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Abstract

Registrationof two or moreimagesof the samescends animportantstepin imagepro-

cessinghatseekdo extractinformationnot obtainablefrom oneof theimagesin ques-
tion. This processs requiredin mary EngineeringScientificandMedical applications.
Theaccurag of thisstepis crucialto thereliability of subsequenimageprocessingndor

decisiongnadeonits basis.The hugesizeof the datato be processedhespeedatwhich

the processings requiredandthe accurag requirementsiecessitatea quick, efficient,

robustandin somerespectautomatiqprogramwhich efficiently harnesseavailablecom-

puting resources.This is the objectof this project- the designof animageregistration
algorithmwith a biasfor SAR/InNSARapplicationgout alsoapplicablefor otherregistra-
tion purposesimplementecdn a parallelclusterof computingnodes.
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Nomenclature

Azimuth—Angle in a horizontalplane relative to a fixed referenceusuallynorthor the
longitudinalreferenceaxisof theaircraftor satellite.

Range—Theradialdistancdrom aradarto atamget.

Synthetic Aperture Radar (SAR)>—A signal-processingechniquefor improving the
azimuthresolutionbeyond the beamwidthof the physicalantennaactually usedin the
radarsystem.Thisis doneby synthesizinghe equivalentof averylongsidelookingarray
antenna.

ERS—EuropearRemoteSensingSatellites.

TandemImages—Imagesacquiredl dayapart.



Problem statementand Scope

e Survey/Reseachimageregistrationalgorithms, identify techniquesspecifically

suitedfor SAR/INSAR purposesbut alsopossiblyuseful for other purposes.

e Designparallel imageregistration algorithm basedon reseachedtechniques
above. Implement algorithm on multiple computersin a clustered architec-

ture.

e Testprogram with imagesand discussthe suitability of the algorithm asre-
gardsthe accuracyof the obtainedregistration and the suitability of the paral-
lelisation schemefor the registration problem. Both of thesebasedon objective
bench-marks.



Chapter 1
Intr oduction

It is oftennecessaryo usedatafrom morethanoneimageof the samesceneto obtain
requiredinformation aboutthat scene. An exampleis the useof differenceimagesin
medicineto identify anatomicalifferencesover time or from two or moreviewing an-
gles[5]. Theformationof interferogram&ndheightmapsfrom sterecSAR information
from imagesf thesamescendakenatthesameime with antennasnountedonthesame
platform or at differenttimesduring different“passes’alsorequirestwo imagesof the
samescene[44][4]. A similar applicationis the detectionof relatively minute changes
in groundheightsusing Differential Interferometryrequiring three(3)or more images.
Thesearesomeexamplesof the processesgvhich requiremorethanoneimageto obtain
needednformation. For a valid comparisorof ary sortor furtherprocessingn all these
casegnentionedandmore,the imageshave to be properly“aligned’/“matched”. These
wordsaligned/matcheés usedhereare vague,the procesdor forming interferograms
and heightmapsfrom two(2) SAR imagesis briefly describedn Sectionl.1 to clarify
this point.

Although variousattemptshave beenmadeat reducingthe computationactomplexities
of the variousalgorithmsemployed in registeringimages,they arestill generallyvery
computationallyintensve. The designof parallelalgorithmswhich implementthe mul-
tiple tasksinvolvedin the registrationon multiple computerds an approacho solving
this problem. Parallelizationhowever doesnot ensurea speed-upn the computational
time andthe efficiengy of the algorithmasexecutedon multiple computingnodesmust
bejustifiedin thelight of the addedcomputingresourcesSuchernvisagedmprovement
hasto be shavn theoreticallyand or empirically by performinga seriesof testsusing
the algorithms. The work to be carriedout in this projectis asis statedin the problem



statemenandscope.

1.1 Background of Image Registration
(Using SAR/INSAR)

SARimagesareacquiredn oneof mary possiblemodesjn all casestheantennasised
in acquiringthe imagesare separatedy a base-lineb asshowvn in Figurel1.1. More
detailson INSAR canbe obtainedfrom [44][4][38][37]. The brief descriptionhereonly
seekdo highlight the problemof imageregistration. The pointsp andp’ asrepresented
in Figure 1.1 are pointsrepresentedn the ground(scene)For antennagransmittingat
a carrierwavelength), the phasedelaysresultingfrom the two-way propagatiordelay
from eachof theantennaocatedat (v, z;) and(y., 29) is givenby Equationl.1andthe
absolutenterferometriqphasey is givenby Equation 1.2.
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Also, assuming flat-earthgeometryfor simplicity, thepointp (y,z) asin Figure 1.1acan
belocatedwithin the planeby therelations:

y =y +rsin(B+C) (1.3)

z =2 —ricos(B+C) (1.4)

where

(y1,21) and(ye, z2) arethecoordinate®f thelocationsof theantennas

p(y, z) andp'(y', z') arepointsongroundin theimagedscene

r1 andr, aremeasuredangesrom antennag and2 respectrely to pointson ground
C isthebase-lineslevationangle

B isthedirectionof arrival of therecevedechofrom pointp
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(a) Accurateregistrationof images
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(b) Mis-registrationof images

Figurel.l: RegistrationandMis-registrationof Imagesacquiredoy Antennaswith posi-
tion (yl, Zl) and(yQ, ZQ)
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Figurel.2: Possibleistortionsin images

Theserelations(Equationsl.1,1.2,1.3will however notbevalid for the

geometryas showvn in Figure 1.1b becauseof the spatialmisregistrationof the points
beingconsideredy the distance (thistime in the y-direction,notethatthe distortion
could be in otherdirectionsor of a differenttype). Calculationsmadeon the basisof
misreggisteredimageslike Figure 1.1bwill resultin errors. Possibledifferencesn the
referencedooints may be causedby changesn the modeandor device for the image
acquisition positioningof the device or someotherdeviation from the plannedcourseof
the platformon which the sensoiis mounted.This canresultgenerallyin trangation in
the z- andy-axis, rotation, scaling, stretching andshearing in oneimagewith respect
to the other For example,a deviation from the plannedaltitude of the platformson
which sensorgantennasgremountedfor SAR imageacquisitionmay resultin anerror
in scalein the imagesobtained. Imagedistortionscan be genericallyclassified[6] as
RADIOMETRIC - dueto the effect of the atmospheren radiationandthuson remote
sensingmageryandalsoinstrumentatiorerrors,andGEOMETRIC errorswhichareasa
resultof variationin platformaltitude,velocity andattitude,etc. Someof thesepossible
distortionsareshavn in Figure 1.2.



Thedistortionsshavn in Figuresl.laandl1.1b(translationsandrotations)arecausedy
orbitchange®f thesensole.g.antennajrom thedesiredorientationwhile acquiringthe
image. The distortionshavn in Figure1.1c(scaling)is asaresultof changeof altitude
of thesensor/platfornonwhichit is borne,andthosein Figuresl.1dandl.1le(stretching
andshearingyareasa resultof distortionsin the sensoitself.

Thesedistortionsmay alsobe classifiedasglobal - continuousover theimageasin Fig-
uresl.la- 1.1eor localasrepresented Figure 1.1f.

Theregistrationalgorithmthusseekgo transformoneof the imagessuchthatpointson
it (asrepresentetby pixel positions/location#n digital images)align with or arerepre-
sentedoy the samepixel locationsontheotherimage.Theimageleft unchangedks called
theReference/Mastemageandtheimageto betransformeds calledtheinput/slave im-
age,athird imageis thenproducedrom thetransformatiorof theinputimage.

By “comparing” the input andthe referencemages,a relationship(a function) can be
obtainedwhich warpgdeforméransformgheinputimageinto animagethatis geomet-
rically similar (in dimensionsandpixel positioning)to the referencamage. Thus,for a
2D referencamagewith pixel coordinategz, y) , thereis a relationshipwhich defines
thelocationof the samepixel ontheinputimage(z’, ') suchthat

o' = f(z,y) (1.5)

y' = f(z,y) (1.6)

Obtainingthis function f which may modeldistortionsassimpleasa globaltranslation
or as comple as a local combinationof all the distortionsearlier discusseds one of
the mainobjectsof imageregistration.All furtheroperationsn the procesof obtaining
furtherinformationfrom theimagesasdescribedn Chapter 1 arethenperformedusing
thereferenceandthetransformednputimage(warpedimage).

Theresolutionof theimagedo beprocessethakesit necessaryo do someoversampling
or interpolationof thegivendata effectively resultingin largerdatasets.For SARimages
for example,theresolutionis in the orderof meters(g........ 1 resolution cell = 10m)
, accurateregistrationof this imageat the pixel level will be inadequateas the points
referencedor furtherprocessingnay still be metersapart,resultingin appreciablgost-
processingerrors. Sub-pixel imageregistrationaccuray is thusarequiremenftor mary

6



purposesthis leadsto a hugeincreasean datato be processed.

The processeslescribedabove are computationallyintensive andthusrequirethe most
efficient useof computingresources.This canbe achiezed by the designand efficient
implementatiorof registrationalgorithms.This processanalsobespedup by harnessing
the potential gainof usingmultiple computerdor thecomputations.

1.2 Distrib uted and Parallel Computing

Rapiddevelopmenin mary areasof Medicine,EngineeringandSciencehave resultedn
theneedto processnoredataandat a fasterrate. Suchcomputingwastypically doneon
main-framesupercomputerastheavailableresources®n PCswereinadequateTherela-
tively hugecostof supercomputensave putthemout of the reachof mary organizations
which needto dothekind of processinglescribedabove. Anotherdisadwantageof super
computerss thatthey areusuallyvery customizedn hardwareandsometimesn thesoft-
wareinstalledon themthus making maintenancelifficult and expensve and upgrading
almostimpossible Usingmultiple PCswith relatively low cost,off-the-shelfcomponents
organizedas a loosely distributed systemor more closelyin parallel/clusteregystems
have beenattemptedisa way of obtainingthe computingresourcesf thesupercomputer
andover-comingits cons.Solvingthe problemof maintenancandeaseof upgradenave
beenachieved. The price/performanceatio for distributed/parallecomputershave also
surpassethatof supercomputens mary instance$41][27].

1.2.1 Classificationof Parallel/Distrib uted computers

A usefulcriteriafor classifyingparallel/distritutedcomputerss thatof the Data setthey
processandthe I nstructions executedby the computingnodesthat make up the system

[9].

1. SinglelnstructionSingleDataset/strean(SISD):thisis basicallytheVon Neumann
computerarchitectureit consistof a singleinstructionbeingexecutedon a single
set/streanof dataon a processingiode.

2. SingleInstructionMultiple Datasets/stream§SIMD): All processinghodesexe-
cutethe sameinstructionon differentdatasets/streams.



3. Multiple InstructionMultiple Datasets/stream@IMD): All processingnodesex-
ecutedifferentinstructionson differentdatasets/streamsThis group canbe fur-
thersub-dvidedinto MIMD-SharedMemory (MIMD-SD) andMIMD-Distributed
Memory(MIMD-DM). In MIMD-SM, theprocessingiodesall haveaccessoacen-
tral memorythrougha local bus system.In MIMD-DM, eachprocessinghodehas
its own local memoryand communicatiorwith otherprocessinghodesis through
anexternalinterconnectiometwork.

