatures.Bothlargeandsmallpeakscanbeequallyimportant
and representthe presenceof different chemicalelementsin a dataset.Principal componentanalysisseparates
thesepeaksin differentuncorrelatedcomponentsandcansimultaneouslyidentifyspatialpatterns.Thisapproach
is characterizedby thedirectlinkagebetweentheresultingspectral andspatialcomponents.Our methodenables
usto createan opacitymapfromthesecomponents.Oneor more mappingscanbeselectedto highlight features
in three-dimensionalvolumevisualization.

CategoriesandSubjectDescriptors(accordingto ACM CCS): I.3.3 [ComputerGraphics]:DisplayalgorithmsI.4.10
[ImageProcessingandComputerVision]: MultidimensionalI.5.3 [PatternRecognition]:Algorithms

1. Intr oduction

Theuseof DirectVolumeRendering(DVR) is awell known
methodfor thevisualizationof three-dimensional(3D) volu-
metricdatasets.In mostvolumetricdatasets,eachvoxel con-
tainsa scalarvaluethat representsthedensityof a material
on that location.For visualization,a transferfunction is a
mappingthat assignsa color andopacityvalue to a scalar
value.A volumerenderercandraw thevoxel datausingthe
mappingsspeci�ed in the transferfunction. The challenge
in designingan appropriatetransferfunction is identifying
which structuralpropertiesare important for the userand
which relevantfeaturesin thedatashouldbehighlighted.

Imaging spectroscopy can be usedto scanthe structure
of chemicalelementson materialsurfaces.In contrastto a
volumeconsistingof 3D pointsof scalarvalues,a spectral
datasetconsistsof two spatialdimensionsanda wavelength
in the third dimension.Eachscalarvalue in the volume is
interpretedastheintensityon a wavelengthat a 2D position
on the surfaceof a material.A spectralvolumetricdataset
is often referredto by materialscientistsasa multispectral
data-cube.

Sincechemicalelementshave a uniqueandknown spec-

tral pro�le, scientistscan use spectroscopy to investigate
which elementsarepresenton the surfaceof a materialif
theirspectralpro�le canbeextracted.Unfortunately, extract-
ing a spectralpro�le from a data-cubeis a dif�cult task.
First, the intensityat 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 linearcombinationof wavelengths.
A robustextractionmethodwill beneededto factorthelin-
earcombinationof wavelengthsinto thewavelengthsof each
chemicalelement.Second,spectracharacterizethemselves
by differentlevelsof scalein whichpeaksin thespectralpro-
�le canvary in orderof magnitude.For example,consider
the left plot of Figure1. The sumof all spectralpro�les in
the data-cubeis plotted,with on the x-axis the wavelength
andon the y-axis the measuredintensity. For visualization
purposes,the right part of the plot is magni�ed by a factor
of 467.Variouslargepeakscanbeseenin theleft partof the
spectrum,while very smallpeaksarein theright partof the
spectrum.Both typesof peaksareimportantin theanalysis
of thedata.Theright sideof Figure1 shows thespatialdis-
tribution of spectralpeaks.The valueof a pixel represents
the sum of intensitiesat eachwavelengthat eachposition
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(a) (b)

Figure1: (a) A plot of thesummationof all spectra in thedata-cubefromthecerebral gangliaof thepondsnail.Theright part
of theplot is scaledbya factorof 447.(b) Thespatialdistributionof spectral pro�les.

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

Figure1 is anexampleof how scientistsusetwo side-by-
sideviews to analyzethedatain thedata-cube.Oneview is
the spectralview; it shows the spectralpro�le at all wave-
lengths.Thesecondview is aspatialview; it showsthesum-
mationof thespectralpro�le at eachpositionon thesurface
of thescannedmaterial.It is ourgoalto createadataanalysis
environmentwith oneintegrated3D-view to gain insight to
thespatialdistributionof featuresin thevolume.This is very
dif�cult usingonly thetwo dimensionalviews.Thispaperis
the �rst steptowardsthis goal;we reporton how a transfer
functioncanautomaticallybegeneratedfor a 3D-rendering
of thedata-cube.

