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Abstract

In this paperwe presenta suite of new imageprocessingools for GRASS.New modulesare sug-
gestedto supportimproved and semi-automategeocodingof verticalimagery The ortho-recti cation
procedurehiave beenextendedto rectify obliqueimageryfrom digital hand-heldcamerador rendering
purposes. Multi- and hyperspectraimage analysishas beenimplementedto derive landuse/landocer
mapsat subpixel resolution. Imagefusion with the Brovey transformis shavn. We nally shav high
performanceSMAP imageclassi cationon anopenMosixcluster

Keywords: Remotesensing GIS,image registration, orthophoto spectal unmixing image fusion, GRASS
onopenMosixCluster

1 Intr oduction

Remotesensingat variousscalesplaysa major role in spatio-temporakarthsurfacemonitoring. A wide
rangeof satelliteplatformsaswell as Im anddigital aerial photographyprovide a hugedatarepository
Digital imageprocessingn GRASShasbeenenhancedby a suiteof toolsaspresentedh this paper Thein-

tegrationof remotesensingoolsinto afull GeographidnformationSystem(GIS) providesa majoradvance
over stand-aloneolutions.Thenew methodsareapplicablebothto aerialandsatelliteimagery

2 Imageregistration

While imageregistrationsupporthasbeenpresenin GRASS([10]) for mary years therehave beensome
restrictionsn the e xibility of theprovidedtools. A basicproblemis thetime consumingnanualidenti ca-

tion of groundcontrolpoints(GCPs).To overcomethis problem,two new methodshave beenimplemented
which addresghe GCPidenti cation within time-distanimagesaswell asthe semi-automatizatioof the
GCPssearch.

2.1 Imageregistration by homography

Imageregistrationof heterogeneoudatasourcesuchashistoricalimagesandpresent-dayrthophotosf-
ten turns out to be complicateddue to differencesin surwey time, cameratype and the evolution of the
obsenedlandscape The searchof groundcontrol pointsbecomesery time consumingandmay be even
impossiblefor somepartof theimagescene. The commonway of registeringimagesis to nd correspond-
ing points(GPCs).An alternatve methodis the selectionof correspondindines. Linearstructuresaremore
easilyidenti able by humaneye thanpoint structuregq[2]). In caseof imageregistrationof historicalim-
ages,substantiathangesdn the landcoer/landusenay renderpoint identi cation to be impossiblewhile
linear structuressuchasbridges,streetsandrailroadsstill canbe selected.A combinedmethodhasbeen
implementedn the new modulesi . | i nespoi nt s which permitsidenti cation of commongroundcon-
trol pointsin combinationwith correspondindines. A subsequentun of thenew modulei . honogr aphy
allows for homographyasedmagerecti cation ([3]).

Homographyis a simple linear projective transformationof four known pointsin one planarsystem
(%, y) to anotherplanarreferencesystem(x’, y"). Thus,this transformations applicableonly to images
covering at terrain. In thenew i .| i nespoi nts, the transformationwhich was originally developed
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Figurel: Imageregistrationwith homographySelectingcorrespondingdineswith i.linespoints (left:
NHAP, right SPO MSS).

for points only hasbeenextendedto homogeneougquationswhich describea line (t, u). To unify the
two techniqueswe developeda methodwhich givesa differentweightto pointsandlines (extendingthe
approachof [8]) accordingto a ¢ weighting parameter To minimize the transformatiorerror, the Brent
minimization algorithmwas usedto determinethe parameteic. Anotherrelatedmethodto calculatethe
meanerror was implementedin orderto provide this value to the userfor both points and lines types.
Additionally atestsetof independenpointscanbe speci edandtransformedo verify theoverall quality of
therecti cation for otherpartsof theimagescene.

Figure 1 illustrates the selection of correspondinglines in very heterogeneousmages with
i . l'i nespoi nts. Thesubsequeniseofi . horrogr aphy recti es theimageto thetargetLOCATION.