4. Multiple InstructionSingleDataset/streanfMISD): Differentinstructionson each
processingnodebut operatingseparatelyn the samedataset/stream.

AnotherclassificatiorcriteriondividesParallel/Distritutedcomputersnto either:

1. SPACE SHARING : Tasksaredistributedamongstomputingnodesgachnodepro-
cesses separatéask/sub-tasktagiventime.

2. TIME SHARING : Thedifferentmultiple tasksare given accesdo the computing
nodesand they competefor the processorcycles/timeby somedesignedtime-
sharingformula.

1.2.2 Parallelization/Distrib ution schemes

Parallelization/Distrilntion of tasksis donein oneof or acombinationof the waysstated
[91[49]:

1. Pipe-Lining: Processethathave mary sequentiamoduletasksmay be pipe-lined
suchthat a processinghode waits for the precedingprocessinghodeto perform
its own task and then passeghe dataresultingfrom the processingat that stage
to the subsequenstage. This arrangemenis obviously only suitedfor processes
with modularsub-taskandin which the datato beworked onis “streaming”,that
Is, continuousinput dataand expectedcontinuousoutput processedlata. Real-
time featureidentificationin input imagesmay involve (i) filtering, (ii) rebining,
(i) thresholdingandthe (iv) identificationof features. Eachof thesestagesof
the processesnay be pipe-lined; the first processinghode performingthe filter-
ing andthe last processinghodeperformingthe featureidentification. The overall
throughputof the systemis increasedut the lateny betweeninput andoutputis
notimprovedby this arrangementThe slowestlink in the pipe-linedetermineshe



performanceof the system. The otherdraw-backof this arrangemenis thatit is
non-scalablea procesglesignedo work on 5 processingrodescannot be easily
scaledo runon 3 or 7 nodes.

2. Algorithm Parallelism: Sub-taskf a processwvhich canrun concurrentlycanbe
distributed on a numberof computingnodes. For example,operationson a 2D
imageto be performedin both a horizontaland vertical directionsmay be done
on the sameimageconcurrently Theresultof eachoperationis thencombinedn
somelogical way to completethe process.This arrangemenalsosuffersfrom the
disadantageof difficulty of scaling.

3. DataParallelism: This fits the SIMD architecture The datasetto be processeds
divided amongstthe processinghodeswhich all executethe sameinstructionset.
Suchdatadistribution canbe doneStaticallyor Dynamically Segmentsof digital
imagesmay be allocatedto processinghodesfor full processinghenthe whole
imagere-assembletb form the whole processedmage. Considerationfiave to
be givenfor boundaryinformationbetweerthe adjacenimagesegmentswhenre-
assembling.

However, someotherproblemswhich areassociateavith distributed/parallecomputing
include:

1. Load Balancing: Theefficientdistributionof tasksandtheallocationof computing
resources This ensureshattheprocessingiodeshave theleastpossibledle clock
cycles.

2. Scalability of algorithmsto beimplementedDesignwhich ensureshatincreasen
computingresourcedor the sametaskresultsin commensuratéming/throughput
gains.

3. Obtainingadequatecapacityon Inter-connecting Network betweencomputing
nodes. The communicatingchannelbetweenprocessingnodesshouldnot be a
bottle-neck.

4. Granularity : Minimization of time taken for communicationrbetweennodesas
comparedo time for actualcomputation. Actual processingloesnot take place
duringcommunicatiorbetweerthenodesthisresultsin idle processingyclesalso
resultingin lower efficiengy of the system.Theobjectis to reducethecommunica-
tion/computatiomatio or vice-versa.[Se&igurel.3]
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The specificschemeor combinationof schemego distribute/parallelizethe tasksto be
donedependon the natureof the problemto be solved; datatype - streamingdata(con-
tinuousinput and output) or a staticsource(e.g. imageon disk), the type of operation
- low level (e.g. processingat the pixel level), mediumlevel (e.g. edgedetection) high
level (e.g. objectrecognition),and also dependson the existing hardware architecture.
All thesearetakeninto consideratiorwith a view to harnesghe potentialgainsof par
allelization, yet reduceto a minimum the basicproblemsof parallelizationas statedin
Sectionl.2.2. The schemefor this thesiswork is statedandthe componentsre high-
lightedandjustifiedin the programdesignprocessn Chapter3 of this projectreport.

1.3 ThesisOrganization

Therestof thethesisis arrangedhus:

e Chapter2 is a literaturereview and surwey of imageregistrationalgorithmsand
relatedresearch. Algorithms that have beendesignedand implementedin the
work/researctdoneby othersandthe resultsobtainedarediscussedsthey relate
to this specificwork.

e Chapter3 describesghe choiceof the variouscomponents/stege beimplemented
in this particularwork, eachcomponents justified on a theoreticalbasisand or
practicalexperienceas shovn underdiscussionon obtainedresultsfrom imple-
mentedalgorithmsin Chapter2 andalsoin keepingwithin the scopeof work to be
doneasstatedn the Problemstatemenaindscopeof work. Theoreticabndpracti-
cal parallelcomputingconsiderationarestatedandmadeespeciallyasregardsthe
specificalgorithm/prograndesign. Considerationsnadefor implementatiorin C
usingPVM messag@assindibrariesarealsostated A flow chart/pseudo-coder
the proposedlgorithmto beimplementeds thenshowvn. A brief discussioronthe
generalandpeculiarproblemsencounteredh the actualcodingin C andPVM are
statechereif they exist.

e Actual testsof the programusing real image dataare carriedout in Chapter4.
Record=f necessargataaredisplayedanddiscussedinderthe headings:

— Accuragy of theregistration: thetestof how accuratelythe testSAR images
areregisteredwill be determinedy the quality of interferogramgamountof
interferometrimoise)formedby theregisteredmages.Theregisteredmages

11



will thusbe usedasinputto anexisting routinewhich formsinterferograms.
Theregistrationaccurag will beassessequalitatvely andquantitatvely. The
benchmarkwill beimagesregisteredusinga commerciakoftware.

— Speed-upScalabilityand Overall Efficiengy of the Parallel System: Execu-
tion time of the implementedcodewill be comparedo that of an existing
serialimplementationof a similar algorithm. Speed-upwill alsobe mea-
suredasthe numberof processingiodesperformingtheregistrationtasksare
increasedScaling). Thesewill belinkedto the overall efficiency of the sys-
tem. Theoreticalbptimumperformancevill form the basisfor measuringhe
parallelsystemgperformanceResultsarediscussedndpossiblereasondor
markeddifferencedrom the optimumarestatedf they exist.

e Chapter5 concludeghe dissertationby summarizingthe objectof the work and
how well the definedproblemhasbeeninvestigated/soled. The suitability of the
algorithmfor parallelizationis discussedn the light of resultsfrom Chapter4.
Furtherwork that can be donein this area,especiallyas regardsimproving the
methodfor parallelizingthealgorithmor amendingheregistrationalgorithmitself
for the purposeof betteroverall efficiency arementioned.

12



Chapter 2

Literatur ereview and Survey of Image
registration
algorithms

A surwey of imageregistrationalgorithmsrevealsthat they are usually very problem-
specificand are consequentiynumerousgachsuitedfor specificpurposes.This makes
their classificationdifficult. Brown[5] identified the basiswhich cut acrossall image
registrationalgorithmsandattemptedo classifythemusingthis criteria. All imagereg-
istrationalgorithmdesigninvolvesthefollowing.

2.1 Basiclmage Registration considerations

e Decisionon a FEATURE SPACE which extractsthe informationin the images
to be usedfor the “matching”. This could be magnitude/intensityasin [31][6],
edges/sgments/rgionsasin [15][21] or someotherappropriatdeatureof theim-
agedo beregistered.

e A SEARCH SPACE which definesthe possibletransformationgo the input/slaze
imagewhich will resultin the bestmatchto the referencemage. This could be
translationsscalings,rotationsetc. or somecomplex combinationof ary of the
distortionalreadymentioned.

e The SEARCH STRATEGY defineshow the searchspacewill be navigated. The
searchmaybeselectve, exhaustve, hierarchalbr somecombinationof these.

13



e SIMILARITY METRIC determineshemeritor quality of matchof thetwo images
asregisteredafter transformatiorof the input image. The two imagesare hardly
ever perfectlyregisteredbut a similarity metric suchasan absolutedifferenceof
the two imagesafter transformatiormay indicatehow well the imageshave been
registered.Note thattakingthe absolutedifferencebetweernwo registeredmages
Is not alwaysa good measureof the accurag of registration,it is mentionedhere
asoneof themary options.

2.2 Reviewedmaterials

All imageregistrationalgorithmsare combinationf instancef the four components
listedabove. An algorithmdesigninvolvesidentifying a suitablefeaturespacedeciding
onthenecessargearchspacenavigatingsuchasearctspacean themostefficientmanner
anddeterminingwhich of the transformationproduceghe bestmatchusingthe appro-
priatesimilarity metric. The choiceof eachcomponento be usedis primarily dependent
onthekind of imagedo beregistered A brief descriptiorof someregistrationalgorithms
highlightingthesecomponentsollows.

Fornanoet al. [14] useintensityinformationin SAR imagesasthe featurespace.With
prior knowledgeof SAR imaging, 2D translationsand minimal scalingwere chosenas
the searctspace Fouriermethodsvereappliedfor the searchstratgy andthe similarity
metricwasameasuref how well thespectrunof thetwo imagesaligned.Theprocessing
in this algorithmis ontheraw SAR datawhichis usuallyvery huge(orderof gigabytes).
The methodis well suitedfor space-born&AR imageswhich suffer from the kinds of
distortionsaccountedor in theschemethe processindiowever takesappreciabldime.

Reagistering SAR imagesby modelingthe sourcesof distortionsin SAR imaging and
incorporatinghisin the SARimageprocessingchemeavasattemptedy Fernandestal.

[12]. Estimatedranslationyotationsandscalingbasedon the knowledgeof SAR image
acquisitionschemeaareincludedin the processingo compensatéor the distortions.The
estimations/modelingreanalogouso thesearclspaceandsearclstratgy, theraw image
pixelssene asthefeaturespace A comparisorof the spectrunof theregisteredmages
senesasthe similarity metric. The accurag of the modelfor the distortionsis crucial
to the accurag of the registrationscheme.The modelsmay not always be accurateor

empirical,tracingthe sourcef errorsin registrationcouldthusbedifficult.
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Baggset al. [2] attemptto reducethe computationtime andyet retainthe accurag in
registeringimagesby usingwhatthey calleda“Length codealgorithm”. Thelengthcode
of objectsin imagess definedasthe distancebetweerthe centroidof the objectandthe
objectboundarythisis usedasthefeaturespace.Translationabndrotationalfeatureof
thelengthcodeareusedfor the searchspacethe searchstratgy is an exhaustve search
over all the possibletranslationsandrotationsfor all the objectsidentifiedin theimages.
Geometricallyneasuredranslatiorandrotationalerrorsbetweennputandreferencem-
agesareusedasthesimilarity metric. Minimum matchingerrorswith hugecomputational
gainswererecordedor simulatedmagedata.Thevalidity of thisfor ary realimagereg-
istrationproblemwas not shavn. Non-existenceof objectsin partsof the imagesmay
alsoresultin errors.

