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Abstract

In this paperwe presenta suiteof new imageprocessingtools for GRASS.New modulesaresug-
gestedto supportimproved andsemi-automatedgeocodingof vertical imagery. The ortho-recti�cation
procedureshave beenextendedto rectify obliqueimageryfrom digital hand-heldcamerasfor rendering
purposes.Multi- and hyperspectralimageanalysishasbeenimplementedto derive landuse/landcover
mapsat subpixel resolution. Imagefusion with the Brovey transformis shown. We �nally show high
performanceSMAP imageclassi�cationon anopenMosixcluster.

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

1 Intr oduction

Remotesensingat variousscalesplaysa major role in spatio-temporalearthsurfacemonitoring. A wide
rangeof satelliteplatformsaswell as �lm anddigital aerialphotographyprovide a hugedatarepository.
Digital imageprocessingin GRASShasbeenenhancedby asuiteof toolsaspresentedin thispaper. Thein-
tegrationof remotesensingtoolsinto a full GeographicInformationSystem(GIS)providesamajoradvance
overstand-alonesolutions.Thenew methodsareapplicablebothto aerialandsatelliteimagery.

2 Imageregistration

While imageregistrationsupporthasbeenpresentin GRASS([10]) for many years,therehave beensome
restrictionsin the�e xibility of theprovidedtools.A basicproblemis thetimeconsumingmanualidenti�ca-
tion of groundcontrolpoints(GCPs).To overcomethis problem,two new methodshavebeenimplemented
which addresstheGCPidenti�cation within time-distantimagesaswell asthesemi-automatizationof the
GCPssearch.

2.1 Image registration by homography

Imageregistrationof heterogeneousdatasourcessuchashistoricalimagesandpresent-dayorthophotosof-
ten turns out to be complicateddue to differencesin survey time, cameratype and the evolution of the
observed landscape.The searchof groundcontrol pointsbecomesvery time consumingandmay be even
impossiblefor somepartof theimagescene.Thecommonway of registeringimagesis to �nd correspond-
ing points(GPCs).An alternativemethodis theselectionof correspondinglines.Linearstructuresaremore
easilyidenti�able by humaneye thanpoint structures([2]). In caseof imageregistrationof historicalim-
ages,substantialchangesin the landcover/landusemay renderpoint identi�cation to be impossiblewhile
linear structuressuchasbridges,streets,andrailroadsstill canbe selected.A combinedmethodhasbeen
implementedin thenew modulesi . l i nespoi nt s which permitsidenti�cation of commongroundcon-
trol pointsin combinationwith correspondinglines. A subsequentrun of thenew modulei . homogr aphy
allows for homographybasedimagerecti�cation ([3]).

Homographyis a simple linear projective transformationof four known points in one planarsystem
(x, y) to anotherplanarreferencesystem(x', y'). Thus, this transformationis applicableonly to images
covering �at terrain. In the new i . l i nespoi nt s , the transformation,which was originally developed
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Figure1: Imageregistrationwith homography:Selectingcorrespondinglineswith i.linespoints (left:
NHAP, right SPOT MSS).

for points only hasbeenextendedto homogeneousequationswhich describea line (t, u). To unify the
two techniques,we developeda methodwhich givesa differentweight to pointsandlines (extendingthe
approachof [8]) accordingto a c weightingparameter. To minimize the transformationerror, the Brent
minimizationalgorithmwasusedto determinethe parameterc. Another relatedmethodto calculatethe
meanerror was implementedin order to provide this value to the user for both points and lines types.
Additionally a testsetof independentpointscanbespeci�edandtransformedto verify theoverallqualityof
therecti�cation for otherpartsof theimagescene.

Figure 1 illustrates the selection of correspondinglines in very heterogeneousimages with
i . l i nespoi nt s . Thesubsequentuseof i . homogr aphy recti�es theimageto thetargetLOCATION.

2.2 Semiautomatedimageregistration by FastFourier Transform

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

Thenew modulei . cor egi st er providesanalternative,semiautomatedapproachto �nd correspond-
ing points in two overlappingimages([7]). GCPsare found by maximizing the cross-correlationwithin
master-slave searchwindows betweenthe two images.The cross-correlationis calculatedby a frequency
analysisof theFouriertransformedsearchwindows.