2.2 Semiautomatedimageregistration by Fast Fourier Transform

The classicalimageregistrationis doneby searchinga certainnumberof correspondingpoints (ground
control points, GCPs)betweentwo images. Oneimageis selectecasreferenceamages. Thesepointsare
thenusedto de ne a transformatiorfunction, usuallya polynomial, to rectify the unregisteredimage. In
currentGRASSversionsheseGCPshave to beidenti ed manually

Thenew modulei . cor egi st er providesanalternatve, semiautomatedpproactto nd correspond-
ing pointsin two overlappingimages([7]). GCPsarefound by maximizingthe cross-correlatiomwithin
masterslave searchwindows betweernthe two images. The cross-correlations calculatedby a frequeny
analysisof the Fouriertransformedsearchwindows.

In orderto obtainhigh registrationaccurag, rst two regionsareroughlyindicatedon screerby mouse,
with verygeneralequirementso imagedimensiongndoverlappingzonecharacteristicsAfter determining
thesizeof thesesearchwindows (&, seeFig. 2), thesearchwindow jump distancg(S;, jumpin pixelswhen
moving thesearchwindow) andthesearchwindow border(S,, minimumdistancdo keepfrom border setto
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Figure2: De nition of searchwindowsin FFT basedmagecorrelation(i.coregister )

Si/2) thealgorithmsearchefor theshift maximizingthe cross-correlatiobetweerthetwo searchwindows.
Letl; xy andl, x y bethecurrentmasterandslave searchwindows respectrely. The cross-correlation
isde ned as

Htto l1 Xylox t1y todm Q)
s

where S is the searchregion andt; andt, representhe horizontaland vertical shifts respectiely. The
convolutiontheoremallows usto computethe cross-correlatiom termsof the Fourier Transformsof |; and
lo:

Htto oy I2 (2

where indicategheFourierTransformand  its complex conjugate Thepositionof themaximumcor-

relationvalue, t; t,  maxH t; t, , determineshepositionof the GCPfor thecurrentpair of master/slae
thto
searchwindows.

The setof GCPsis saved into the commonGRASSPOINTS sstructurefor laterusewith i . rectify.
Fig. 3 shavs an examplefor the automatedsearchof GCPsby cross-correlatiorin a userde ned search
region.

Thelist of GCPsgeneratedby i . cor egi st er canoptionallybe corvertedinto the 3D POINTSstruc-
ture of i . ort ho. phot o by a new scripti . poi nt sfil e2ort hopoi nt sfil e. sh which megesthe
POINTS le with auserspeci edcamerale andelevationswhich areautomaticallyqueriedfrom a DEM.

2.3 Imageregistration of oblique aerial photosfrom digital hand-held cameras

A new applicationof thei . or t ho. phot o algorithmis proposedor the registrationof obliqueimagery
asproducedby handhelddigital camerag[6]). The underlyingideais to improve the visual perceptionof
perspectie renderingbasedon orthophotos.While obliquerenderingusing a digital elevation modeland
orthophotosusually suffers from perspecitie displacementswe shaw that digital photostaken by cheap
digital cameraganbe geocodeandusedto improve thevisualperception.

Theexisting ortho-recti cationalgorithmhasbeentestedfor

usageof digital imageswhich arelacking ducial marks;
estimationof thefocal lengthof digital hand-heldcameras;

estimationof exterior orientationof obliquephotographsakenby a digital hand-heldcamera.
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Figure3: Automatedsearchof GCPsby cross-correlatiom auserde ned searclregion(i.coregister )

Most digital hand-heldcamerascreatephotosin JPEGformat with EXIF (ExchangeablémageFile)
extensionwhich storesmetadataf the cameraUsinga JHEAD EXIF JPEGcamea settingparsert camera
parametersanbeextracted suchasshutterspeedthedistancehe cameravasfocusedat, focal lengthand
the calculated35 mm equivalentfocal length,imagesize andresolution,the time and datethe picturewas
taken,aswell asthecameramakerandmodel.