Obtaining“Tie points” (accuratelyidentifiedcommonpointson bothimageso beregis-
tered)whichis a stepprior to obtainingawarpingfunctionwhich definegherelationship
betweennputandreferencemagess verydifficult andeventhoughtimpossibleby some
[15, Pg.1]. Goshtabyet al. [15] attemptto registerimagesby segmentingthe imagesin
questionand finding the centreof gravity of similar closedsegmentsin both images.
The establishedcentreof gravity pointsin both imagessene asthe featurespace the
numberof coeficients definedin the warping function/polynomialsene asthe search
spaceasthey representranslation rotation,scalingandotherdistortionswhich needto
be accountedor to registerthe input/slaze imageto thereferencamage. Leastsquares
regressionmethodis usedto calculatethe polynomialcoeficient andthis senesasthe
searchstratgy. The absolutedifferenceof both registeredmageswasusedasa similar-
ity metricandalsoatestof theaccurag of the algorithm. Growe etal [17] alsoworked
in the samedirectionby attemptingto solve the problemof accuratelyidentifying “Tie-
points” asafeaturespaceby usingprior knowledgefrom GIS datato identify featuresn
imagessuchasroadintersections.Suchpointsareidentifiedthroughthe useof defined
semanticsvhichareto besatisfied.Suchaccuratelydentifiedpointsthensene asfeature
spaceandregisteringthe imagesfollows a similar processasin the work donein [15] .
In both algorithms,the distortionsthatleadto misregistrationare assumedo be global
andcontinuousover thewholeimage,thisis usuallynot true for mostimagesespecially
remotelysensedmages.

Le Moigne [31][32] introducesthe dimensionof parallel processingo imageregistra-
tion, parallelizationitself is basicallynot animageregistrationissuebut it createsnewv
possibilitiesin imageregistrationalgorithms. Rav pixel valuesare usedasthe feature
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spacebut a reductionin the datasetis achieved by resolutionreductionusing wavelet
decomposition.The searchspacewasa combinationof rigid translationsandrotations.
The searchstratgy is hierarchal- a large searchspaceis navigatedat lowestresolu-
tion andin larger “steps”, asthe resolutionof the sameimageis increasedthe search
spacds navigatedmoreaccurately“finer” stepsthrough)but is centeredaroundthe so-
lution found in the prior resolutionlevel, this is repeateduntil the full imageis aligned
asaccuratelyasdefinedat full resolution. The algorithmwastestedby applyingknown

translationsandrotationsto ThematicMapper(TM) andAdvancedvery High Resolution
Radiometry(AVHRR) imagesandthe algorithmattemptso registertheseintentionally
mis-alignedimageswith the original ones. Accurag resultsandtiming gainsresulting
from parallelizationarerecorded.

Chalermvat [7][6] extendson the algorithmimplementedoy Le Moigne [31] by reduc-
ing the searchspace. Geneticalgorithmsare appliedsuchthat the searcheven within
the definedsearchspaces not exhaustve yet the ability to find the bestmatchbetween
both imagesis not compromised. The algorithmis testedon more datain additionto
thosein [31], including SAR imagesandimagesfrom GeostationaryOperationaEnvi-
ronmentalSatellite- (GEOS-8).Both algorithmshave the greatadvantageof beingable
to register multi-resolutionimagesusing wavelet decompositionhugetiming gainsare
alsorecordedbecauseof parallelization. Their testsare however on imagesin which
known translationsandrotationsareintroduced,no testswere carriedout in registering
non-simulatedunreggisteredmages. The algorithmsarealsolimited to rigid, globaland
continuousdistortedimages,this is usually not the casewith remotelysensedmages.
Thealgorithmis inappropriatdor SARimagesn particular

Thealgorithmssuneyedhave somegoodfeaturedut noneseemsusablefor SARimages
with typical imagesizesin the orderof a gigabyteanda complex combinationof local
distortions.Somecomponent®f the algorithmsare however extractedandmodifiedfor
usein thealgorithmdesignof this dissertation.
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Chapter 3

Algorithm Theory,Designand
Implementation

3.1 Intr oduction

This chapterdesignsa parallelalgorithmfor the registrationof SAR images. The four
basicconsideration$or ary registrationschemeesarlierdiscusse@readdressedheseare
madewith specificrelationto the natureof typical SAR imagestherequiredaccurayg for
SARimagepost-processingndthe mostefficient parallelizatiorschemes.

3.2 Centre Offset Module

3.2.1 Theory

Thebackscattefamplitude/magnituddjom remotelysensedmagesnaydiffer markedly
for thesamamagescenethisis usuallydueto Radiometricerrors[6]. Thisis particularly
truefor SAR images.The magnitudeof the backscatteof theimagesto be registereds
not a good choiceasa “feature space”asinformationin the imageswhich is invariant
to illuminationis required.Phasecorrelationwhich utilizes the phasanformationin the
imageshackscatters used.Thisis achiezed by usingoneof the propertiesof the Fourier
transform. The translationalproperty of the Fourier transform(Shift Theorem)states
that,giventwo 1 — dimensional signalsf; and f, which arefunctionsof anindependent
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variablez, anddiffer only by a displacemendz, i.e.

fa(z) = fi(z — dx) (3.1)

thenthe FouriertransformsF; and F;, of the signalsarerelatedby

Fy(w,) = e 1@2da) By (w,) (3.2)

where| Fy(w;) |=| Fi(w,) |-

Thetwo displacedsignalsthushave the sameFourier transformmagnitudebut differ in
phase. This phasedifferencecan be shovn to be directly relatedto the displacement
dz. Computingthe normalizedcross-paver spectrumof the two signalsandthentaking
the inverseFourier transformof this, we obtain a signal which is approximatelyzero
everywhereelseexceptat the point atwhich the signalsarespatiallydisplaced.

= el o) (3.3)

F{eW=d)} = (g (3.4)

The 1 — dimensional displacementlz is thusobtained.This is easilyextendedto 2 —
dimenstions for imagesasshovnin Equation3.5.

FH el down )} = (dg, dy) (3.5)

whereF; (w,) is thecomple conjugateof Fy(w,).

Rigid 2 — dimensional translationdistortionin oneimagewith respecto the othercan
be obtainedusingthis method.This methodfor finding thetranslationn oneimagewith
respecto theotheris immuneto noiselimited to narrov bandwidthsit is relatvely scene
independendndits accurag is only affectedby significantwhite noise[5, Pg.346]. Thus,
giventwo imagesA andB of thesamescenerigidly mis-alignedasshovnin Figure3.1a,
thephasecorrelatiormethodasdescribedbovewill indicatethedisplacementgz anddy

18



Y
A
A
dy
dx é
=
X 2
(a) Centreoffsetcalculationpossible (b) No commonpoints, centreoffset

calculationnot possible.

Figure3.1: Rigid Translationn oneimagewith respecto theother

Notethatthis hasto bedonewith the prior knowledgethattheimagesatleasthave some
commonpoints, an applicationof the methodto imagesas shavn in Figure 3.1b will
not be valid asthe two signalsarecompletelyuncorrelatedthis will beindicatedby the
normalizedCross-correlatioiCC) valuee“=4«v%) whichranges) < CC < 1. Thisis
afigureof meritfor theresultof thephasecorrelationmethodfor specificimages(signals)
andwould be approximatelyzerofor uncorrelatedmages.

Also, asrotationandotherdistortionsearliermentionedarenot accountedor, the offset
calculatedfor the imageswill be crude,this only senesasa first stepto registerthe
images,otherdistortionswill be accountedor in the algorithm. For space-born&AR
images,(eg. ERSimages)rotationin imagesof the sceneacquiredby antenna®n the
sameplatformis usuallylessthan5¢ [45], this is minimal, andthe resultof the initial
offsetcalculatedusingthe phasecorrelationmethodwill beavalid crudeestimation.

3.2.2 Implementation

Typical SAR imagesare of size 1GB (2048 ,4nge—bins) X 26, 000(azimuth—iines)) SAMPIES,
eachrepresentedby 8bytes(complex float) , this makesperformingthe phasecorrela-
tion asdescribedor thewhole2 — dimensional imageimpracticabl€or mary comput-
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Figure3.2: Sub-imageA’ andB’ extractedfrom the centreof imagesto beregistered.

ing nodesandfor mostpurposesthis is unnecessaryAgain, a prior knowledgeof the
estimateddisplacemenbf the imagesin questionin the 2 dimensionds needed.This
determineghe size of the sub-imagedo be extractedfrom the centreof the imagesas
shown in Figure 3.2 for the crudecalculationof the displacemen(offset) of oneimage
with respecto theotherin bothdimensions.

The magnitudecorrelationmethodshouldthengive a crudeindicationof how thewhole
imagesaretranslatedvith respecto eachother Typical worstcasescenaridranslations
for ERSSARImagesare1000 pixelsin theazimuthand50 pixelsin therangg45], typical
centresize extractedfor the offset calculationis 512(,4nge—sampies) * 1024(azimuth—tines)
samplesthesesizescould be changeddependingon prior knowledgeof the translation
betweerimageso beregistered.

Detailsof theimplementatiorare:

e Extractcentrepatchedrom both(MasterandSlave)images.

e Obtaintranslation(dfsets)in both dimensionsasdescribed.Storeoffsetsin both
axesfor furtheruse.

Note Theplotsasshavnin Figures3.3and3.4are"“folded over”, thatis, thesearemirror
imagesof the original. Thus, the translationis (x — dz,y — dy), the obtained

20



0.8
= :
= 0.6
= L
= L
= [
S o.a b
‘% L
3 L
[ +

.2 -

AT

AOOC

3
P — 200 \\\

=

~
=
=
=
=
P i

7- ) =00 Q0

o OO A%

INSISRER RQ“%QQA

(a) Plot of all 1024*512sampleshaving single"spike" indicatingoffsetsin the
2-dimensions

0
0

o
N

Cross~Corellofion(CC)

0
N

:

230

Azimufh(Y)

o225

o220
A0 43S 440 445

Ranmnge (<)

(b) Zoomed-inversionof offsetplot

Figure 3.3: Plots of Offsetsobtainedfrom magnitudecorrelationof 2 imagesof size
1024 * 512 samples

21



Cross~Corelotion{(C)

558

Q30

Azimuth(y)

225

Q20

430 435 440 445
Ranmge(x)

=
=
=
— =
—
—
Lo
—
L— — L— —
| —— — > ]
> > e e

CA<D g3 M =

Figure3.4: Zoomed-inplotsshaving offsetsin bothdimensions

22



translatiorfrom the plotsshavn are(512 — 437 = 75) pixel samplesn therange(x)
and(1024 — 924 = 924) in theazimuth(y).

The 3 — dimensional plotsof theresultof phasecorrelationbetweera SAR imageand
a secondwhich is obtainedby pre-shiftingthe original imagein the two dimensiongs

showvn in Figure 3.3, zoomed-inviews (Figure 3.4) shav the exact translationsn the

range(x)andazimuth(y).Thetranslation®btainechereareatbest(assuminguorotations
or ary otherdistortion)accuratdo 1 — resolution cell. The secondmagewasobtained
by shifting the originalimageby 75 pixel samplesn the range(x)and100 pixel samples
in theazimuth(y).

