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Abstract

Registrationof two or moreimagesof thesamesceneis animportantstepin imagepro-

cessingthatseeksto extract informationnot obtainablefrom oneof the imagesin ques-

tion. This processis requiredin many Engineering,ScientificandMedicalapplications.

Theaccuracy of thisstepis crucialto thereliability of subsequentimageprocessingandor

decisionsmadeon its basis.Thehugesizeof thedatato beprocessed,thespeedatwhich

the processingis requiredandthe accuracy requirementsnecessitatesa quick, efficient,

robustandin somerespectsautomaticprogramwhichefficientlyharnessesavailablecom-

puting resources.This is the objectof this project- the designof an imageregistration

algorithmwith a biasfor SAR/InSARapplicationsbut alsoapplicablefor otherregistra-

tion purposes,implementedonaparallelclusterof computingnodes.
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Azimuth—Angle in a horizontalplane,relative to a fixedreference,usuallynorthor the

longitudinalreferenceaxisof theaircraftor satellite.

Range—Theradialdistancefrom aradarto a target.
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antenna.
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Problemstatementand Scope

� Survey/Research imageregistrationalgorithms, identify techniquesspecifically

suited for SAR/InSAR purposesbut alsopossiblyuseful for other purposes.

� Designparallel image registration algorithm basedon researched techniques

above. Implement algorithm on multiple computers in a clustered architec-

ture.

� Test program with imagesand discussthe suitability of the algorithm as re-

gardsthe accuracyof the obtainedregistration and the suitability of the paral-

lelisationschemefor the registrationproblem. Both of thesebasedon objective

bench-marks.
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Chapter 1

Intr oduction

It is oftennecessaryto usedatafrom morethanoneimageof the samesceneto obtain

requiredinformationaboutthat scene. An exampleis the useof differenceimagesin

medicineto identify anatomicaldifferencesover time or from two or moreviewing an-

gles[5]. Theformationof interferogramsandheightmapsfrom stereoSAR information

from imagesof thesamescenetakenat thesametimewith antennasmountedonthesame

platform or at differenttimesduring different“passes”alsorequirestwo imagesof the

samescene[44][4]. A similar applicationis the detectionof relatively minutechanges

in groundheightsusingDifferential Interferometryrequiring three(3)or more images.

Thesearesomeexamplesof theprocesseswhich requiremorethanoneimageto obtain

neededinformation.For a valid comparisonof any sortor furtherprocessingin all these

casesmentionedandmore,the imageshave to beproperly“aligned”/“matched”.These

wordsaligned/matchedasusedherearevague,the processfor forming interferograms

andheightmapsfrom two(2) SAR imagesis briefly describedin Section1.1 to clarify

thispoint.

Although variousattemptshave beenmadeat reducingthe computationalcomplexities

of the variousalgorithmsemployed in registeringimages,they arestill generallyvery

computationallyintensive. Thedesignof parallelalgorithmswhich implementthemul-

tiple tasksinvolved in the registrationon multiple computersis an approachto solving

this problem. Parallelizationhowever doesnot ensurea speed-upin the computational

time andthe efficiency of thealgorithmasexecutedon multiple computingnodesmust

bejustifiedin the light of theaddedcomputingresources.Suchenvisagedimprovement

hasto be shown theoreticallyandor empirically by performinga seriesof testsusing

the algorithms. Thework to be carriedout in this projectis asis statedin the problem

2



statementandscope.

1.1 Background of ImageRegistration

(UsingSAR/InSAR)

SAR imagesareacquiredin oneof many possiblemodes,in all cases,theantennasused

in acquiringthe imagesare separatedby a base-line as shown in Figure 1.1. More

detailson InSAR canbeobtainedfrom [44][4][38][37]. Thebrief descriptionhereonly

seeksto highlight theproblemof imageregistration.Thepoints ! and !#" asrepresented

in Figure1.1 arepointsrepresentedon the ground(scene).For antennastransmittingat

a carrierwavelength $ � the phasedelaysresultingfrom the two-way propagationdelay

from eachof theantennaslocatedat
�%�&���'�
���

and
�%�
��'����

is givenby Equation1.1andthe

absoluteinterferometricphase( is givenby Equation 1.2.