The estimationof the parameterf the exterior orientationis done using the “Space Resectionby
Collinearity” methodfollowing the approactof [18]. SpaceResectioris a methodof determiningthe six
elementsf exterior orientationof a singletilted photograph.Basedon leastsquaresechniqueghe most
probablevaluesfor the six elementsaredetermined.

In orderto rectify anobliqgueimagewith i . or t ho. phot o, thefollowing modi cationsto the standard
proceduréhave to beapplied:

thefocal lengthis takenfrom the JHEAD output;

thenumberof ducial marksis setto four, their positionsare centerecbn eachsideof the photo. To
getthe positionin millimeters, the relation betweenthe longerand the shorterside of the photois
consideredin caseof anon-quadratiphoto),aswell astheresolutionversushe photosizein pixels;

initial parametersor the exterior orientationhave to be estimatecandenterednto therelatedscreen
ofi . ortho. phot o:

— the x, y, z coordinatesof the cameraposition can be easily estimatedfrom DTM with
d. what . r ast orthe“What's here”functionalityof nvi z;
— theorientationangles(w, f, k) of thecameracanbe estimatedwvith d. neasur e;

thegroundcontrolpointsareidenti ed asusual however, theuserhasto take careto selectappropriate
pointsin boththe obliquephotoandthe map/orthophoteeferencgusuallyobjectcorners).

Finally the ortho-recti cationis performed. A detailedreportof the parameteestimationcan be ob-
tainedby recompilationof i . or t ho. phot o with dehug optionenabled.Fig. 4 shovs anexamplefor the
registrationof anobliquephoto.

1JHEAD EXIF JPEGcamerasettingparser http://www.sentex.net/~mwandel/jhead/
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Figure 4: Perspectie renderingof an oblique photo taken by a digital hand-heldcamera(registeredby
i.ortho.photo ), the photois drapedoveranorthophoto

3 Newimageclassi cation tools with subpixelaccuracy

In this sectionof the paperwe presentwo methoddor analyzingmulti- andhyperspectradlata.Hyperspec-
tral sensorglivide the waveband-rangef interestinto hundredsof contiguousnarrav bands.This spectral
samplingis thensubjectto signatureanalysis,usuallybasedon a spectrallibrary containinga large setof
laboratoryspectraor on geometricakearcHor purespectran theimagescendtself. The datain eachpixel
canbeunderstoodsa cubeof two spatialdimensionsandathird spectradimensionthewavelength.One
or mary objectsare coveredby a pixel, resultingin mostly mixed spectralsignalsof objectswithin each
pixel.

A commonmodelto describehesemixedsignalsis assumptiorof linearmixing (linear mixture model,
LMM). The methodsof spectralangle mappingand spectralunmixing decomposehe mixed signalinto
a setof known spectra(endmembersfrom the spectrallibrary. This resultsin a classi er with subpirel
accurag asfor eachendmembeanalbundancemapis producedDif culties arisefrom variousfactorssuch
asdependencen sunangle,atmospheri@absorptionand scatteringre ections andshadaeving, aswell as
spatialandspectrabberrationsn the sensof14].

3.1 Spectral Angle Mapping

Spectralanglemappinghasbeenimplementedn the new modulei . spectral . sam([9]). For a setof
bandshealgorithmis calculatingthe anglesto a setof objectspectravhich arereadfrom a spectralibrary.
SAM is invariantto unknonvn multiplicative scalingsand,consequentlyis invariantto unknovn deviations
that may arise from differentillumination and angle orientation([5]). Details are explainedin the next
section,seeeq.12.
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3.2 Spectral Unmixing

Spectrainmixingfor landuse/landogermappingat subpixel precisionhasbeenimplementedn themodule
i .spectral.unm x ([9]). Multi- andhyperspectratiatacanbe analyzedagainsta spectrallibrary (e.g.
USGSDigital SpectraLibrary?, ASTERspectralibrary®). Themodulegenerateasmary atundancemaps
asobjectspectraareused. The implementedalgorithmassumeshe linear mixture of objectspectra(also
called“endmembers”within eachpixel.