3.3 Tie-point Offset Module

3.3.1 Theory

Applicationof the calculateccentreoffsetto the displacedmagewill registertheimages
accuratdo 1 — resolution cell atbest. Therigid translationof oneimagewith respecto
theothermaynotbeglobal,thus,thecentreoffsetcalculatednaynotbevalid all through
theimages.Also, theaccurag of registrationto 1 — resolution obtaineds notadequate
for SAR/INSARapplicationgd34][45].

After thecrudeoffsetis applied,aregulargrid of “Tie-points”aredefinedall throughboth
imagesn questionthisis doneto obtainthe offsetsbetweertheimagesat thesespecific
regionsin theimages.Generallythe higherthe numberof Tie-pointsdefinedthe higher
the probability of the accurag of the warping function determinedrom the offsetsat
thesepoints,thisis becaus¢hereis morestatisticalinformation,andthedatais generally
morerepresentate [5, Pg.353].Thelowerlimit onthenumberof Tie-pointsin therange
axisfor ensuringaccurateesultsfor SAR imagess deducedn [45].

A patchof the imageis thenextractedaroundeachdefinedTie-point on the Slave and
Masterimages.Thesizeof thepatchto beusedfor thelocal correlationis variable asize
of 64 x 64 samplesn bothaxeshasbeendeterminedo produceaccuratagesultsfor SAR
imageswith normalizedcross-correlatiogreaterthan0.2 [20].
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Theextractedpatchis interpolatedby zero-paddingf thesignalin thefrequeng domain.
An interpolationby afactorof 8 ensureshatthelocal offsetcalculateds accurateo 1/8
of aresolutioncell of theimage,thisis requiredfor SAR/INSAR applicationd46]. An
exampleof interpolatingd x 4 samplesn thefrequeng domainby afactorof 2 is shavn.
Thesamenterpolationschemdor a64 x 64 sampleémagepatchwill resultin a512 x 512
samplegpatchfor thelocalcorrelation.

z z 0000 2 =z
z z 0000 2 =z
0 00O0OO0O0O OO O
0 00O0OO0O0O OO O
0 00O0OO0OO0UO OO O
000 O0O0O0O 0O O
z z 0000 2z =z
z z 0000z =z

Note z representtheimagesamplen thefrequeng domain

Thelocal offsetis thencalculatedusingthe magnitudecorrelationmethodasdescribedn
Section3.2.

3.3.2 Parallelization

Thenumerousffsetcalculationcanbe donein parallel,theresultsarethencollatedfor
usein subsequentalculations.

The two imagesaredivided equallyamongsthe computingnodes this ensureghatthe
numberof local offsetto be calculatedon eachcomputingnodeis the same. Sincethe
processingo be doneis at the pixel (low) level [9], the load balancing for this taskis
trivial.

Considerations givenfor the size of the RAM on the computingnodes.Dependingon
the size of this, it may be necessaryo sendthe portionsof the imagesmultiple times.
A protocolis alsoestablishedor file accesdy the computingnodesasthey load their
assignegbortionof theimageinto memoryfor processingthis is necessarpecaus@nly
onenodecanaccessheimagefilesatonce.A nodeloadsits imageportionfor processing
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into memorythensendsaconfirmationto thespavning (controlling)nodewhenit is done,
asignalis thensentto the next nodeto performthe sameoperatioruntil all of themhave
donethis.

3.3.3 Implementation

e Divideimages(equallyto thelastrow) usingColumn/Ravs method[49, Pg. 102]
amongthecomputingnodes.

e Apply crudecentreoffsetto slave image

e Load assignedportion of imagesinto memory and sendconfirmationsignal to
spavning (controlling)computingnode.

e Computingnodesperformthefollowing tasks:
— DefineTie-pointpositions.

— ExtractimagepatcharoundTie-points.

— Interpolate do magnitudecorrelationandobtain2 — dimensional offsetfor
eachimagepatch.

— RecordTie-point Offsets, signal to spavning computingnode when done,
sendTie-pointoffsetsto spavning computingnodefor furtherprocessing.

3.4 Warp Module

3.4.1 Theory
As statedin Sectionl.1, the main objectve of registrationis to obtainthe relationship

betweerthetwo imagesin questionwhatfunctionappliedto a slave imagewill warp it
to areferencanasterimage.Thewarpingprocessanbedividedinto two:

3.4.1.1 Calculation of warping Co-efficients

Thereis no prior knowledgeof the exact natureof therelationshipbetweerthe slave and
thereferencamage thisis usuallyrepresentetly agenerapolynomial[5, Pg.353][23].
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For thereferencéamagewith sampleco-ordinategz, y), the correspondingampleposi-
tion ontheslaveimageto bewarpedis (2, y'). Therelationshipbetweertheco-ordinates
maythenbe of theform

' = 0y + 17 + a9y + azxy + 042 + asy® + agr Y ... (3.6)
Y = by + bz + boy + b3zy + bax® + bsy? + b’y (3.7)
whereay, as....... bi,bo......... arethewarpingco-eficientswhich arethe unknovnsin the

polynomial. Whentheseare obtained the positionsz’, y' canthenbe calculatedfor all
ZT,Yy.

The orderof the generalpolynomialchosenis a trade-of betweenaccurag andspeed.
Generallythe higherthe orderof the polynomial,the betterthe accurag of thewarping
function. Higherorderpolynomialfunctionsmay however be unpredictablendusually

the limit is the 3rd order[23][35]. Also, higherorderpolynomialsgive betterwarping
accurag aroundthe Tie-pointsbut large warpingerrorsmay occurat positionsfar avay

from the Tie-points[35]. A singleorderpolynomialis choserfor this warpingfunction,

this accountdor translationsyotations,stretch,shearand scalingwhich arethe typical

distortionswhich mayoccurin SAR images.The polynomialusedis:

' = a, + a7 + axy + azzy (3.8)

y' = by + b1z + boy + bzxy (3.9)

Linearregressiorapproximatiormethods usedo determinghevaluesof theco-eficients;
the polynomialis fitted to the dataprovided by the offsetsfrom the Tie-pointsby min-
imizing the error for eachdatapoint from the function definedby the polynomial. The
minimum numberof Tie-pointsdatarequiredto obtainthe warping co-eficientsis the
numberof co-eficientsto be calculatedn this case mary moreTie-pointsare usedin
practiceasearliermentioned.

Theleastsquareregressiormethodappliedis weighted, thatis, a figure of merit (in this
casethe Cross-correlatiorC'C' ) is usedto determinewhat statisticalcontritution the
datafrom eachTie-pointoffsetmakesin thelinearregressiorapproximation.Generally
the higherthe value of the C'C, the morereliable the offset resultsobtainedfrom the
magnitudecorrelationmethod.Temporalde-correlationn SAR imagesaredueto bodies
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of wateron theimages,layed-wer regionsetc.[46][29], the offsetsobtainedfrom these
regionsare not reliable,the CC valuesarevery low (=~ 0) andthey make little or no
contributionin theregressiorapproximation.The matricesusedfor the calculationareof
theform:

4 1 2o Y ZoYo
! aO
Ty 1 = U1 T1% a
1

= | | * (3.10)
a2
| I | |
! a3
| ‘rn—l i | 1 Tp-1 Yn-1 Tp—-1Yn-1

Wo 0 - - -
0 w - — -
W=1 111 |
o

| 00 0 0 wp |

wheren is the numberof Tie-pointoffsetresultsused,andW is theweightingmatrix in
the cune fitting proces{GNU ScientificLibrary ht t p: / / sour ces. r edhat . com
gsl/ref/gsl-ref _toc. htm). A similar matrix is formedfor ¢’ to solve for the
co-eficientsby, by, by andbs .

3.4.1.2 Warping

Thecalculatedraluesof the co-eficientsareusedto createathird image(warpedimage)
by calculatingthe positionsfor the sampleson the slave imageas representean the
referencamageusingEquations3.8 and1.9. The correspondingamplepixel positions
to bereadfrom (z', ') maybe:

e 1/ andy’ areintegervalues:-use&xactimagesamplerepresentedt this positionin
theslave imageonthewarpedimage.

e 1’ andor ¢/ fall outsidetherangeof theimage:-setthevalueof the sampleposition
in thewarpedimageto zero(0).

e 1/ andor ¢/ is/arenon-intgyer value(s):-the pixel positionto be readfrom is not
definedontheslaveimage(se&igure3.5). It hasbeendeterminedhatthe6 — point
cubicinterpolationmethodis the bestway for computingthe valuewhich will be
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representedh pixel positionfor SAR images[24][4]. This methodis employed
for all the positionsthat fall in this group. The 2-dimensionab — point cubic
interpolationis achiezed by applyingthefollowing function

s = 3 3 e (T2 ) u (L) @y

I=—1 m=-1 hl‘ hy

@—@—1—1 0<|s|<1
u(s) =4 LA g o< (3.12)
0 2<|s|

whereu is theinterpolationkernel,(z, y) is a pointthatfallsin the rectanglevhosever-
ticesaredefinedby [z}, z,+1] X [yk, Yk+1],hy, andh, arethez andy samplingincrements
(both= 1 in thiscase)andy, k£, [ andm aredummyvariablesusedascounterq24].

y
A

Calculated value (x,y")

falling on non-integer values

___— and needing interpolation
p— to determine sample values to be

represented on warped image.

\Sample positions on slave
Image represented by
integer values (x',y’)

-X

Figure3.5: Diagramshawving needfor interpolationafterapplyingwarpingfunction

3.4.2 Parallelization

The calculationof the warpingco-eficientsis intrinsically serial.
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The actualwarping (and interpolationwhen needed)s parallelized. The slave image
to be warpedis divided amongstthe computingnodes,load balancing,file accessand
limitationsof availableRAM considerationaremadeasdescribedn Sub-sectiorB.3.2.

Off§e\ts

Ta f“ ) /Rotation T

(X,Y) - WWG?WWW””””*w—n,,,,,7”””””””7” N _

X

Reference Image Slave image with
offsets in both axes and minimal rotation.

a= portion of image in reference image whose samples x,y, are to be located in the slave image
b= portion of image in slave image equal to the same size in reference image

b’=portion to be added (in number of rows) to the portion of slave images sent to be warped
in order to preserve edge information

The sample located at (x,y) in the reference image will be located at (x’,y’) in the slave image

Figure3.6: Typical ERSSAR translatiomandrotationdistortions

Thenew pixel positionsof thesample®ntheslaveimageto berepresentednthewarped
imagedependon the obtainedwarping function and are not known prior to the actual
warping. It is thusnecessaryhatthe portion of the slave imagesentto eachcomputing
nodeis greaterthanthe portion of the imageto be warped. This takesaccountfor the
edge effect [8][10][49]. How muchmorehasto be sentis determinedn the basisof the
initial calculatedcentreoffsetplussomemoreto accounfor rotationandotherdistortions
reflectedn thefinal warpingpolynomialused.

In this algorithm,the portion of the slave imageto be warpedplus twice the numberof
rows calculatedasthe azimuthcentreoffsetis assignedo eachprocessingiode. Thisis
basedon the envisagedworst caserotationin SAR images(seeFigure 3.6) andshould

29



ensurehatno informationis lost at the edgesof the adjoiningimageportionssentto the
differentcomputingnodesfor warping.

3.4.3 Implementation

3.5

Calculatewarpingco-eficientsusingresultsfrom Tie-pointsoffsetcalculation.