1.1. Approach

Our approachusesPrincipal ComponentAnalysis (PCA),
for thegenerationof transferfunctionsof spectraldata.PCA
is a popularmultivariatestatisticalmethodthat is usedto
�nd patternsin dataof highdimension.It is designedto cap-
ture the variancein a datasetin termsof principle compo-
nents.Principlecomponentsarecomputedthatde�ne apro-
jection thatencapsulatesthemaximumamountof variation
in a datasetand is orthogonal(and thereforeuncorrelated)
to thepreviousprinciplecomponentof thesamedataset.In
effect,PCAis trying to reducethedimensionalityof thedata
to summarizethemostimportantpartswhile simultaneously
�ltering outnoise.

To usePCA, the datamustbe expressedin oneor more
variables,representedasa 2D datamatrix. PCA transforms
correlationsin the data into a list of uncorrelatedcompo-
nent vectorsthat is sortedby the amountof variability. In
thecaseof adata-cube,PCAwouldbeappliedto orthogonal

axesof the data-cube,to �nd correlatedspatialfeaturesat
a particularwavelength,or correlatedspectralfeaturesat a
at particularpositionof thesurface.The resultingprincipal
componentsdivide thedatain uncorrelatedspatialfeatures;
i.e.uncorrelatedchemicalelements.

In our approach,however, we combineboth spatialand
spectraldimensionsto form a2D datamatrixandapplyPCA
to this matrix. This resultsin �nding correlatedspatialand
spectralfeatures.Thisway, featuresareusedto discriminate
betweenboundariesof chemicalelementson the material
surface.Weusetheresultingprincipalcomponentvectorsto
constructthetransferfunction.Featuresthathave high vari-
ancescanbe madeopaqueto highlight featuresof interest,
while featureswith low variancesaremadetransparent.

We apply our methodto data from two imaging spec-
troscopy techniques.'Fourier transforminfra-red' (FT-IR)
imagingspectroscopy is a techniquethatemploys thetrans-
missionof infra-redlight throughthesurfaceof a material.
Using the IR spectrum,chemicalbondsandthe molecular
structureof organic compoundscan be identi�ed. Surface
areasassmallas10-15micronscanbedetected.For 'T ime
of �ight secondaryions massspectrometry'(TOF SIMS),
a surfaceis bombardedwith a primary beamof ions. This
resultsin the emissionof secondaryions, which are sub-
sequentlymassanalyzedto generatesurfacemassspectra.
The techniquethereforeprovides very detailedelemental
and chemicalstructureinformation. Using the latestTOF
SIMSinstruments,surfaceareasassmallas3-5micronscan
be detected.While the resultingdatafrom both techniques
have differentnoiseandscaleproperties,both canbe ana-
lyzedsimilarly.
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2. Relatedwork

Early implementationsof volumerendering[Lev88] using
transferfunctions[DCH88] are mostly appliedto datare-
sultingfromCTscans.Many otherareasof applicationcould
bene�t from techniquesdevelopedto beusedin thesemed-
ical applications.For instance,Djurcilov et al. [DKLP02]
usestechniquesfor visualizing3D scalardatasetsby com-
bining uncertaininformationon top of environmentaldata.
Uncertaintyinformationis addedto theclassicvolumeren-
deringequationto highlight importantfeaturesby adjusting
opacity and color. One thing thesedatasetshave in com-
mon: eachdata-pointhasa 3D spatial location in contrast
with spectraldatawhichhasa2D spatiallocationandacer-
tainspectrallocationor wavelength.For thisreasonthereare
not many implementationsof 3D visualizationsfor spectral
data.Oneof thefew examplesof a DVR of a spectraldata-
cubeis shown in “Visualizationof SpectralImages”from
[PvdH01] togetherwith a representationwith theuseof iso-
surfaces,which gave someunexpectedlygoodresultsusing
thosedatasets.Torsonpresentsin [Tor89] a systemfor in-
teractive analysisof 3D data-arrays,which he useson data
from spectrometerinstrumentsfor which conventionalvol-
umerenderingandsurfacedisplaytechniqueswerenot ap-
propriate.He presentsthreereasonsfor not applyingDVR
techniqueson data from imaging spectroscopy. First, the
datavaluesare not smoothlyvarying throughoutthe data-
cube.Second,volume renderingcannoteasily show small
local datavariationssuperimposedon broadoverall varia-
tionsandthird, volumerenderingprovidesonly aqualitative
view of thedata.Thesystemdid not provide any interactive
navigation tools for usingvolumerenderingin a PC-based
virtual reality likeFuhrmannetal. [FÖMH02] implemented
usingCT-data,but this would be the eventualgoal for this
presentedprocedure.