Thegenerakases asetof linearequationsvith mequationandn endmembespectrd15]. Thenumber
of equationsmis identicalto the numberof bandsof the sensar Thefractionsof endmembersepresenthe
percentagef landuse/landogerwithin the actualpixel. The numberof endmembewhich canbe extracted
is ashigh asthe numberof bands Written asa generakystemof equations:

a11Xg aioxe ainXn by
aXy axX2 aznXn by
. : : ®3)
miX1 ampX2 AmnXn bm
Therows correspondo thebandgmbandsyndthecolumnsto theendmembespectran endmembers).
Theconstants;j representhere ection valuein theithband(0 i m) of the jthobject(0 j n). The

percentagef anendmembefractionwithin apixelis x; while b; describeshe overall pixel valueof theith
band.This canberewritten as:

a1 a2 ain X1 by
a1 ax an X2 b
: : (4)
am1  am2 Amn Xn bm
andsimpli ed to:
AX b (5)

HereA depictsthematrix of referencespectrathevectorx the percentagéractionof spatialdistribution
within thepixel andthevectorb the pixel valuesin theimagescene.

To solve this systemof equationsit is requiredto have m  n which meanshatthe numberof objects
to be analyzedcanbe lower or asmuchasthe numberof bandsavailable. In caseof m  n the matrix A
is quadratic.An additionalconditionis thatthe equationsshouldbe linearly independenti.e the matrix A
needgo have alargerank.

Theunknown vectorx canbecalculatedas:

x Al (6)

But to getphysicallymeaningfulresults we mustenforcetwo boundaryconditions:
First,thesumof all fractionsmustbe 100%(full additivity, assuminghe casethatatleastonereference
spectrumis foundin eachpixel):

n
ax 1 )
i1

Secondthefractionsmustbezeroor positive asno negative areasizesexist in nature(non-neativity):

Xj 0 forallj (8)

Theidealsolutionof therewritteneq.6 is zero:

Al x'o 9)

2UsSGSDigital SpectraLibrary, http://speclab.cr.usgs.gov/spectral- lib.ht  ml
3ASTERspectralibrary, http://speclib.jpl.nasa.gov



MarkusNeteler Daniel GrassoJvanMichelazzi,LucaMiori, SteanoMerler, Cesard-urlanello 7

X2

b

X2

\g

Positive solution space for (x, x_ X_)

Positive solution space (xlxz) 1% X,

X3

@ (b)

Figure5: Permitted(bright) andundesireddark) negative solutionspaceof a two-dimensiona(a) andof a
three-dimensionapectraunmixing (b) with constraintgafter[16])

But dueto limitationsin the accuray of the referencespectralimitationsin the assumptiorof linear
mixture andnaturaldeviationsof the objectspectrafrom the referencespectrathe eq. 6 cannotbe solved.
To overcomethis problem,anerrorterme is introducedo coverthe unidenti able objectspectraandnoise:

Al x e (10)

Becausevectorx anderror e areunknown, theequationcanbe solvedby minimizing theerrore through
least-squaresTheerrorfunctionF to be minimizedcanbewritten as:

F ad (11)

With minimizationof the errorfunction F, the vectorx which representshe percentagéraction of the
referencespectran the actualpixel canbe calculatedrom eq.5. The methodshave beenimplementedo
calculatethe areafractionsx; while minimizing the error and respectingthe two boundaryconditionsas
givenin eq.7 andeq.8.

It is recommendedo testfor linear dependenciebeforehandhe matrix of referencespectraA using
SpectralAngle Mapping (SAM). In this casethe selectedspectrashouldbe exchangedrom the matrix to
improve the spectralseparability Thisis obtainedby calculatingtheanglej betweercolumnvectora; and
a;j 1inthematrix,i.e. betweerindividual referencespectra([16]):

1 ajTaJ 1
a;

j cos (12)

2 A1,

Thelengthof thevectorsrepresentshe signalpower, i.e. there ectivity of the obseredobjectsurface.
If the spectraaretoo close,i.e. theanglej is too small,a spectralseparatiorcannotbe performed.In this
casethevectorsarelinearly dependentLessnoiseanda highernumberof bandsminimizesthe problem.