Divide slave imageasin Sub-sectior8.3.3.Add (2 x azimuth — centre — of f set)
rows to the size of the slave imageto be loadedinto memoryby the processing
nodes.

Accesdile andloadassignedmageportioninto memory Obserne file accesgpro-
tocolasdescribedn Sub-sectior3.3.3.

Obtainsamplevalue,(interpolatevhenneededjrom slave imagefor new position
in warpedimage. Do for eachpixel positionon the referencemageto produce
warpedimageportionon eachcomputingnode.

Sendsignalto spavning (controlling) nodewhendone,controlling nodeensures
file accesprotocol,andproperassemblyf the differentimagesegments.

Algorithm Summary

Themagnitudecorrelationtechniqueutilizesthe phasenformationin thebackscat-
ter of the SAR imagedo beregisteredthis is the Feature space.

Thesearch space is ultimately determinedy the distortions(translations,rotation,
shear)accountedor in the determinedvarpingpolynomial.

The search strategy involvesaninitial crudecentre-ofsetcalculation followedby
a moreaccurateTie-point offset calculations andthe determinatiorof a warping
polynomialbasednthis.

Thesimilarity measure will bementionedunderthediscussion®n accurag.
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Figure3.7: Algorithm Flow Diagram
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3.6 Conclusion

The algorithm thus designedbasedon theoreticaland practical considerationsvill be
implementedandtestedo determindts effectivenesgor therequiredpurpose
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Chapter 4

Implemented Algorithm Tests

4.1 Intr oduction

Theparallelalgorithmdesignedn Chapter3 is implementedn C languageon a parallel
clusterof 6 processingodesall processinghodeswith the sameconfigurationpentium
Il 350M hz processowith 512Mbytes RAM) with the Linux operatingsysteminstalled
on all processinghodes. The Parallel Virtual Machine (PVM) is the middle-ware for
communicatiorandotherparallelprocessingonstructs.

Theimagesusedfor testingtheimplementedlgorithmaretandenmimagesof CapeTown,
South Africa obtainedby the ERS satellite, the imagesrelevant parametersare listed
in the Appendix. The raw imagesobtainedby the satelliteswere processednto fully
focusedSAR images.Testimageswverethenextractedirom bothimagego beregistered.
Figure4.1showvsthefull imageandanapproximatereaextractedfrom bothimagesfor
registration.

Thischaptediscussetheresultsundertwo majorheading®f accurag of theregistration
andtiming results.

4.2 Image Registration Accuracy Tests

The GAMMA SAR processingoftware(GAMMA RemoteSensingResearclandCon-
sultingAG htt p: / / ww. ganma- r s. ch/ ) is awell usedcommercialSAR process-
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Figure4.1: CapeTown ERSSAR Imageshaving extractedportionfor registration
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ing software.Oneof thefunctionsit is capableof is theregistrationof fully focusedSAR
imageswhichis whatthealgorithmimplementedn this projectdoes.Theresultof regis-
teringthe testimagesusingthe GAMMA softwareis usedasabenchmarkor assessing
the accurag resultof the algorithmasimplementedn this project. The comparisons
both qualitatve(visualinspectionjandquantitatve.

4.2.1 Qualitative Measure

Thequality of interferogrammageq46] formedfrom registeredmagesof thesamescene
Is ameasuref how accuratelytheimageshave beenregistered.The quality of this also
depend®n otherparametersspeciallytheimagingbaselingseel.1)[3§. However, for
the samesetof imagesregisteredby differentalgorithms the quality of interferograms
avalid basisfor comparisonlnaccurateegistrationresultsin interferometrimoise- ran-
domnatureof the phaseplotsoveraregion resultingfrom non-coherencandnon-clarity
of interferometrigpatterngesultingfrom suchphaseplotswherethey exist. Propertieso
look for in interferogrammagesformedfrom accuratelyregisteredmagesare:

e Appearancef interferometrigpatternsuchas“contourlike” lineswherethereare
heightchangegfor examplemountainsjpntheimages.

o Clarity of thesepatterns.

The quality of both of theseareanindicationof the valuesof the correlationco-eficient
(CC) of theregisteredmages

Figure4.2showvstheoriginal extractedmagesandtheresultingwarped(registeredslave
imageusingtheGAMMA softwareandtheimplementedilgorithm. Thereferencenaster
Imagedoesnotchange.

The regionswith contourlines on the interferogramshown indicateregions of height
changesfor exampledueto mountaingthis may be apparenfrom the original images
Figure4.3). Theinterferogramsn bothcaseshaov goodvisual similarity in all regions.
Basedon the formedinterferogramgrom the registeredimages the implementedegis-
trationalgorithmcomparesvell with the GAMMA software.
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(a) Extractedportionof Master/Referencknage(05715.slc)

(b) Extractedportionof Slave Image(25388.slc)

Figure4.2: Original extractedimagesfor registrationandtheresultingregisteredmages
usingGAMMA andthelmplementedAlgorithm
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(b) RegisteredSlave ImageUsingImplementedalgorithm

Figure4.3: ReyisteredSlave Imagesusingthe GAMMA andimplementedalgorithm
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(a) Interferogranfrom imagesregisterecby GAMMA

(b) Interferogranfrom imagesregisteredby implementedalgorithm

Figure4.4: Flattenednterferogramgormedby imagesregisteredoy GAMMA andthe
implementedalgorithm

Colourcode:Blue (0) -> Light Greengr)
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Figure4.5: CoherencéMap shaving theregionswhoseaveragevaluesarecompared
ColourCode:Blue (LowestCC) -> Yellow (HighestCC)

4.2.2 Quantitative Measure

The quantitatve measureof accurag of registrationis the coherenceco-eficient (CC)
3.2. A singlefigure suchasthe averagecoherenceo-eficient over a whole imagemay
howevernotbeavalid indicationof how well theimagesn questiorhave beerregistered.
A goodexampleof situationsfor which a singleaveragevaluewill notbevalid is found
in imagedor whichalargeregion of theimageshave non-coherenbackscattedueto the
natureof the scenebeingimaged,eg. bodiesof water Thiswill resultin alow valueof
CC (tendingto 0 ona perunit scaleof 0 < CC < 1) overthewholeimage. This may
hide the factthat small but relevantregionsof theimagesareaccuratelyregisteredwith
relatively high valuesof C'C' . For the purposeof quantitatve comparisorof theimple-
mentedalgorithmandthe GAMMA software,the averageC'C valuesare computedfor
differentregionsof the generateadoherenceo - efficient maps. Theregionsconsidered
areasmarkedin Figure4.5.

As is shaowvn in Table4.1, the CC averagevaluesof the regions marked in Figure4.5
comparewell. NotetheC'C valuesfor region A whichis abodyof water theaverageC'C
valueis very low asexpected,f this region formeda larger percentagef theimagesiit
will beanexampleof theearlierdescribegossiblesituationandwill justify theagument
for markingspecificregionsfor comparison.The body of wateris however a relatvely
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Table4.1: AverageCoherenceCoeficient values( on a scaleof 0 — 1) for marked
regionson the Coherencenapin Figure4.5

| Region | GAMMA | ImplementedAlgorithm |
A 0.155 0.156
B 0.366 0.381
C 0.507 0.514
D 0.464 0.470
E 0.414 0.416
F 0.463 0.448
Wholelmage 0.347 0.350
Wholelmage(withoutwaterregion A) 0.367 0.370

smallpercentagef thewholeimageandthe averageCC valueover the wholeimageis
thusavalid measuren this case.

Basedon the averagedC'C valuesover the marked regions, the implementedalgorithm
registerstheimagesn questionat leastasaccuratelyasthe GAMMA software.

Notethatnumerougparametersanbechangedn the procesf registeringimagesusing
the GAMMA processoin a bid to obtainthe bestaccurag possible. The parameters
setfor theregistrationusedasa benchmark herewerechoserwith a bid to getthe best
registrationaccurag possiblethisinformationwasobtainedoy consultingthe GAMMA
software referencemanualand also from consultationwith colleaguesvho have wide
experiencen the useof the software.

4.3 Timing Results

Eventhoughtheunderlyingprinciplesfor registeringimagesusingthe GAMMA software
arevery similar to thatemployedin this project,the exact natureof the relationshipbe-
tweenthe numerousub-taskgannotbe establishedthis makesexacttiming comparison
impossible The GAMMA softwares parametergverehowever setto make thetasksper
formedto do theregistrationto be very similar to the tasksperformedby the algorithm.
The GAMMA softwarewasfoundto be slightly fasterthanthe implementedalgorithm
on a single processinghode. (Averagetime for GAMMA processor 8687seconds ,
Averagetime for implementedalgorithm= 8700seconds ). The time difference aver-
age= 13seconds represents minutepercentagé ~ 0.15% ) of the total time taken
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for the processing. Thetotal time takenfor theimageregistrationprocesss measured
for differentnumbersof processingnodes(n). Thetaskscarriedoutin eachcaseis the
same. The sametestis carriedout for eachnumberof processinghodesfour (4) times
to ensurestatisticalvalidity. Table 4.2 shaows a total time budgetfor eachnumberof
processingnodesfor theidentifiabletasksin the registrationprocess A summaryof the
budget,logically categorizingthedifferenttasksinto four(4) groups- (i)Parallel process-
ing, (ii)Serial processing(iii )I/O and Systenoverheadand (iv)imbalanceare shown in
the Tablesadjoinedto theplotsin Figures4.6and4.7 which show the plot of time results
in secondsindaspercentagesf awhole.

Table4.2: Averagevaluesof recordedime for thedifferenttasksthatmake up theregis-
trationprocessAll recordedvaluesarein Seconds.

| Tasks | 1Node | 2Nodes | 3Nodes | 4 Nodes | 5 Nodes | 6 Nodes |
ExtractCentre(l/O) 0.25 0.25 0.25 0.50 0.25 0.25
Centre Offset Calcula-| 23.50 23.50 23.50 23.25 23.25 23.50
tion (SC)
Register  Processing 6.75 7.25 7.25 7.00 7.00 7.25
Nodes(SO)
Part of Tie-pointOffset | 3.75 3.50 3.50 3.50 3.25 3.75
Comp.(I/0O& SO)
Part of Tie-pointOffset | 8700.70 | 4361.50 | 2901.00 | 2180.67 | 1738.00 | 1444.70
Comp.(PC)
Part of Tie-pointOffset| 1.00 0.50 0.25 0.75 1.67 2.00
Comp.(I/O& SO)
Part of Tie-pointOffset | 0.00 0.50 0.00 1.00 0.50 1.00
Comp.(Im)
*ComputeWarpingCo- | 0.00 0.00 0.00 0.00 0.00 0.00
efficients(SC)
Part of Warp Slave Im- | 1.00 1.00 1.00 1.00 1.00 1.67
age(l/0& SO)
Part of Warp Slave Im- | 97.00 50.50 34.00 25.25 21.00 16.50
age(PC)
Part of Warp Slave Im- | 2.00 3.00 2.50 3.25 3.50 3.50
age(l/O & SO)
Part of Warp Slave Im- | 0.00 0.50 1.00 0.50 0.50 0.50
age(lm)
Total 8835.95 | 4452.00 | 2974.25 | 2246.17 | 1799.92 | 1504.12

I/O:Input-Output
SO:SystenDverheads

Im:Imbalance
* Thefour averagedraluesweremuchlessthan0.00seconds
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Figure4.6: Plotsshaving thetime budgetfor theregistrationprocess
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The main focusof ary parallelalgorithmdesignis the maximizationof the percentage
of the time taken for parallel processingand as a result minimizing the time taken for
the otherlisted 3 categories. This ensureghat the processinghodes“enrolled” in the
parallelclusterareactuallyprocessingor mostof the time andnot losingidle CPU cy-
cles(processautilization). This determinegshe overall efficiency of the parallelsystem
andthusindicategustificationfor the parallelizationrscheme(ootherwise).