Wetry to solve theproblemsusingDVR for spectroscopy
datausingPCA(see[WRR03]) to detectpatternsin thedata.
Laschetal. [LWMN98] alreadyusedPCAto detectpatterns
in FT-IR dataimages.Anotherapplicationof PCA for pat-
tern recognitionin 3D datasetsis, for example,the recog-
nition of spatial-temporalpatternsin Arctic seaice concen-
trationby Piwowar et al. [PDL01]. A closelyrelatedmulti-
variateimageanalysisalgorithmis IndependentComponent
Analysis(ICA). Muraki et al. [MNK00] applyICA on mul-
tichannelvolumedatafrom MRI scansto separatespeci�c
tissuecharacteristicse.g.waterandfat. They train a radial
basisfunctionnetwork with sampledatafrom thevisible fe-
maledatasetto generatecolor transferfunctions.

He et al. [HHKP96] also usesstochasticsearchtech-
niquesto generatetransferfunctionsfor datafrom MRI and
CT scans,with better resultsthan the approachesrelying
purely on the ' trial and error' of the humanfactor. This
approachrequiresa minimum of computeraid compared
to data-centricor image-centricapproachesasdescribedin
[PLB� 01]. Due to thecomplexity of the taskandthe intro-

ductionof multi-dimensionaltransferfunctions(for e.g. in
[KD98], [KKH01b]) most researchtendstowardsa semi-
automaticapproachin transferfunctiondesignfor directvol-
umerenderingof medicaldatasets.A minimum of userin-
volvementis accomplishedusingdirect manipulationwid-
gets (see[KKH01a]) to createmulti-dimensionaltransfer
functionsfor speci�c datasetsasin [VST� 04].

Different approachesin creating appropriate transfer
functionshaveto beconsideredin therelatively openareaof
usingDVR to visualizethe data-cubesfrom imagingspec-
troscopy. Existing multi-dimensionaltransferfunctionsdo
not handletheequallyimportanthigh andlow peaksin the
spectraldimensionvery well. PCA is in usein identifying
thesedifferentpeaksin theresultingspectraandhasalready
provenitself in theareaof statisticalpatternrecognition.

3. Method

3.1. Data representation

PCAis traditionallyperformedona2D matrixwith thesam-
plesof the datasetin onedimensionandthe differentvari-
ablesin the otherdimension.The spectraldata-cubehasto
beconvertedto sucha matrix with preservationof thespec-
traandimagesasrepresentedin Figure2.

Figure 2: (a) A singlespectrumand (b) a single image in
thespectral data-cube.

A 2D matrix is constructedby unfoldingeachx by y im-
agein thespatialdimensioninto anx� y-dimensionalvec-
tor. Thisvectorrepresentsthespatialdimensionataparticu-
lar wavelength.The2D matrix,X, consistsof eachunfolded
spatialvector, seeEquation1. Eachrow representsanimage
ataparticularwavelengthin thespectraldimension(denoted
in Equation1 aswavelengths1;2; : : : ; l ).

X =

2

6
6
6
4

d1;1 d1;2 � � � d1;x� y
d2;1 d2;2 � � � d2;x� y

...
...

. . .
...

dl ;1 dl ;2 � � � dl ;x� y

3

7
7
7
5

(1)

Thespectrumon a certainspatiallocationrepresentsone
columnin matrix X. A sliceof thedata-cubeat a particular
wavelengthrepresentsonerow.

c
 TheEurographicsAssociation2005.



A. Broersen& R.vanLiere / TransferFunctionsfor ImagingSpectroscopyData

The imagesin matrix X are treatedas samplesin the
datawhich will result in several 'eigenimages'after apply-
ing PCA. The positive and negative peaksin the resulting
eigenimagesrepresentsimilaritiesanddifferencesbetween
thedifferentspatialsamples.

Thespectracouldalsoberegardedassamplesto thePCA
when matrix X is transposed,resulting in 'eigenspectra'.
Thepositiveandnegativepeaksin theresultingeigenvectors
representsimilaritiesanddifferencesbetweenthe different
spectralsamples.