In orderto obtainhigh registrationaccuracy, �rst two regionsareroughlyindicatedonscreenby mouse,
with verygeneralrequirementsto imagedimensionsandoverlappingzonecharacteristics.After determining
thesizeof thesesearchwindows(Sd, seeFig. 2), thesearchwindow jumpdistance(Sj , jumpin pixelswhen
moving thesearchwindow) andthesearchwindow border(Sb, minimumdistanceto keepfrom border, setto
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Figure2: De�nition of searchwindows in FFT basedimagecorrelation(i.coregister )

Sd/2) thealgorithmsearchesfor theshift maximizingthecross-correlationbetweenthetwo searchwindows.
Let I1 �

x � y� andI2 �

x � y� bethecurrentmasterandslave searchwindows respectively. Thecross-correlation
is de�ned as

H
�

t1 � t2 ���	�

Sr

I1 �

x � y� I2 �

x 
 t1 � y 
 t2 � dm� (1)

whereSr is the searchregion andt1 andt2 representthe horizontalandvertical shifts respectively. The
convolutiontheoremallowsusto computethecross-correlationin termsof theFourierTransformsof I1 and
I2:

H
�

t1 � t2 ������


1
�

�

�

I1 �����

�

I2 ����� (2)

where� indicatestheFourierTransformand �

�

its complex conjugate.Thepositionof themaximumcor-
relationvalue,

�

t̄1 � t̄2 ��� max�

t1 �

t2 �

H
�

t1 � t2 � , determinesthepositionof theGCPfor thecurrentpairof master/slave

searchwindows.
Thesetof GCPsis saved into thecommonGRASSPOINTSstructurefor laterusewith i . r ect i f y .

Fig. 3 shows an examplefor the automatedsearchof GCPsby cross-correlationin a user-de�ned search
region.

Thelist of GCPsgeneratedby i . cor egi st er canoptionallybeconvertedinto the3D POINTSstruc-
ture of i . or t ho. phot o by a new script i . poi nt sf i l e2or t hopoi nt sf i l e. sh which mergesthe
POINTS�le with auserspeci�edcamera�le andelevationswhichareautomaticallyqueriedfrom a DEM.

2.3 Image registration of oblique aerial photosfr om digital hand-heldcameras

A new applicationof the i . or t ho. phot o algorithmis proposedfor the registrationof obliqueimagery
asproducedby handhelddigital cameras([6]). Theunderlyingideais to improve thevisualperceptionof
perspective renderingbasedon orthophotos.While obliquerenderingusinga digital elevation modeland
orthophotosusually suffers from perspective displacements,we show that digital photostaken by cheap
digital camerascanbegeocodedandusedto improvethevisualperception.

Theexistingortho-recti�cationalgorithmhasbeentestedfor

� usageof digital imageswhicharelacking�ducial marks;

� estimationof thefocal lengthof digital hand-heldcameras;

� estimationof exteriororientationof obliquephotographstakenby a digital hand-heldcamera.
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Figure3: Automatedsearchof GCPsby cross-correlationin auser-de�nedsearchregion(i.coregister )

Most digital hand-heldcamerascreatephotosin JPEGformat with EXIF (ExchangeableImageFile)
extensionwhichstoresmetadataof thecamera.UsingaJHEADEXIF JPEGcamera settingparser1 camera
parameterscanbeextracted,suchasshutterspeed,thedistancethecamerawasfocusedat, focal lengthand
thecalculated35 mm equivalentfocal length,imagesizeandresolution,the time anddatethepicturewas
taken,aswell asthecameramakerandmodel.

The estimationof the parametersof the exterior orientationis doneusing the “SpaceResectionby
Collinearity” methodfollowing theapproachof [18]. SpaceResectionis a methodof determiningthesix
elementsof exterior orientationof a singletilted photograph.Basedon leastsquarestechniquesthe most
probablevaluesfor thesix elementsaredetermined.