4.3.1 Load Imbalance

0.E /
S/
o.e

L/

1 2 3 4 5 g
—— |mbalance 1} 1 1 1.5 1 15
Mo. of Processing Modes

Time in Seconds

Figure4.8: Plot shaving extratime overheaddueto loadimbalance

As earlierexplained,thetasksperformedn parallel- tie-pointoffsetcalculationandim-
agewarpingareatthelow level (pixel level) andareevenlydistributed3.3.2. Thisensures
thatthe computingloaddistributedamongsthe computingnodesarewell balanced.

Therecordedaveragevaluesof imbalancefor all valuesof n areverylow (= 0 seconds),
they seemrandom following no particulartrendandcannotbe attributedto ary identifi-
ablespecificcause.
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Thetime lost asa resultof imbalancen load on processingiodesfor this implemented
algorithmasa percentag®f the total time taken for the processings negligible for all
valuesof n andcanbeignored.

4.3.2 Communication versusComputation
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communication:compu | 0.00102 [ 0.00344 | D.004SE | D.ODESS | D.0DGEE | D.0124
gtion
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The plots of communicatiorandcommunication:computaticare hardly distinguishable
becaus®f theirrelatively low values the adjoiningtablehowever shovs thevalues

Figure4.9: Plotsshoving the communication:computatioratio asthe numberof pro-
cessinghodess scaled

An objectve of all parallelalgorithmis to reducethe communication Computatiorratio.
Thetimetakenfor 1/O andtheaccompaying systenmoverheadareshavn in theadjoining
tableto theplot shovnin Figure4.9,theFigurealsoshavsthecommunication computa-

tion ratio ( thisis hardlydistinguishabldérom the plotsfor the communicationthevalues
areshown in theadjoiningTable). As is expectedtheratiois recordedasincreasingas
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n is increased the morethe numberof processingiodes the moretime is spenton 1/0O
andsystemoverheads.

A greatpercentagef thetime in thel/O andsystemoverheadcateyory is accountedor
by the time takento “enlist” the processinghodesin the parallelcluster(seeTable4.2),
thisis afunctionof PVM andis unavoidable.Thetime takenfor file I/O andinformation
exchangebetweerthe processingnodess almostnggligible.

Overall, the communication computatiorratio is very low, the time takenfor I/O and
systemoverheadsis comparedo the time taken for actualcomputatiorfor this imple-
mentedalgorithmis almostnegligible.

4.3.3 Serial versusParallel Computation

If the time takenfor intrinsically serialcomputationaccountdor a relatively high per
centageof the whole processesparallelizationof the algorithm may not be justifiable.
For example,by Amdahl’s law, the maximumobtainablespeed-upy parallelizingan

algorithmis givenby
n

Sl i (1)

wheref is theserialfractionof the parallelizedalgorithmandn is thenumberof process-
ing nodes.

Applying this law, analgorithmwith a serialfractionof 5% hasa maximumspeed-upf

20 if theremainingd5% arecompletelyparallelized.Thisis theupperimit for thespeed-
upirrespectve of thenumberof the numberof processingnodesemployedin performing
thetasks.NotethatAmdahl’slaw makesanumberof assumptionsvhich arenotvalid for

all situationg[1], the conceptof a rapid decreasén achievablespeed-umasintrinsically

serialpartsof analgorithmincreasess howevervalid for all cases.

For mary parallelalgorithms(asin this case)thetime takenfor the serialcomputation
is higherthanthatfor I/O and systemoverheadsandtime lost dueto imbalancein the
computationaload on the processingiodes. It is seenthatthe percentagef the serial
computatiorasa partof thewholeprocessncreasesairly rapidly asn is increased note
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rapid drop in parallel:seriacomputatiorratio in Figure4.10), this is the main consid-
erationfor the upperlimit of n to employ for processingandstill maintainreasonable
efficiengy, it determine$iow scalablea parallelalgorithmimplementations. Thegreater
percentagef thetime takenfor the serialcomputatioris accountedor by thetime taken
for the centreoffsetcalculation( seeTable4.2), thiswill begivenfurtherconsiderations
underdiscussion®f Speed-u@ndScalabilityin Subsectiong.3.4and4.3.5.

4.3.4 Speed-up(S)

As abenchmarkfor assessintherecordedspeed-umsn is scaledatheoreticallyderved
maximumspeed-ups used.Theunderlyingassumptionn deriving the Gustafson-Barsis
law is thatthe serial portion of the algorithmdoesnot changefor differentsizesof the
algorithm[18], this is valid for this particularalgorithmasthe time for the serialcom-
putationis accountedor by the centreoffset calculationandit remainsconstantor all
sizesof the problem. Thedervationalsoassumeshatthel/O andsystemoverheadsre
negligible, thisis alsovalid for thisalgorithm(seeSubsectior.3.2).1f thetime spentfor
thetotal processingpnn computingnodess

T=t,+t, (4.2)

wheret, is the constantime taken for the serialportion andt, is the time taken by n
processorso completethe parallelportion,thenthetime takenby 1 processors

T =1, +nt, (4.3)
andthespeed-ugb is givenby
g _ lstnty (4.2)
ts -+t

if for simplicity we set¢, + ¢, = 1, then,

S =ts+nt, =t;+n(l—1t) (4.5)

Thisis the Gufstafsons-Barsigw.
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TheadjoiningTableto Figure4.11shavsrecordedraluesobtainedoy runningtheimple-
mentedalgorithmalongwith theoreticalvaluescalculatedusingEquation4.5. The plots
shaw thattherecordedvaluesarevery closeto thetheoreticalimit for all valuesof n .

4.3.5 Scalability
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Figure4.12: Plot shaving Scalabilityof Implementedalgorithmasthe numberof pro-
cessinghodess scaled

The scalability of the parallelprogramindicateshow muchcomputingresourcegsanbe
increasedo obtaincommensuratencreasederformance.In this case,the computing
resourcesncreaseds the numberof processinghodes,andthe requiredperformancas
increasedpeed-ugreductionin total processingime).

The parallelprogramasimplementedscalesvary well for thevaluesof n = 1t06, the
obtainedreductionin total processingime hasan almostlinear relationshipwith » for
thisrange(se€&igure4.11).
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4.3.6 Efficiency (g)

This givesthefraction(perunit) for which thecomputingnode(s)s/areactuallyprocess-
ing (performingcomputationatasks). For a single processinghode,thereareno over
headsassociateavith communicatiorandtasksdistribution, all thetimeis spentprocess-
ing tasks,its efficiengy is thustheoreticallyl (100%). As n is increasedthe mentioned
overheadsncreasethusreducingthe efficiengy of the systemasa whole. Dependingon
thenatureof the problemandtheway the parallelalgorithmis designedtheefficiency of
thesystenmaydeteriorateslowly or rapidlyasn is increasedTheefficiengy of aparallel

systemis definedas
T

E =
T, Xn

(PerUnit) (4.6)

whereT; is definedasthetime takenfor thewhole processaisingl processqr7,, thetime
takenby usingmultiple processorandn is asearlierdefined.
substitutingfor the speed-ugactordefinedass = %

€= — 4.7)

Figure4.13shaws the plot of the calculatedefficiency of the implementedrogramasn
is scaledbetweernl and 6. Theefficieng is seerto remaincloseto 1 (PerUnit) for n = 6
(e = 97.84% for n = 6). Therecordedvaluesof ¢ areacceptabléor mostpurposes.

4.3.7 Summary of Timing Results

Therequiredspeed-upscalabilityandtherecordecefficiency of a parallelsystemareall
inter-linked. The upperlimit of the speed-ups usuallysetby the numberof processing
nodesn, supetlinear speed-upwherespeed-up> n) exists in theory but is usually a
resultof a suboptimakequentiablgorithmimplementatiorj49]. An increasen n results
in an increasein speed-upwith the maximum speed-ugfor a particularalgorithm as
earlier describedoy Amdahl/Gustafson-Barsigws. In theory n may be continually
scaledupwardswithoutary limit in the hopethata particularspeed-upvill be achieved.
Howevertheadditionof every extra processinghodewithouta commensuratacreasen
speed-upesultsin adecreasén theoverall efficiengy of the system.
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To determinethe optimumconfigurationfor a specificparallelsystem especiallyasre-
gardsghenumberof processingnodego beemplgyed,theminimumacceptablefficiengy
for thesystemmaybeset.n is thenscaledupwardsandthe speed-ugactorS is recorded
for eachvalueof n. ¢ is thencalculatedfor eachcaseusing Equation4.7. n is further
scaledup until theminimumallowableefficiengy for the parallelsystemis reached.

Efficiency is usuallyusedasthelimiting factorratherthanthe obtainedspeed-upthisis

so taking into consideratiorthe theoreticalmaximumspeed-udor ary parallelsystem
asstatedby the Amdahl's/Gustafson-Barsiaws. If for example,the minimumrequired
efficiency for theimplementedalgorithmin this projectis setat98% , thenthe maximum
valueof n is 5 ( n = 6 resultsin anefficieng of 97.84% whichis lessthanthe minimum

required) ( seeFigure4.13). n = 5 resultsin a speed-umf 4.91 . If the required
speed-ups 7 for example theminimumoverall efficiency requiremenhasto bereduced
in orderto allow for furtherupwardscalingof » in thehopeof obtaininghigherspeed-up.

4.3.8 Extrapolating

A mathematicakxerciseis performedhereto give an indication of the upperlimit of
scalingn up andstill maintaingoodoverall efficiency of the parallelsystemin theimple-
mentedalgorithmin this project. Thetwo mainpartsof the processarethetime takenfor
centreoffsetcalculation(serialcomputationjandthe tie-pointsoffsetscomputationpar
allelized). Assumingall otherportionsof the processare nggligible, the time taken for
centreoffsetcalculationis approximatelyt, andthetime for tie-pointsoffsetscalculation
is nt,. As n isincreasedor the sametask,?, reducegseeEquatior4.3). Sincet, andt,
form aratioaddingupto 1 (perunit), areductionin theparallelizedractiont, resultsn a
relative increasen the serialfractiont,. Referringto Equation4.5, increasen ¢, results
in reductionin the speed-us andthe overall efficiency of the system( Equation4.7).
If thetime takenfor computingl tie-pointoffsetis ¢ andtherearek tie-pointoffsetsto be
calculatedn all:

Total time to calculateall tie-pointoffsets= k x ¢ = t, for singleprocessor

kXt

n

Time takenfor k& Tie-pointoffsetcomputationy by n processingnodes-=
multiple processors

= t, for
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As n increaseg$or multiple processingiodesy, reduces.e.t, = 1 — t, increaseshus
reducingthe obtainablespeed-u@ndthe overall efficiency of the system.