Next, somepre-processingstepsare taken to normalize
thedatain matrix X. First,we subtracteachdatavaluewith
themean.This reducesthe in�uence of extremescalardata
values.Second,scalingdatavaluesaccordingto the vari-
ance.Thisremovesbig variationsbetweenvalues.Bothrows
andcolumnsof the datamatrix X arepre-processedin this
way (using the formulasin 2). Consequentlywe can treat
bothrowsandcolumnsin thematrixasmeasurementswhen
applyingthePCA.

X̃rows = (X � µxy) =sxy (2)

Xpreprocessed =
�
X̃rows� µl

�
=s l

3.2. FeaturedetectionusingPCA

The standardPCA algorithm is used to �nd orthogonal
andnormalizedmatricesfor thespectralandspatialdimen-
sions. Thesematricesare respectively denotedas Pimages
andPspectra. Therows in Pimages aretheeigenvectorsof the
spatialdimensionin the matrix Xpreprocessed� XT

preprocessed.
Pimagesis aranksortedl � l sizedmatrixandPspectra is rank
sortedxy� xy sizedmatrix.

Equation3, shows how Pimages is usedto �nd Yimages, the
by Pimages projecteddataasa linearcombinationof thenew
basesof Xpreprocessed. SY is thediagonalizedcovariancema-
trix, with the ith diagonalvalueof SY beingthevarianceof
Xpreprocessedalongtheithprinciplecomponent.

Yimages = Pimages� Xpreprocessed (3)

such that SY �
1

xy� 1
Yimages�YT

images is diagonalized

Yimages is al � xysizedmatrix.Sincetheprinciplecompo-
nentsin Pimages aresortedin decreasingvariance,thehigh-
estcontribution to thespatialdimensionarethe�rst rows in
Yimages. Thelastrowswith thelowerassociatedvariancesare
morelikely to representnoise.Therowsof Yimagesarecalled
spatialscorevectors.

A similarapproachis usedto �nd themuchlargerxy� xy
sizedmatrix,Yspectra, theby Pspectra projecteddataasa lin-
earcombinationof the new basisof XT

preprocessed. SY is the

diagonalizedcovariancematrix, with the ith diagonalvalue
of SY beingthevarianceof X alongtheith principlecompo-
nentof Pspectra.

Yspectra = Pspectra � XT
preprocessed (4)

such that SY �
1

l � 1
Yspectra �YT

spectra is diagonalized

Theprinciplecomponentswith thehighestcontributionto
the spectraldimensionarethe �rst rows in the matrix. The
lastrowswith thelowerassociatedvariancesaremorelikely
to representnoiseinsteadof interestingspectralfeatures.

3.3. Transfer function generation

In theprevioussectionwedescribedhow theprincipalcom-
ponentsandscorevectorsarecomputed.Theseareusedto
�nd spectralor spatialfeaturesin a 3D spectralvolume.For
the visualizationof thesefeatures,opacity of the transfer
functionis used.Multiple opacityfunctionsareusedfor dif-
ferentfeaturesto isolatethemfrom otherareas.

The eigenimagesandeigenspectramatrices,Pimages and
Pspectra, areusedto computetwo new matrices,Yimages and
Yspectra, which project the original data into a new bases.
To generatethe opacity function of areaswith the highest
variancesin the data,an addition of the �rst scorevector
with the highestspatialvarianceand the �rst scorevector
with the highestspectralvarianceis used.The motivation
is that featureswith the highestvariancein the spatialand
spectraldimensionsarecapturedin onesingleopacitymap.

Equations5 and6 describethis moreformally. Thescore
vectormatrices,Yimages andYspectra, arerewritten asa setof
vectors.Yimages is the projectedspatialmatrix and is writ-
ten as a sortedlist of vectors.YT

spectra is the transposeof
projectedspectramatrix, and is written as a sortedlist of
vectors.Theresultingvectorsarecombinedinto oneopacity
transferfunction. For example,Equation6 shows how the
opacitymapof the�rst scorevectorsis derived.

Here,Yimages is a l � xy sizematrixandYspectra is axy� l
matrix, which is convertedto a l � xy matrix by taking the
transpose.Hence,O1 is a l � xy sizedmatrix.

Yimages=

2

6
6
6
4

i1
i2
...
i l

3

7
7
7
5

andYspectra =

2

6
6
6
4

s1
s2
...

sxy

3

7
7
7
5

(5)

O1 =

2

6
6
6
4

i1
i1
...
i1

3

7
7
7
5

+

2

6
6
6
4

s1
s1
...

s1

3

7
7
7
5

T

(6)
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The3D pointswith thehighestpositive andnegative val-
uesin O1 areassignedto high alphavalues.All regionsin
thevolumetricdatathatcontributeto this�rst principalcom-
ponentaremadeopaqueusingthis3D transparency map.