( �*),+ ��-/. �$ 0 ( �)1+ �
-/. $ (1.1)

( ) ( 2+ ( �3) �
- � . 3+ . ���$ (1.2)

Also,assumingaflat-earthgeometryfor simplicity, thepoint ! (y,z) asin Figure 1.1acan

belocatedwithin theplaneby therelations:�4)5���/6 . �87�9;:*�%<=6?>��
(1.3)�@)A�
�B+ . �DCFE
7&�;<A6G>H�
(1.4)

where�������'�
�8�
and

����F�'����
arethecoordinatesof thelocationsof theantennas

! ���I�	��� and!#" ��� " �'� " � arepointsongroundin theimagedscene. �
and

. 
aremeasuredrangesfrom antennas

�
and

�
respectively to pointsonground>

is thebase-lineelevationangle<
is thedirectionof arrival of thereceivedechofrom point !
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Figure1.2: Possibledistortionsin images

Theserelations(Equations1.1,1.2,1.3)will howevernotbevalid for the

geometryas shown in Figure 1.1b becauseof the spatialmisregistrationof the points

beingconsideredby thedistanceJ (this time in the
�
-direction,notethat thedistortion

could be in otherdirectionsor of a different type). Calculationsmadeon the basisof

misregisteredimageslike Figure1.1b will result in errors. Possibledifferencesin the

referencedpointsmay be causedby changesin the modeandor device for the image

acquisition,positioningof thedeviceor someotherdeviation from theplannedcourseof

theplatformon which thesensoris mounted.This canresultgenerallyin translation in

the K - and
�
-axis, rotation, scaling, stretching andshearing in oneimagewith respect

to the other. For example,a deviation from the plannedaltitude of the platformson

which sensors(antennas)aremountedfor SAR imageacquisitionmayresultin anerror

in scalein the imagesobtained. Imagedistortionscanbe genericallyclassified[6] as

RADI OM ETRI C - dueto the effect of the atmosphereon radiationandthuson remote

sensingimageryandalsoinstrumentationerrors,andGEOM ETRI C errorswhichareasa

resultof variationin platformaltitude,velocity andattitude,etc. Someof thesepossible

distortionsareshown in Figure 1.2.
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Thedistortionsshown in Figures1.1aand1.1b(translationsandrotations)arecausedby

orbit changesof thesensor(e.g.antenna)from thedesiredorientationwhile acquiringthe

image.Thedistortionshown in Figure1.1c(scaling)is asa resultof changeof altitude

of thesensor/platformonwhich it is borne,andthosein Figures1.1dand1.1e(stretching

andshearing)areasa resultof distortionsin thesensoritself.

Thesedistortionsmayalsobeclassifiedasglobal- continuousover the imageasin Fig-

ures1.1a- 1.1eor localasrepresentedin Figure 1.1f.

Theregistrationalgorithmthusseeksto transformoneof the imagessuchthatpointson

it (asrepresentedby pixel positions/locationsin digital images)align with or arerepre-

sentedby thesamepixel locationsontheotherimage.Theimageleft unchangedis called

theReference/Masterimageandtheimageto betransformedis calledtheinput/slaveim-

age,a third imageis thenproducedfrom thetransformationof theinput image.

By “comparing” the input andthe referenceimages,a relationship(a function) canbe

obtainedwhich warps/deforms/transformstheinput imageinto animagethat is geomet-

rically similar (in dimensionsandpixel positioning)to the referenceimage.Thus,for a

2D referenceimagewith pixel coordinates
� K ���#� , thereis a relationshipwhich defines

thelocationof thesamepixel on theinput image
� K " �	� " � suchthat

K " )MLN� K �	�O� (1.5)� " )MLB� K ���#� (1.6)

Obtainingthis function
L

which maymodeldistortionsassimpleasa global translation

or as complex as a local combinationof all the distortionsearlier discussedis one of

themainobjectsof imageregistration.All furtheroperationsin theprocessof obtaining

furtherinformationfrom theimagesasdescribedin Chapter1 arethenperformedusing

thereferenceandthetransformedinput image(warpedimage).

Theresolutionof theimagesto beprocessedmakesit necessaryto dosomeoversampling

or interpolationof thegivendata,effectively resultingin largerdatasets.For SARimages

for example,the resolutionis in theorderof meters(eg........
�P.
Q 7�E
RTSVUD9WE�:XC Q R%RY) ����Z �

, accurateregistrationof this imageat the pixel level will be inadequateas the points

referencedfor furtherprocessingmaystill bemetersapart,resultingin appreciablepost-

processingerrors.Sub-pixel imageregistrationaccuracy is thusa requirementfor many

6



purposes,this leadsto ahugeincreasein datato beprocessed.

The processesdescribedabove arecomputationallyintensive andthusrequirethe most

efficient useof computingresources.This canbe achieved by the designandefficient

implementationof registrationalgorithms.Thisprocesscanalsobespedupby harnessing

thepotential gainof usingmultiplecomputersfor thecomputations.