In otherwords, n canbe scaledup andthe systemwill continueto performrelatively
efficiently for aslongasthetimetakenby eachprocessingnodeto computeheirallocated
tie-pointsoffsetsin parallelis muchgreaterthanthe time which wastakenfor the serial
computationof the centreoffset (¢, >> t,) .The systembecomesnuchlessefficient
whenthe numberof processingrodesemplogyedis so large thatthe time taken by each
processingnodeto computdts allocatedie-pointsoffsetsis comparabléo thetime taken
to computethe centreoffset. This however only occursfor very large valuesof n eg.
n = 100 asthetypical numberof tie-pointoffset calculationsor SAR imagesis about
1000 . Dividing this amongst0 nodeswill resultin eachprocessinghodecalculating
20 tie-point offsetswhich still resultsin a relatively low t; : ¢, ratio, anda relatively
goodoverallefficiengy of the system.

4.4 Summary

The accurag of the registrationis testedqualitatvely and quantitatvely, the obtained
resultscomparewell to thatobtainedusingthe GAMMA software,acommerciakoftware
whoseregistrationresultsareusedasa benchmark.

Timing resultsof implementinghe parallelalgorithmon a variablenumberof multicom-
puters( n = 1to6) areshavn anddiscussedSpecificattentionis paidto thetime spent
on I/O andsystemoverheadscommunicationtime lost dueto imbalanceof tasksdis-
tributedamongstomputingnodesandthetime takenfor the serialandparallelpartsof
the computation.Taskswhich contribute to thesefour (4) major portionsof the process
areidentified, trendsare highlightedand explainedwherethey exist. Relationshipse-
tweentheseandthe evaluationparametersor the parallelsystem- speed-up,scalability
and overall efficiency are established.The parallel programimplementationscaled-up
well asanalmostlinear relationshipexists betweerthe the numberof processingiodes
andtherecordedspeed-ugor all thevaluesof n used.Theoverallefficiengy of thesystem
for thesamerangeof n wasalsohigh. ( lowestrecordedefficiengy = 97.84% for n = 6).
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Chapter 5

Conclusion

5.1 Summary of Work doneand Results
obtained

An imageregistrationalgorithmwith registrationaccurag good enoughfor SAR im-
agespost-processingspeciallyinterferometrywasinvestigated An algorithmwith un-
derlying principlesthat utilizes the phaseinformationin the SAR imagesbackscatters
designedthisis basedon theoreticalprinciplesandsubsequenpracticaltest. The infor-
mationresultingfrom this is usedto furthermodelandandcorrecttypical distortionsin
SARiImages.

Thebasicprinciplesasidentifiedaredevelopedinto a parallelalgorithmcapableof run-
ning on multiple computersDistribution of thetasksin theregistrationprocesss donein
theparallelprogramdesignto ensureefficient useof the availablecomputingresources.

The designedalgorithmis implementedn C programminglanguageon systemswith
the Linux operatingsysteminstalled. PVM is the middle-wareusedfor communication
betweerthedifferentcomputingnodesandotherparallelcomputingconstructs.

Reagionsof tandenSARiIimagesof CapeTown areusedastestimagedor theimplemented
algorithm.Registrationaccurag obtainedusingtheimplementedalgorithmin thisproject
is comparedo thatregisteredusingthe GAMMA software,a commercialoftwarewith

imageregistrationfunctions. This is the benchmark for the accurag of registration.
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Qualitatve and quantitatve resultsshav that the implementedalgorithmis at leastas
accurateasthe GAMMA softwarein registeringthetestimages.

Timing resultsarerecordedasthenumberof processingnodesarescaledbetween and 6

.Theimplementedparallelalgorithmscaledwell with an almostlinear relationshipbe-
tweenthe numberof processingrodesfor the rangeof processinghodestested the ef-

ficiengy for all thesecaseswvasalso high with the lowestefficiency recordedwhenthe
numberof processingodesis 6 (asexpected)being97.84%. Theoreticalextrapolation
shovedthatthe upperboundof the numberof processinghodesto be employedandstill

maintainrelatively high efficiencgy is reachedasthetime takenfor eachprocessingiode
to computeits requirednumberof tie-pointoffsetsin parallelis in the orderof the time
takenfor the serialoperationof computingthe centreoffset.

The implementedalgorithmresultsin registrationaccurayg adequatdor the purposeof
SAR post-processingspeciallyinterferometry Parallelizationof the algorithmis very
efficientfor all the numbersof processingiodestested.The problemis “embarrassingly
parallel”.

5.2 Further Work

The implementedalgorithmis testedon a tightly coupledclusterof parallelcomputers.
The natureof the designedalgorithm however givesthe possibility of implementation
on distributedcomputers.The numerousTie-point offset computationan be doneon
partially availablecomputingnodes- A centralmastercomputingnodemay sendoutthe
Tie-pointsdatato the nodesasthey becomeavailable,and gatherthe informationfrom
themfor further processing.This may be investigatednot necessarilyfor betterperfor
mancethanis obtainedon clustereccomputingnodes put for working in the background
to harnessvastedCPU cycles.

It is notedin thiswork thatmostof thetime spentfor theregistrationprocesss for the Tie-
point offset computation.This primarily involves2 — dimensional Fouriertransforms.
The FFTW routine (ww. f f t w. or g) is employed in this project. If a more efficient
routineis investigatecand employed, it will resultin marked improvementin the total
time spentfor theregistrationprocess.
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In the designedalgorithm, the warping polynomial usedis derived from global infor-
mationall over the imagesto be registeredandis alsoappliedglobally for warpingthe
slave imageto the reference. This may not be accurate gspeciallyfor air-borne SAR
imageswith local distortions. It may be possibleto divide the imageinto regions,com-
putewarpingpolynomialsfor eachregion, andthenwarp separatelyThiswill posegreat
challengedor parallelizationconsiderationsgspeciallyedgeeffect considerationsvhen
arranginghedifferentregionsbackinto the completewarpedimage.

57



Bibliography

[1] G.M. Amdahl. Validity of the single-processoapproacho achieszing large scale
computingcapabilites.In AFIPSConfeenceproceedingsvolume 30, pages483—
485,1967.

[2] R.A.BaggsDD.E. Tamir, andT. Lam. ImageRagistrationUsingLengthCodeAlgo-
rithm . In Proceeding®f IEEE 1996,Southeastcot®6, page257—-260,1996.

[3] R.BamlerandRamonHanssen.Decorrelationnducedby InterpolationErrorsin-
SARProcessing In IGARSS'97pagesl—3,1997.

[4] R.BamlerandP. Hartl. SytheticApertureRadannterferometry GermanAerospace
Reseath Establishmen{DLR), 14(4):1-54 August1998.

[5] Lisa G. Brown. A Surwy of ImageRegistrationTehcnigues ACM Computing
Surves 24(4):325-376Decembed992.

[6] P. Chalermvat. High PerformanceAutomaticimage Reagistration for RemoteSens-
ing . PhDthesis,Geoge MasonUniversity, Fairfax,Virginia, 1999.

[7] P. Chalermvat, A. EI-Ghazavi Tarek,andLe Moigne Jacqueline.Wavelet-based
ImageReayistrationon Parallelcomputers In SuperComputing'97, pagesl-11,
1997.

[8] A. Downton. Generalised\pproachto ParallelisinglmageSequenc€odingAlgo-
rithms. In IEE Proc on Image SignalProcessingvolumel41,page438,December
1994.

[9] A. DowntonandD. Crookes. Parallel Architecturesfor ImageProcessing Elec-
tronicsCommunicatiorEngineeringlournal, 10 (3):1-21,1998.

[10] A. Downton,R. W. S. Tregidgo,andA. Cuhadar Top-davn StructuredParalleli-
sationof EmbeddedmageProcessingipplications. In IEE Proc on Image Signal
Processingvolumel141,pagest31—,Decembed 994.

58



[11] N.R. DraperandH. Smith. Applied RegressionAnalysis. JohnWiley and Sons,
New York, ChichesterBrisbane,dronto,Singapore,981.

[12] David FernandesGunterWaller, and JoaoRobertoMoreira. Registrationof SAR
ImagesUsingthe Chirp ScalingAlgorithm . In IGARSS96, volume2, pages’/99—
801,Lincoln, Nebraskal996.

[13] L. M. G. FonescaandC. S.Kenng. ControlPointAssessmerfor ImageRegistra-
tion . In Brazilian Symposiunof ComputerGraphics October1998.

[14] G. FornaroandG. FranceschettiimageReagistrationin InterferometricSAR Pro-
cessing In IEE Proceeding®n Radar Sonarand Navigation volume 142, pages
313-320Decembed996.

[15] A. GoshtasbyG. C. StockmanandC V Page.A Region-Based\pproachto Digital
Image Ragistrationwith Subpiel Accuray. IEEE Transon Geosc.and Remote
SensingGE-24(3):390-399%ay 1986.

[16] A. LaurenceGray and PeterJ. Farris-Manning. Repeat-Bssinterferometrywith
Airborne SyntheticApertureRadar. IEEE Transon Geosc.and RemoteSensing
31(1):180-191Januaryl993.

[17] S.Growe andR. Tonjes. A KnowledgeBasedApproachto AutomaticlmageRegy-
istration. In ICIP'97, SantaBarbaraU.S.A, October1997.

[18] J.L. GustafsonReevaluatingAmdahl’slaw. In CACM, volume31, pageH32-533,
1988.

[19] P Hartl, K.H. Thiel, X. Wu, and Y. Xia. Practical Application of SAR-
Interferometry;Experiencesnadeby The Institute of Navigation. In Proceedings
SecondERS-1Symposiumpages/17—-722,Via Galileo Galilei, 1-00044Frascati
Italy, Octoberl993.ESA PublicationDivision.

[20] J.Homerandl.D. Longstaf. Minimising the Co-RegistrationWindow Sizefor SAR
ImagePairs. IEE Proceeding®n Radar SonarandNavigation 142(6),December
1995.

[21] Li Hui, B.S.Manjunath,andK. Mitra. A ContourBasedApproachto Multisensor
ImageRagistration. IEEE Transon Image Processing4(3):320-334March1995.

[22] Ton J.andA.K. Jain. RegisteringLandsatimagesby pointmatching. IEEE Trans
on GeoscandRemoteSensingpages42—-651 Septembef 989.

59



[23] R.JohnJensenlintroductoryDigital Image Processing A RemoteSensingPerspec-
tive. PrenticeHall, EnglevoodCliffs, NJ07632,2 edition,1996.

[24] R. C. Keys. Cubic Convolution Interpolationfor Digital ImageProcessing IEEE
Transon Acoust.,Speeh, Signal Processing ASSP-29(6):1153-116@Mecember
1981.

[25] S.P. Kim andW.Y. Su. Subpixel Accuray ImageRegistrationby SpectrumCan-
cellation. In Acoustics,Speeh, and Signal Processing 1993.ICASSP-93EEE
InternationalConfeence volume5, pagesl53-156,1993.

[26] Daumagviarc andEvripidouParaslkevas. ParallelImplementation®f the Selection
Problem:A CaseStudy. ComputerScienceDept.,University of Cyprus 1999.

[27] C. HerbordtMartin, Cravy Jade,SamReng, Kidwai Owais, andLin Calvin. A
Systemfor EvaluatingPerformancend Costof SIMD Array Designs. Journal of
Parallel and DistributedComputing 60:217—2462000.