In orderto rectify anobliqueimagewith i . or t ho. phot o, thefollowing modi�cationsto thestandard
procedurehaveto beapplied:

� thefocal lengthis takenfrom theJHEAD output;

� thenumberof �ducial marksis setto four, their positionsarecenteredon eachsideof thephoto. To
get the position in millimeters, the relationbetweenthe longerand the shortersideof the photo is
considered(in caseof anon-quadraticphoto),aswell astheresolutionversusthephotosizein pixels;

� initial parametersfor theexterior orientationhave to beestimatedandenteredinto therelatedscreen
of i . or t ho. phot o:

– the x, y, z coordinatesof the cameraposition can be easily estimatedfrom DTM with
d. what . r ast or the“What'shere”functionalityof nvi z;

– theorientationangles(w, f , k ) of thecameracanbeestimatedwith d. measur e;

� thegroundcontrolpointsareidenti�ed asusual,however, theuserhasto takecareto selectappropriate
pointsin boththeobliquephotoandthemap/orthophotoreference(usuallyobjectcorners).

Finally the ortho-recti�cation is performed. A detailedreportof the parameterestimationcanbe ob-
tainedby recompilationof i . or t ho. phot o with debug optionenabled.Fig. 4 shows anexamplefor the
registrationof anobliquephoto.

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

3 Newimageclassi�cation toolswith subpixelaccuracy

In thissectionof thepaperwepresenttwo methodsfor analyzingmulti- andhyperspectraldata.Hyperspec-
tral sensorsdivide thewaveband-rangeof interestinto hundredsof contiguousnarrow bands.This spectral
samplingis thensubjectto signatureanalysis,usuallybasedon a spectrallibrary containinga largesetof
laboratoryspectraor ongeometricalsearchfor purespectrain theimagesceneitself. Thedatain eachpixel
canbeunderstoodasa cubeof two spatialdimensionsanda third spectraldimension,thewavelength.One
or many objectsarecoveredby a pixel, resultingin mostly mixed spectralsignalsof objectswithin each
pixel.

A commonmodelto describethesemixedsignalsis assumptionof linearmixing (linearmixturemodel,
LMM). The methodsof spectralanglemappingandspectralunmixing decomposethe mixed signal into
a setof known spectra(endmembers)from the spectrallibrary. This resultsin a classi�er with subpixel
accuracy asfor eachendmemberanabundancemapis produced.Dif �culties arisefrom variousfactorssuch
asdependenceon sunangle,atmosphericabsorptionandscattering,re�ections andshadowing, aswell as
spatialandspectralaberrationsin thesensor[14].

3.1 SpectralAngle Mapping

Spectralanglemappinghasbeenimplementedin the new modulei . spect r al . sam([9]). For a setof
bandsthealgorithmis calculatingtheanglesto asetof objectspectrawhicharereadfrom aspectrallibrary.
SAM is invariantto unknown multiplicative scalingsand,consequently, is invariantto unknown deviations
that may arisefrom different illumination and angleorientation([5]). Details are explainedin the next
section,seeeq.12.
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3.2 SpectralUnmixing

Spectralunmixingfor landuse/landcovermappingatsubpixelprecisionhasbeenimplementedin themodule
i . spect r al . unmi x ([9]). Multi- andhyperspectraldatacanbeanalyzedagainsta spectrallibrary (e.g.
USGSDigital SpectralLibrary2, ASTERspectrallibrary3). Themodulegeneratesasmany abundancemaps
asobjectspectraareused. The implementedalgorithmassumesthe linear mixture of objectspectra(also
called“endmembers”)within eachpixel.

Thegeneralcaseis asetof linearequationswith mequationsandn endmemberspectra[15]. Thenumber
of equationsm is identicalto thenumberof bandsof thesensor. Thefractionsof endmembersrepresentthe
percentageof landuse/landcoverwithin theactualpixel. Thenumberof endmemberwhichcanbeextracted
is ashigh asthenumberof bands.Written asageneralsystemof equations:

a11x1 
 a12x2 
 ������
 a1nxn � b1
a21x1 
 a22x2 
 ������
 a2nxn � b2

...
...

...
...