Similarly, theopacitymapsof thesecond,third, etc.score
vectorscanbegenerated.Differentmappingscouldbecom-
binedto displaysimilaritiesor differencesof multiple fea-
turesin originaldata.

4. Applications

Our methodis appliedon two examplesof spectralrecord-
ings.First, we describethe resultsof our methodwhenap-
plied on a datasetcreatedwith theTOF SIMS technique.It
is a dataset of a small sectionof the anterior lobe of the
cerebralgangliaof the pondsnail,LymnaeaStagnalis.Our
secondexampleis a visualizationof thebrainventricleof a
mouseresultingdatafrom FT-IR spectroscopy.

4.1. The small brains of a snail

A high spectraland spatialresolutioncan be obtainedus-
ing the TOF SIMS. In this exampleatomicandmolecular
structuresin a datasetcanbe identi�ed. Theboundariesof
differentcellscanbevisualizedwhenTOF SIMS is applied
on a slice of the brain of the pondsnail. Figure 1 already
showed the resulting spectraand imagesfrom this spec-
tral scan.Someobvious featuresarehighlightedwhenour
methodis appliedonthisdataset.The�rst two spectralscore
vectorsareshown in diagramaandc of Figure3.

(a) (b)

(c) (d)

Figure 3: (a-c) The �r st two score vectors with (b-d) the
accompanyingeigenimagesasa resultfromthePCA.

Thethreehighestpeaksin (a) representthepositive con-
tributions in the spectraldimensionof the componentthat
isolatesthe largestamountof data.Figure3b givesthecor-
respondingspatialdistribution of the materialin which the
cells in thedatasetareembedded.Thesecondscorevector

in diagram(c) hasisolateda largenegative peak.This peak
correspondswith theredareasin theimageof Figure3d that
canbeidenti�ed assomelargercavities betweenthediffer-
ent cells. Othercomponentsthat result from the PCA also
highlight certainareaswithin or betweencells that contain
differentorganiccompounds.

4.2. The bigger brains of a mouse

Thesecondexampleis asliceof thecentralbrainventricleof
a mouse.FT-IR spectroscopy is appliedto identify different
chemicalfunctionalgroups.Theresultingspectralandspa-
tial componentsarecombinedin different3D mapsof which
thesecond,third andfourtharedisplayedin Figure4.

Thelongaxesrepresentsthespectraldimensionthatends
in the front on wavelengthof 4000cm� 1. The �rst com-
ponentmainly highlightsthe differencesbetweenthe unin-
terestingregionscompletely�lled. The red andorangere-
gions of the componentsrepresentpositive correlationsin
thedatain contrastwith theblueregions.Bothregionscould
beof interestfor theanalysisof the identi�cation the func-
tional groups.The isolatedblue region at the back in dia-
gram(a) on wavelength1550cm� 1, representsthe location
of amidegroups,whereasthe two blue regionsin the front
onwavelength3300cm� 1 and3400cm� 1 representhydroxy
groupsandaminogroups.Differentregionsareclearlydis-
tinguishedin theresulting3D maps.Thesemapscanbeused
asanopacitymapon topof theoriginaldataasshown in di-
agram(a)and(b) of Figure5.

Thesamevolumetricdatacanbeloadedin VolView, avi-
sualizationpackagefrom Kitware.Thispackageoffersmany
tools to interactively createanappropriatetransferfunction
basedon the “trial and error” methodwith an initial esti-
mationof color andopacity transferfunction basedon the
histogramof the data.This initial guessfor an appropriate
transferfunctionis shown in Figure5c. Thispackagecannot
distinguishbetweenthe spatialandspectraldimensionsin
the spectraldatabecauseit usesthe scalarvaluesthe same
way in all threedimensions.VolView cannotdifferentiate
betweensmall but importantdifferencesbetweenvaluesin
the spectraldimensionwhen they are dominatedby large
peaksthatarepresentin otherregionsin thedata-cube.