[28] L. BarrettMartin andH. WagnerClifford. C andUnix . JohnWiley andSonsNew
York, ChichesterBrisbane, dronto,Singapore,996.

[29] Didier MassonnetThierry RabauteandDidier Massonnet.Radarinterferometry:
Limits andPotential. IEEE Transon Geoscand RemoteSensing31(1):455-464,
March1993.

[30] Al-MouhamedMayezandNajjari Homan. Adaptive Schedulingof Computations
andCommunicationgn Distributed-MemorySystemsJournal of Parallel andDis-
tributedComputing 60:716—7382000.

[31] J.Le Moigne. Towardsa ParallelRegistrationof Multiple ResolutiorRemoteSens-
ing Data. Goddad SpaceFlight Centey NASA pagesl011-10131995.

[32] J.Le Moigne. Parallel Rggistrationof Multi-SensorRemotelySensedmageryUs-
ing WaveletCoeficients. Goddad Space-light Centey NASA 2001.

[33] M.G. Montorya,C. Gil, andl. Garcia.Parallelthinningalgorithmson multicomput-
ers:perimentalstudyon load balancing.Concurency: Practiceand Experience
12:327-3402000.

[34] K. S.RaoandY. S. Rao. Introductionto SAR Interferometryand Applications.
Indian Instituteof Technolagy, page—-11,Januaryl999.

60



[35] A. John Richards. RemoteSensingDigital Image Analysis:Anlintroduction .
Springey1985.

[36] J.L. Roda,C. Rodriguez,D.G. Morales,and F. Almedia. Predictingthe execu-
tion time of messageassingmodels. Concurency: Practice and Experience
11(9):461-4771999.

[37] E. RodriguezandJ. M. Martin. Theoryand Designof InterferometricSynthetic
ApertureRadars. In IEE Proceedingon Radar Sonarand Navigation volume
139,pagesl47-159 April 1992.

[38] Paul A. Rosen. SyntheticApertureRadarInterferometry. In Proceeding®f the
IEEE, volume88, pages333-382March2000.

[39] M.FigueiraSilviaandBermanFrancine.A Slovdown Modelfor ApplicationsExe-
cutingon Time-SharedClustersof Workstations.IEEE Transon Parallel and Dis-
tributedSystemsl2(6):653—June2001.

[40] Bischof Stefan, EbnerRalf, and ErlebachThomas. Parallel Load Balancingfor
Problemswith Good Bisectors. Journal of Parallel and Distributed Computing
60:1047-10732000.

[41] ErichStromaierJ.JackDongarraW. HansMeuer andD. HorstSimon.Themarket
placeof high performanceomputing.Parallel Computing 25:1517-15441999.

[42] V.S.SunderamandG.A. Geist. Heterogeneougarallelanddistributedcomputing.
Parallel Computingpagesl699-17211999.

[43] ThierryHojaToutin, E. HoeppnerA. RemondandChristineKing. GCPsSelection
from Multi-Source Data Over MountainousTopography. In IGARSS’98 pages
2339-2341Seattle USA, July 1998.

[44] A. J.Wilkinson. Developmentbf aninterferometricSAR Processingracility Phase
1: TheoreticalPrinciplesand Algorithms. Technicalreport, UCT RadarRemote
Sensingaroup,March1996.

[45] A. J.Wilkinson. Developmentf aninterferometricSAR Processingracility Phase
2: Implementationof an Image Registration Algorithm. Technicalreport, UCT
RadarRemoteSensingsroup,March1996.

[46] A. J.Wilkinson. Developmentf aninterferometricSAR Processingracility Phase
3: Formationof Interferograms. Technicalreport, UCT RadarRemoteSensing
Group,March1996.

61



[47]

[48]

[49]

[50]

[51]

[52]

A. J.Wilkinson. Developmenibf aninterferometricSAR Processindracility Phase
4: Implementatiorof aPhasdJnwrappingAlgorithm. Technicakeport,UCT Radar
RemoteSensingGroup,March1996.

A. J.Wilkinson. Developmenbf aninterferometricSAR Processindracility Phase
5: Implementatiorof an Algorithm to ProduceHeight Images. Technicalreport,
UCT RadarRemoteSensingGroup,March1996.

Barry WilkinsonandMichael Allen. Techniquesand ApplicationsusingNetworled
Workstationsand Parallel Computes. PrenticeHall, Englevood Cliffs, NJ 07632,
1 edition,1999.

C. Wimmer, R. Siggmund,M. Schwabisch,andJoaoRobertoMoreira. Generation
of High PrecisionDEMs of the WaddenSeawith Airborne InterferometricSAR.
IEEE Transon GeoscandRemoteSensing38(5):2234—-22455eptembeR000.

Yifeng Zhou,H. Leung,andPatrick C. Yip. An ExactMaximumLikelihoodRegis-
trationAlgorithm for DataFusion.IEEE TRANSETIONSON SIGNAL PROCESS-
ING, 45(6):1560-1572Junel997.

ZhangZuxun,ZhangJiangingLiao MingshengandZhangLi. AutomaticRegistra-
tion of Multi-Sourcelmagerybasedon Global ImageMatching. Photaggrammetric
Engineeringand RemoteSensing66(5):625-629May 2000.

\appendix

62



Appendix

C CodeFunctionalLayout

MasterTasks

¢ int CheckAndRegisterHosts(char*hosts);

e Chedksandregisters computingnodesn parallel Machine

— Functionaguments-arrapf hostnames

— Returngant(Number_of hosts)

e int ExtractCenter(float* master_center_ptrfloat* slave _center_ptr);

¢ Extractsandstoresimage centesin Arrays

— Functionagument-floapointersto masterandslave imagecentres

— Returngnt(confirmation)

e int Compute_Centre_Offset(float* master_center_ptr float* slave_center_pty
int* array_dim);

e Cente OffsetCalculation

— Functionamguments-

x Floatpointersto masterandslave imagecentres

x 2-elemenintegerarrayof imagecentredimensions.

— Result-setsvalueof 2-elementrray(RangandAzimuth Offset)
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e int Partition_Images(int no_of _hosts);

¢ DividesequallyamongsHosts

— Functionaguments-int(Numbeof hosts)

— Results-setgalueof partition_dimensions_dimension3-elemenarray(Number
of rows per sessionNumberof sessionsNumberof residualrows to be di-
videdin lastsession)

e int SpawnSlares_TiePointOffsetCompute();

e StartsTie-pointcomputatiortasksonslavessendsiecessarynformation-fileoffset
frombeaginningofimagefile to startreadingfrom,numberof rowsto read,unique-id
of slaveprocess.

— Results-

x Confirmationof startedslave processewith necessarynformation

x ResultingTie-pointoffsetscalculationresultsfrom slave processes.

Slave Tasks

¢ int ExtractSublmageAndShift(int nhosts,intstarting_point, int sent_rows, int* cen-
ter_offset);

e Extractsallocatedportion of imagesin slaveand masterimages and shiftsslave
image by earlier calculatedcente offset.

— Functionamguments-

x nhosts-uniquéentity for spavnedslave

* Starting-point-pointo startreadingin slave and masterimagesfor spe-
cific portionof imageto calculatetie-pointsoffsetsfor.

x sent_ravs-numberof rows to be loadedinto memoryfrom masterand
slaveimagedor processingsentby spavning process.

x centre_dset-pointerto 2-elemenintegerarraycontainingearliercalcu-
latedcentreoffset.
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— Result-

* Portionof imageto be processetbadedinto slave machinesnemory

x Shifting of slave imageby centre_diset

¢ int DefineTiePoint(int tiepoints,int sent_rows);

o Definegositionsfor Tie-pointoffsetscalculationon slaveand masterimages.

— Functionamguments-

x Numberof tie-pointsoffsetsfor the numberof sent_ravs

* Sent_ravs

— Results-setsalueof integerarrayof tie-pointoffsetspositions.
¢ int CalculateTiePointOffset(int* TiePointPosition_ptr,int count);
¢ DoesTie-pointoffsetcalculationfor all definedtie-pointpositions.

— Functionaguments-

x TiePointPosition-intgerpointerto arrayof definedtie-pointpositions

x Count-Numbenpf tie-pointoffsetscalculationto be done

— Results-setwvalue of 3 x count-elementarray Tie-point position, azimuth
offset,rangeoffset.
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MasterTask

¢ int ReadAndPrintResult(int count);

e Readsandprintstie-pointsoffsetsresultsfromall slaves.

— Functionagument-intgercount,numberof elementsn tie-pointoffsetsfile

— Results-Te-pointoffsetsresultsprintedto screen.
e int CalculateWarpingCoefficients(intcount);

— Functionagument-intgercount,numberof elementsn tie-pointoffsetsfile

— Results-varpingpolynomialcoeficients

e int SpawnSlares_wap(int no_of hosts);

e Spawnslavedo warpslaveimage basednwarpingcoeficients,eadt slaveis sent
informationsimilar to that sentin the functionSpawnslaveghe slaveswarp their
allocatedportion of the slaveimages, signify to the spawningprocessvhendone
Thespawningmadineassemblethewarpedimagesappropriately.

— Functionaguments-Numbeof slave machines

— Results-Assembledarpedslave image.

Slave Task

e Warp_Main()

e Slaveprocesswarps allocated portion of slaveimage and sendsit to spawning
processContainsfunctionfor Interpolatingvalueswhennecessary

e Results\Warpedversionof allocatedslave image.
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Programnput Parameters
Master_File->

Slave_File->

Number_of ravs->

Number_of Columns>

Centre_Size Azimutk>
Centre_Size_Range
Number_of Te Points_Range
Number_of Te Points_Azimuth>
List_of Hosts>

Output_Directory->

ProgramOutputs
Tie-PointsOffsets(Tie_points_ofiset.txt)
WarpingPolynomialgWarping_Polynomials.txt)

RegisteredSlave Image(warped_slee _image.slc)
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RelevantTestimageParameters

Master/Referencenage
title: 05715
date: 199605 24

raw_data_start_time: 0838 31.309

channel/mode: \AY
platform_altitude: 797392.5146m
terrain_height: 0.0000 m
range_piel_spacing: 7.905919 m
range_resolution: 13.495 m

offset_to_first_echo_to_process: 0 echoes

echoes_to_process: 27200 echoes
range_dfset: 0 samples
range_looks: 1 looks
azimuth_looks: 1 looks
azimuth_ofset: -0.28314 s
azimuth_piel_spacing: 4.057588 m
azimuth_resolution: 5.072 m
range_piels: 4912 samples
azimuth_piels: 26139 lines
Slave Image

title: 25388

date: 19960523

raw_data_start_time: 8 3831.918

channel/mode: \YAY
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platform_altitude: 797372.9890m

terrain_height: 0.0000 m
range_piel_spacing: 7.905919 m
range_resolution: 13.495 m

offset_to_first_echo_to_process: 0 echoes

echoes_to_process: 27200 echoes
range_dfset: 0 samples
range_ft_size: 8192
range_looks: 1 looks
azimuth_looks: 1 looks
azimuth_ofset: -0.17541 s
azimuth_piel_spacing: 4.057587 m
azimuth_resolution: 5.072 m
range_piels: 4912 samples
azimuth_piels: 26139 lines
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