...
am1x1 
 am2x2 
 ������
 amnxn � bm

(3)

Therowscorrespondto thebands(mbands)andthecolumnsto theendmemberspectra(n endmembers).
Theconstantsai j representthere�ection valuein theith band(0 � i � m) of the jth object(0 � j � n). The
percentageof anendmemberfractionwithin a pixel is x j while bi describestheoverallpixel valueof theith
band.Thiscanberewrittenas:�

�

�

��

a11 a12 ����� a1n
a21 a22 ����� a2n
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... �����
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am1 am2 ����� amn
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�
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 "!

!

!

#

(4)

andsimpli�ed to:

Ax � b (5)

HereA depictsthematrixof referencespectra,thevectorx thepercentagefractionof spatialdistribution
within thepixel andthevectorb thepixel valuesin theimagescene.

To solve this systemof equations,it is requiredto have m � n which meansthat thenumberof objects
to be analyzedcanbe lower or asmuchasthenumberof bandsavailable. In caseof m � n the matrix A
is quadratic.An additionalconditionis that theequationsshouldbe linearly independent,i.e thematrix A
needsto havea largerank.

Theunknown vectorx canbecalculatedas:

x � A 


1b (6)

But to getphysicallymeaningfulresults,wemustenforcetwo boundaryconditions:
First, thesumof all fractionsmustbe100%(full additivity, assumingthecasethatat leastonereference

spectrumis foundin eachpixel):

n

å
j $ 1

x j � 1 (7)

Second,thefractionsmustbezeroor positiveasnonegativeareasizesexist in nature(non-negativity):

x j %

0 for all j � (8)

Theidealsolutionof therewritteneq.6 is zero:

A 


1b & x !
� 0 (9)

2USGSDigital SpectralLibrary, http://speclab.cr.usgs.gov/spectral- lib.ht ml
3ASTERspectrallibrary, http://speclib.jpl.nasa.gov
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Figure5: Permitted(bright) andundesired(dark)negativesolutionspaceof a two-dimensional(a) andof a
three-dimensionalspectralunmixing(b) with constraints(after[16])

But dueto limitations in the accuracy of the referencespectra,limitations in the assumptionof linear
mixtureandnaturaldeviationsof theobjectspectrafrom thereferencespectra,theeq.6 cannotbesolved.
To overcomethisproblem,anerrorterme is introducedto cover theunidenti�ableobjectspectraandnoise:

A 


1b & x � e (10)

Becausevectorx anderrore areunknown, theequationcanbesolvedby minimizingtheerrore through
least-squares.TheerrorfunctionF to beminimizedcanbewrittenas:

F �

m

å
i $ 1

e2
i (11)

With minimizationof theerror functionF, thevectorx which representsthepercentagefractionof the
referencespectrain theactualpixel canbecalculatedfrom eq.5. Themethodshave beenimplementedto
calculatethe areafractionsx j while minimizing the error andrespectingthe two boundaryconditionsas
givenin eq.7 andeq.8.

It is recommendedto test for linear dependenciesbeforehandthe matrix of referencespectraA using
SpectralAngle Mapping(SAM). In this casetheselectedspectrashouldbe exchangedfrom thematrix to
improvethespectralseparability. This is obtainedby calculatingtheanglej betweencolumnvectora j and
a j ' 1 in thematrix, i.e. betweenindividual referencespectra([16]):

j � cos


1
�

aT
j a j ' 1

(

(

(

( a j
(

(

(

(

2 )

(

(

(

( a j ' 1
(

(

(

(

2

� (12)

Thelengthof thevectorsrepresentsthesignalpower, i.e. there�ectivity of theobservedobjectsurface.
If thespectraaretoo close,i.e. theanglej is too small,a spectralseparationcannotbeperformed.In this
casethevectorsarelinearly dependent.Lessnoiseanda highernumberof bandsminimizestheproblem.

A mathematicalproblemarisesfrom the inversionof matrix A (eq.6 andeq.9). Due to limits in the
sensorsignalandothernoiseonly ill conditionedmatricesareexpected;classicalmatrix inversionmethods
suchasGausseliminationor LR decompositionwill fail here. The Singularvaluedecomposition(SVD)
proposedby someauthorsis alsoinappropriateasit doesnot ful�ll thesecondboundarycondition(eq.8).