1.2 Distrib uted and Parallel Computing

Rapiddevelopmentin many areasof Medicine,EngineeringandSciencehaveresultedin

theneedto processmoredataandata fasterrate.Suchcomputingwastypically doneon

main-framesupercomputersastheavailableresourcesonPCswereinadequate.Therela-

tively hugecostof supercomputershaveput themout of thereachof many organizations

whichneedto dothekind of processingdescribedabove. Anotherdisadvantageof super-

computersis thatthey areusuallyverycustomizedin hardwareandsometimesin thesoft-

wareinstalledon themthusmakingmaintenancedifficult andexpensive andupgrading

almostimpossible.UsingmultiplePCswith relatively low cost,off-the-shelfcomponents

organizedasa looselydistributedsystemor moreclosely in parallel/clusteredsystems

havebeenattemptedasawayof obtainingthecomputingresourcesof thesupercomputer

andover-comingits cons.Solvingtheproblemof maintenanceandeaseof upgradehave

beenachieved. Theprice/performanceratio for distributed/parallelcomputershave also

surpassedthatof supercomputersin many instances[41][27].

1.2.1 Classificationof Parallel/Distrib uted computers

A usefulcriteriafor classifyingparallel/distributedcomputersis thatof theData setthey

processandthe Instructions executedby thecomputingnodesthatmake up thesystem

[9].

1. SingleInstructionSingleDataset/stream(SISD):thisis basicallytheVonNeumann

computerarchitecture,it consistsof a singleinstructionbeingexecutedon a single

set/streamof dataonaprocessingnode.

2. SingleInstructionMultiple Datasets/streams(SIMD): All processingnodesexe-

cutethesameinstructionondifferentdatasets/streams.
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3. Multiple InstructionMultiple Datasets/streams(MIMD): All processingnodesex-

ecutedifferentinstructionson differentdatasets/streams.This groupcanbe fur-

thersub-dividedinto MIMD-SharedMemory(MIMD-SD) andMIMD-Distributed

Memory(MIMD-DM). In MIMD-SM, theprocessingnodesall haveaccesstoacen-

tral memorythrougha local bussystem.In MIMD-DM, eachprocessingnodehas

its own local memoryandcommunicationwith otherprocessingnodesis through

anexternalinterconnectionnetwork.

4. Multiple InstructionSingleDataset/stream(MISD): Differentinstructionsoneach

processingnodebut operatingseparatelyon thesamedataset/stream.

AnotherclassificationcriteriondividesParallel/Distributedcomputersinto either:

1. SPACE SHARING : Tasksaredistributedamongstcomputingnodes,eachnodepro-

cessesa separatetask/sub-taskatagiventime.

2. TIME SHARING : The differentmultiple tasksaregivenaccessto the computing

nodesand they competefor the processorcycles/timeby somedesignedtime-

sharingformula.

1.2.2 Parallelization/Distrib ution schemes

Parallelization/Distributionof tasksis donein oneof or acombinationof thewaysstated

[9][49]:

1. Pipe-Lining:Processesthathave many sequentialmoduletasksmaybepipe-lined

suchthat a processingnodewaits for the precedingprocessingnodeto perform

its own taskandthenpassesthe dataresultingfrom the processingat that stage

to the subsequentstage.This arrangementis obviously only suitedfor processes

with modularsub-tasksandin which thedatato beworkedon is “streaming”,that

is, continuousinput dataand expectedcontinuousoutput processeddata. Real-

time featureidentificationin input imagesmay involve (i) filtering, (ii) rebining,

(iii) thresholdingand the (iv) identificationof features. Eachof thesestagesof

the processesmay be pipe-lined; the first processingnodeperformingthe filter-

ing andthelastprocessingnodeperformingthefeatureidentification.Theoverall

throughputof the systemis increasedbut the latency betweeninput andoutputis

not improvedby thisarrangement.Theslowestlink in thepipe-linedeterminesthe

8



performanceof the system.The otherdraw-backof this arrangementis that it is

non-scalable;a processdesignedto work on 5 processingnodescannot beeasily

scaledto runon3 or 7 nodes.

2. Algorithm Parallelism:Sub-tasksof a processwhich canrun concurrentlycanbe

distributedon a numberof computingnodes. For example,operationson a 2D

imageto be performedin both a horizontalandvertical directionsmay be done

on thesameimageconcurrently. Theresultof eachoperationis thencombinedin

somelogical way to completetheprocess.This arrangementalsosuffersfrom the

disadvantageof difficulty of scaling.

3. DataParallelism:This fits theSIMD architecture. Thedatasetto beprocessedis

dividedamongstthe processingnodeswhich all executethe sameinstructionset.