A mathematicaproblemarisesfrom the inversionof matrix A (eq.6 andeq.9). Dueto limits in the
sensorsignalandothernoiseonly ill conditionedmatricesareexpected classicamatrix inversionmethods
suchas Gausseliminationor LR decompositiorwill fail here. The Singularvalue decompositio(SVD)
proposedy someauthordss alsoinappropriateasit doesnotful Il thesecondoundarycondition(eq.8).

While enforcingthe rst (sumof areashe 100%)andthe secondall areapercentagewithin thepositive
range,compareed. 5) boundaryconditionsthe implementedalgorithm iteratively minimizesthe error e
(constrint leastsquae method [15]). Mathematicallythe solution of the equationis projectedfrom the
undesirechegative solutionspaceo the boundaryof the desiredpositive solutionspacg[16], [4]:8).
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Figure6: Examplefor error function F, ascalculatedfor a pixel in spectralunmixing of two bands. The
gures depictsthe caseof a numericallycorrectsolutionfor fractionx in the negative range.However, this
minimum solutionis outsidethe boundaryconditions. The physically desiredsolutionx lays within the
rangeof 0% to 100% (triangle on error surface)andis found by projectinginto the positive rangewhile
keepingx ascloseaspossibleto errorminimumatx.

To solwve the setof equationgthe gradientof the error function F (eq. 11) is considered.In a multi-
dimensionalfeaturespacethe function F is a hyperparabola. A three-dimensionatasefor two spectral
bandsis shovnin g. 6. Theerrorsurfacefor this exampleis calculatedas:

F Ax b3 Ax bTAXx b (13)

The numerically optimal solution x would be the minimum of the error function but it violatesthe
boundaryconditions. In the proposedalgorithm,a vectorx is initialized to a seedvalue. The setof seed
valuesinitially de ne an equivalentareafraction for eachendmembeandare put into eq. 9. Usingthe
approachof deepestlecentthe calculatederror can be minimized. To do so, the valuesof the vectorx
areloweredby the smallvalue min the directionof decreasinglopeof the errorfunction. The gradientat
positionk onthe errorsurfaceF is calculatedas(Harteneckl998,pers.comm.):

TF
x
Thenew vectorx (k+1) is calculatedor anincrementmas:

2AT Ax k b (14)

xk 1 xk m2AT Axk b (15)

In the next iterationthe new vectorx will beinsertedagaininto eq. 9, which determinesa new error
value. This will leadto a correctedvectorx . We nish theloop whenwe leave the positive solutionspace
or whenwe reachthe minimum of the errorfunction. Theiterationis performeduntil no furthersigni cant
changeappeardn theerrorminimization.In g. 6,thesearctor theoptimalsolutioncanbeseerasmoving
towardsof the minimum. To spectrallyunmix animagescenethis methodmustbe appliedto all pixels.
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Figure7: XGOBI multi-sessiorwith interproceseommunicatiorenabled Theusercanselectendmembers
for spectralunmixing in the extremitiesof the dataclouds (here PCA and TasseledCap transform)and
analysehespectran the parallelplot window

The signatureanalysisis usuallybasedon a spectrallibrary containinga large setof laboratoryspectra
or donewith a geometricakearchfor “pure” spectran theimagescene A geometricabearchcanbedone
by variousmethodssuchasusingPrincipal ComponenfAnalysis(PCA). Endmember$‘pure” spectrajgre
locatedin the extremitiesof the PCA-transformednultidimensionalpixel cloud. They canbe extracted
interactvely with XGOBI software([17]). This softwaresupportsnterprocesgommunicatior(IPC)which
enablegheuserto run severalprogramsessiondn parallelwhile the sessiongnaintaincommunicationThe
usercaninteractvely querytransformedand untransformediatain eithersessiorfor the identi cation of
endmembergixel mapcoordinatesireindicatedn all XGOBI windows(seeg. 7). Fromthesecoordinates
purepixelscanbeeasilyextractedandusedasendmembers.