While enforcingthe�rst (sumof areasbe100%)andthesecond(all areapercentageswithin thepositive
range,compareeq. 5) boundaryconditionsthe implementedalgorithm iteratively minimizesthe error e
(constraint leastsquare method, [15]). Mathematicallythe solutionof the equationis projectedfrom the
undesirednegativesolutionspaceto theboundaryof thedesiredpositivesolutionspace([16], [4]:8).
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Figure6: Examplefor error function F, ascalculatedfor a pixel in spectralunmixing of two bands.The
�gures depictsthecaseof a numericallycorrectsolutionfor fractionx in thenegative range.However, this
minimum solution is outsidethe boundaryconditions. The physicallydesiredsolutionx * lays within the
rangeof 0% to 100%(triangleon error surface)andis found by projectinginto the positive rangewhile
keepingx * ascloseaspossibleto errorminimumatx.

To solve the setof equationsthe gradientof the error function F (eq. 11) is considered.In a multi-
dimensionalfeaturespacethe function F is a hyper-parabola.A three-dimensionalcasefor two spectral
bandsis shown in �g. 6. Theerrorsurfacefor this exampleis calculatedas:

F ��+,+

�

Ax & b �-+.+

2
2 �

�

Ax & b �

T
�

Ax & b � (13)

The numericallyoptimal solution x would be the minimum of the error function but it violates the
boundaryconditions. In theproposedalgorithm,a vectorx * is initialized to a seedvalue. The setof seed
valuesinitially de�ne an equivalentareafraction for eachendmemberandareput into eq. 9. Using the
approachof deepestdecentthe calculatederror canbe minimized. To do so, the valuesof the vectorx *

areloweredby thesmallvaluemin thedirectionof decreasingslopeof theerror function. Thegradientat
positionk on theerrorsurfaceF is calculatedas(Harteneck1998,pers.comm.):

¶F
¶x

� 2AT
�

Ax *

�

k�/& b � (14)

Thenew vectorx * (k+1) is calculatedfor anincrementmas:

x *

�

k 
 1��� x *

�

k �0& m
)

2AT
�

Ax
�

k�/& b � (15)

In the next iterationthe new vectorx * will be insertedagaininto eq.9, which determinesa new error
value.This will leadto a correctedvectorx * . We �nish the loop whenwe leave thepositive solutionspace
or whenwe reachtheminimumof theerrorfunction. Theiterationis performeduntil no furthersigni�cant
changeappearsin theerrorminimization.In �g. 6, thesearchfor theoptimalsolutioncanbeseenasmoving
towardsof theminimum.To spectrallyunmixanimagescene,this methodmustbeappliedto all pixels.
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Original data PCA�transformed data

Tasseled Cap
transformed data Spectral values (bandwise)

Figure7: XGOBI multi-sessionwith interprocesscommunicationenabled.Theusercanselectendmembers
for spectralunmixing in the extremitiesof the dataclouds(herePCA and TasseledCap transform)and
analysethespectrain theparallelplot window

Thesignatureanalysisis usuallybasedon a spectrallibrary containinga largesetof laboratoryspectra
or donewith a geometricalsearchfor “pure” spectrain theimagescene.A geometricalsearchcanbedone
by variousmethods,suchasusingPrincipalComponentAnalysis(PCA).Endmembers(“pure” spectra)are
locatedin the extremitiesof the PCA-transformedmultidimensionalpixel cloud. They can be extracted
interactively with XGOBI software([17]). Thissoftwaresupportsinterprocesscommunication(IPC)which
enablestheuserto runseveralprogramsessionsin parallelwhile thesessionsmaintaincommunication.The
usercaninteractively querytransformedanduntransformeddatain eithersessionfor the identi�cation of
endmembers,pixelmapcoordinatesareindicatedin all XGOBI windows(see�g. 7). Fromthesecoordinates
purepixelscanbeeasilyextractedandusedasendmembers.