5. Discussion

Thecurrentpracticein theanalysisof spectraldatais illus-
tratedin Figure1. Two dimensionalplots,onefor thespec-
tral and one for the spatial information, are usedto view
the data set. In this paper, we have introduceda method
to view spectraldatain threedimensions.Thethreedimen-
sionalview is usedto gaininsightinto thespatialdistribution
of featuresin thevolume,which is very dif�cult to do using
only the two dimensionalviews. We have discussedhow a
transferfunction canbe generatedusingPCA. The contri-
bution is thatPCA is appliedin both thedimensionsof the
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(a) (b) (c)

Figure 4: The(a) second,(b) third and (c) fourth componentmappingswith the negativecontributionsin blue and positive
contributionsin red.

(a) (b) (c)

Figure 5: (a-b) Two resultingcomponentmappingsappliedon theoriginal datacomparedwith (c) theVolView representation
of thesamedataset.

individual images,aswell asin thedimensionsof thespectra
of all images.

Using PCA in both dimensionsof the datacubeallows
us to addressthe two major problemsthat werementioned
in the introduction.First, intensityat eachpoint in thedata
consistsof contributionsof many spectra.UsingPCA in the
spectraldimension,resultsin theprinciplecomponentsof a
numberof spectra.Second,spectracharacterizethemselves
bydifferentlevelsof scale.PCAisatechniquethatcomputes
variances.Hence,thetechniquewill �nd variancesbetween
spectrawith very largepeaksandalsobetweenspectrawith
low peaks.

Wenow discusssomepros/consof theproposedmethod:

� Althoughthe�rst principalcomponentisusedtohighlight
thedataregionsthatof which have thehighestvariances,
thisdoesnotnecessarilymeanthemostinterestingfeature
is capturedby the�rst component.For example,a princi-
ple componentcould containhigh variancesin the spec-
tral dimensionand very low variancesin the spatialdi-
mension.As aconsequence,eachopacityfunctionshould
still bemanuallycheckedby theuser.

� Componentvectorscancontainnegativevalues,although
the original datadoesnot. Thesenegative peakscan be
just as importantas the positive, but it is uncertainhow
the compositeopacitymapis affectedwhenthey have a
positivespectralbut negativespatialcontribution.

� Themethodnormalizesthedataasmuchaspossibleand
reducevariancesin both dimensions(seeEquation2).
This is dif�cult to realizein bothdimensionswithout los-
ing thedirectrelationbetweenspectralandspatialcompo-

nents.Therecanbesomeoutliersthatcannotcompletely
be�ltered out in thepre-processingstepswhentheir val-
uesaretoodeviant to successfullyauto-scalethedataand
losetheextremevalues.An alternative data-scalingtech-
niquemaybeusedto remove theseoutliersautomatically
usinga thresholdfunctionto �lter outextremevalues.

� Thesolutionof Yspectra canbeusedto computethematrix
Pimages as

Pimages=
Yspectraq
å Y2

spectra

(7)

This optimizationhasa much lower computationalcost
thanwasgivenin Equation4 sincel � x� y .

� As mentionedabove, PCA is used to analyzespectra
andhighlight contrastingfeaturesin images.Even small
differencesbetweenspectraand imagescanbe detected
whenthey arecorrectlypre-processed.Hence,themethod
canalsobeusedto detectnoisein bothspectralandspatial
dimensions.The' leastprincipal' componentswill contain
mostof thenoisepresentin thedata.

� Themainadvantageof usingourmethodto detectspectral
andspatialfeaturesis thedirect linkagebetweenbothdi-
mensionsby usingtheresultin onedimensionto calculate
theother(seeEquation6). It is not possibleto automati-
cally link componentsusingseparateanalyzesby treating
thespectraor imagesasdimensionwith measurements.

5.1. Futur ework

Our methodis just the �rst stepin creatinga tool for the
analysisof spectraldatausingdirect volumerendering.In
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the future,3D separationandclusteringalgorithmswill be
incorporatedto improve the de�nition of the opacity func-
tion. Another improvementwould be the automaticidenti-
�cation of featuresby addingadditionalinformationabout
spectralpeaks.Componentvectorscouldbematchedusing
this databaseof scorevectorsto labelthedifferentvolumet-
ric regions in the visualization.Storageof datasets,their
featuresandclassi�cationscould eventuallyevolve into an
integratedsystemfor featurerecognitionand analysis.Fi-
nally, themethodwill beappliedto othermultidimensional
scienti�c datasetswhichlendthemselvesfor �nding highdi-
mensionalpatterns.
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