Fromthecreatecendmembete (eitherfrom aspectralibrary or from geometricakearctwithin theim-
agescene}thespectrainmixingis performed.Theresultis a setof endmembeabundancenapsdescribing
pixelwisethe areapercentagef eachendmemberThealgorithmis implementedn i . spectral . unm x.

4 Image fusion with Broveytransform

In remotesensingsystemgartsof the spectrumareobsenedin differentportionsto minimizetheimpactof
noise.While multispectrakensorprovide high spectrakesolutionatlower spatialresolution panchromatic
sensorgollectdataat high spatialresolutionandlower spectrakesolution.Numerousalgorithmshave been
proposedo combinethesedatawith bestcharacteristicef both sensottypes. Oneof thesealgorithms the
Brovey transformhasbeenselectedor scriptbasedmplementationin GRASS.

The Brovey transformis a color transformwhich normalizeghreeinput bandsandmultipliesthe result
with a higherresolutionband(panchromaticj[12; 11]):

DNp1

DN
fused  DNp; DNpz DN

DNpan (16)
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Figure8: Left: LANDSAT-7 RGB compositeat 28.5m; right: LANDSAT-7 RGB/FAN Brovey fusion at
14.25m

The Brovey algorithmholds an intermediateposition betweenbandarithmeticand componentsubsti-
tution methods. A new scripti . f usi on. br ovey hasbeenintegratedto GRASS5.7 to supportPAN
sharpeningof multispectralsatellitesuchasthat from LANDSAT-7, Quickbird and SPQA. The algorithm
performsimagefusion of the high resolutionpanchromatichannelwith the multispectrachannelsatlower
resolution.Theresultingpseudo-RGRhannelsaresavedatthehigh resolutionof thepanchromatichannel
andhave anearnaturalcolor table. An exampleof LANDSAT-7 fusionis shavnin g. 8.

5 High performanceimageclassi cation on openMosixcluster

A high performancesolutionfor imageclassi cationwith GRASSat meso-scaléut with high spatialreso-
lution wasdeveloped.A script-basedpproactto run the standardunmodi ed GRASSon an GNU/Linux
basedpenMosixcluster(20 PCs,40 CPUs)hasbeenimplementedo classifymultispectrakolor orthopho-
toswith SMAP algorithm(Sequentiamaximuna posterioriestimation[1], [13]:440).

openMosix(www.openmosix.org , publishedunderGPL) is a Linux kernel extensionfor single-
systemimageclustering. OnceopenMosixis installedandthe clusternodesare connectedy a local net-
work, thenodesn theclustercommunicateo optimally distributetheworkload. Processesriginatingfrom
ary nodecanmigrateto ary othernodeif the currentnodeis too busycomparedo others.openMosixcon-
tinuouslyattemptgo optimizetheresourceallocation.New nodescanbe addedwhile the clusteris running
andthe clusterwill automaticallybegin to usethe new resourcesDueto the distributedcomputingconcept
of openMosixthe clusterbehaesmuchlike a symmetricmulti-processo(SMP).

In orderto run GRASSIn parallelwithout codemodi cations,a multiple sequentiabpproactwasused.
Within the job launchscript the GRASS ervironmentvariablesare de ned. It is importantto run each
job in its own mapsetto avoid onejob in uencing the settingsof anotherjob. The de nition sectionis
followedby the GRASSanalysig(in our casethe SMAP classi cation). To nish, thelaunchscriptremoves
thetemporaryles andcopiestheresultingclassi cationmapto the PERMANENT mapset.lt usesUNIX
commandsasthe original g. copy commandmay fail dueto raceconditions(here: concurrentwriting of
les) with otherjobscopying resultsto the PERMANENT mapsettthe sametime.