Fromthecreatedendmember�le (eitherfrom aspectrallibrary or from geometricalsearchwithin theim-
agescene)thespectralunmixingis performed.Theresultis asetof endmemberabundancemapsdescribing
pixelwisetheareapercentageof eachendmember. Thealgorithmis implementedin i . spect r al . unmi x .

4 Image fusion with Brovey transform

In remotesensingsystemspartsof thespectrumareobservedin differentportionsto minimizetheimpactof
noise.While multispectralsensorsprovidehighspectralresolutionat lowerspatialresolution,panchromatic
sensorscollectdataathighspatialresolutionandlowerspectralresolution.Numerousalgorithmshavebeen
proposedto combinethesedatawith bestcharacteristicsof bothsensortypes.Oneof thesealgorithms,the
Brovey transform,hasbeenselectedfor scriptbasedimplementationin GRASS.

TheBrovey transformis a color transformwhich normalizesthreeinput bandsandmultipliestheresult
with ahigherresolutionband(panchromatic)([12; 11]):

DNf used �

DNb1

DNb1 
 DNb2 
 DNb3 1

DNpan (16)



10 New imageprocessingtoolsfor GRASS

Figure8: Left: LANDSAT-7 RGB compositeat 28.5m;right: LANDSAT-7 RGB/PAN Brovey fusion at
14.25m

The Brovey algorithmholdsan intermediatepositionbetweenbandarithmeticandcomponentsubsti-
tution methods. A new script i . f usi on. br ovey hasbeenintegratedto GRASS5.7 to supportPAN
sharpeningof multispectralsatellitesuchasthat from LANDSAT-7, Quickbird andSPOT. The algorithm
performsimagefusionof thehigh resolutionpanchromaticchannelwith themultispectralchannelsat lower
resolution.Theresultingpseudo-RGBchannelsaresavedat thehighresolutionof thepanchromaticchannel
andhavea near-naturalcolor table.An exampleof LANDSAT-7 fusionis shown in �g. 8.

5 High performanceimageclassi�cation on openMosixcluster

A high performancesolutionfor imageclassi�cationwith GRASSat meso-scalebut with high spatialreso-
lution wasdeveloped.A script-basedapproachto run thestandard,unmodi�ed GRASSon anGNU/Linux
basedopenMosixcluster(20PCs,40CPUs)hasbeenimplementedto classifymultispectralcolororthopho-
toswith SMAP algorithm(Sequentialmaximuma posterioriestimation, [1], [13]:440).

openMosix(www.openmosix.org , publishedunderGPL) is a Linux kernel extensionfor single-
systemimageclustering.OnceopenMosixis installedandtheclusternodesareconnectedby a local net-
work, thenodesin theclustercommunicateto optimallydistributetheworkload.Processesoriginatingfrom
any nodecanmigrateto any othernodeif thecurrentnodeis toobusycomparedto others.openMosixcon-
tinuouslyattemptsto optimizetheresourceallocation.New nodescanbeaddedwhile theclusteris running
andtheclusterwill automaticallybegin to usethenew resources.Dueto thedistributedcomputingconcept
of openMosix,theclusterbehavesmuchlikea symmetricmulti-processor(SMP).

In orderto run GRASSin parallelwithout codemodi�cations,amultiplesequentialapproachwasused.
Within the job launchscript the GRASSenvironmentvariablesare de�ned. It is importantto run each
job in its own mapsetto avoid one job in�uencing the settingsof anotherjob. The de�nition sectionis
followedby theGRASSanalysis(in ourcasetheSMAPclassi�cation).To �nish, thelaunchscriptremoves
thetemporary�les andcopiestheresultingclassi�cationmapto thePERMANENTmapset.It usesUNIX
commandsastheoriginal g. copy commandmay fail dueto raceconditions(here: concurrentwriting of
�les) with otherjobscopying resultsto thePERMANENTmapsetat thesametime.

Theapproachwastestedin a largestudyarea,theAutonomousProvinceof Trento(Italy), which is of
approximately6200km2 area.This areais coveredby 280RGB orthophotosat a resolutionof onemeter
perpixel. In tests,therequiredtime to analyzetheseorthophotosat thegivenresolutionwasreducedfrom
estimated110daysona singleCPUto 5 dayson theITC-irst openMosixcluster.
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