The approachwastestedin alarge studyarea,the AutonomousProvince of Trento(ltaly), which is of
approximately6200km? area. This areais coveredby 280 RGB orthophotosat a resolutionof onemeter
perpixel. In teststherequiredtime to analyzetheseorthophotosat the givenresolutionwasreducedrom
estimatedl10daysonasingleCPUto 5 daysontheITC-irst openMosixcluster



MarkusNeteler Daniel GrassoJvanMichelazzi,LucaMiori, SteanoMerler, Cesard-urlanello 11

Acknowledgments

Prof. Dr. Bruzzoneat University of Trentosupervisedhe work developedin Section2.1 andSection2.2.
S.FontanariandS.MenegonatITC-irst gavetechnicalssistanc therelatedsourcecodeimplementations.
MarkusNetelerwassupportedy the FUR-FAT ProjectWebFAQ.

References

[1] C.BoumanandM. Shapiro.A multiscalerandomeld modelfor BayesiarimagesegmentationlEEE
Transaction®n Image Processing3(2):162—-1771994.

[2] J.ChambersW. Cleveland,B. Kleiner, andP. Tukey. Graphicalmethoddor dataanalysis Chapman
& Hall, 1983.

[3] D. Grasso.Rggistrazionedi immagini telerilevate mediantestrutturelineari e groundcontrol points.
Masters thesis Universityof Trento, Italy, 2004.

[4] S.E.Hobbs.Linearmixturemodellingsolutionmethoddor satelliteremotesensing.TechnicalReport
9603,COA, Bedford,3 1996.

[5] N.KeshaaandJ.F Mustard.SpectralUnmixing. IEEE SignalProcessing19(1):44-572002.

[6] I. Michelazzi. Geocodi caed elaborazioneli immagini oblique per visualizzazione8D in ambiente
GIS. Mastersthesis,Universityof Trento,ltaly, 2004.

[7] L. Miori. Tecnicheautomaticheperla co-registrazionedi immaginitelerilevate. Masters thesis,Uni-
versityof Trento,Italy, 2004.

[8] V. Murino, U. Castellani,A. Etrari, and A Fusiello. Registrationof very time-distantaerialimages.
Proc.ofthelEEE Int. Conf onImage ProcessindICIP 2002,RodesterNY, Sept22-25) 111:989-992,
2002.

[9] M. Neteler SpectralMixture Analysisvon Satellitendaterzur Bestimmungvon Bodenbedeckungs-
gradenim Hinblick auf die ErosionsmodellierungMasters thesis,University of Hannover, Germaty,
1999.

[10] M. NetelerandH. Mitasova. OpenSouce GIS: A GRASSGIS Approadh. Number773in SECS.
Kluwer AcademicPublishersBoston,2nd edition,June2004.

[11] C. PohlandJ.L.vanGenderen.Multisensorimagefusionin remotesensing:conceptsmethodsand
application.Int. J. of Rem.Sens.19:823-8541998.

[12] N.E.G.RollerandS. Cox. Comparisorof LandsatMSS andmemgedMSS/RBYV datafor analysisof
naturalvegetation. Proc. of the 14th International Symposiunon RemoteSensingof Environment
pagesl001-10071980.

[13] R. Schavengerdt. Remotesensing: Modelsand methodsfor image processing AcademicPress,2
edition,1997.

[14] G. Shav and D. Manolakis. Signal processingor hyperspectraimage exploitation. IEEE Signal
Processing19(1):12—-162002.

[15] Y.E. Shimalukuro and J.A. Adams. The least-squaresixing modelsto generateraction images
derivedfrom remotesensingnultispectratata.|lEEE Transaction®n GeosciencandRemotesensing
29(1):16-20,1991.

[16] Y. SohnandR.M. McCaoy. Mappingdesertshrubrangelandusing spectralunmixing and modeling
spectralmixtureswith TM data. PhotaggrammetricEngineering& RemoteSensing63(6):707-716,
1997.



12 New imageprocessingoolsfor GRASS
[17] D.F Swayne,D. Cook,andA. Buja. XGobi: Interactive dynamicdatavisualizationin the X Window
System.Journal of Computationabnd Graphical Statistics 7(1):47-67,1998.

[18] P Wolf. Elementf PhotagrammetryWith Air Photolnterpretationand RemoteSensing McGraw-
Hill, New York, 2ndedition,1983.