Suchdatadistribution canbedoneStaticallyor Dynamically. Segmentsof digital

imagesmay be allocatedto processingnodesfor full processingthen the whole

imagere-assembledto form the whole processedimage. Considerationshave to

begivenfor boundaryinformationbetweentheadjacentimagesegmentswhenre-

assembling.

However, someotherproblemswhich areassociatedwith distributed/parallelcomputing

include:

1. Load Balancing: Theefficientdistributionof tasksandtheallocationof computing

resources. Thisensuresthattheprocessingnodeshavetheleastpossibleidle clock

cycles.

2. Scalability of algorithmsto beimplemented:Designwhichensuresthatincreasein

computingresourcesfor thesametaskresultsin commensuratetiming/throughput

gains.

3. Obtainingadequatecapacityon Inter -connecting Network betweencomputing

nodes. The communicatingchannelbetweenprocessingnodesshouldnot be a

bottle-neck.

4. Granularity : Minimization of time taken for communicationbetweennodesas

comparedto time for actualcomputation.Actual processingdoesnot take place

duringcommunicationbetweenthenodes,thisresultsin idle processingcyclesalso

resultingin lowerefficiency of thesystem.Theobjectis to reducethecommunica-

tion/computationratioor vice-versa.[SeeFigure1.3]
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The specificschemeor combinationof schemesto distribute/parallelizethe tasksto be

donedependon thenatureof theproblemto besolved;datatype- streamingdata(con-

tinuousinput andoutput)or a staticsource(e.g. imageon disk), the type of operation

- low level (e.g. processingat thepixel level), mediumlevel (e.g. edgedetection),high

level (e.g. objectrecognition),andalsodependson the existing hardwarearchitecture.

All thesearetaken into considerationwith a view to harnessthe potentialgainsof par-

allelization,yet reduceto a minimum the basicproblemsof parallelizationasstatedin

Section1.2.2. The schemefor this thesiswork is statedandthe componentsarehigh-

lightedandjustifiedin theprogramdesignprocessin Chapter3 of thisprojectreport.

1.3 ThesisOrganization

Therestof thethesisis arrangedthus:

� Chapter2 is a literaturereview and survey of imageregistrationalgorithmsand

relatedresearch. Algorithms that have beendesignedand implementedin the

work/researchdoneby othersandthe resultsobtainedarediscussedasthey relate

to thisspecificwork.� Chapter3 describesthechoiceof thevariouscomponents/stepsto beimplemented

in this particularwork, eachcomponentis justified on a theoreticalbasisandor

practicalexperienceasshown underdiscussionson obtainedresultsfrom imple-

mentedalgorithmsin Chapter2 andalsoin keepingwithin thescopeof work to be

doneasstatedin theProblemstatementandscopeof work. Theoreticalandpracti-

calparallelcomputingconsiderationsarestatedandmadeespeciallyasregardsthe

specificalgorithm/programdesign.Considerationsmadefor implementationin C

usingPVM messagepassinglibrariesarealsostated.A flow chart/pseudo-codefor

theproposedalgorithmto beimplementedis thenshown. A brief discussiononthe

generalandpeculiarproblemsencounteredin theactualcodingin C andPVM are

statedhereif they exist.� Actual testsof the programusing real imagedataare carriedout in Chapter4.

Recordsof necessarydataaredisplayedanddiscussedundertheheadings:

– Accuracy of theregistration: the testof how accuratelythe testSAR images

areregisteredwill bedeterminedby thequality of interferograms(amountof

interferometricnoise)formedby theregisteredimages.Theregisteredimages
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will thusbeusedasinput to anexisting routinewhich forms interferograms.

Theregistrationaccuracy will beassessedqualitativelyandquantitatively. The

benchmarkwill beimagesregisteredusingacommercialsoftware.

– Speed-up,ScalabilityandOverall Efficiency of the ParallelSystem:Execu-

tion time of the implementedcodewill be comparedto that of an existing

serial implementationof a similar algorithm. Speed-upswill alsobe mea-

suredasthenumberof processingnodesperformingtheregistrationtasksare

increased(Scaling).Thesewill be linkedto theoverall efficiency of thesys-

tem. Theoreticaloptimumperformancewill form thebasisfor measuringthe

parallelsystemsperformance.Resultsarediscussedandpossiblereasonsfor

markeddifferencesfrom theoptimumarestatedif they exist.

� Chapter5 concludesthe dissertationby summarizingthe objectof the work and

how well thedefinedproblemhasbeeninvestigated/solved. Thesuitability of the

algorithm for parallelizationis discussedin the light of resultsfrom Chapter4.

Furtherwork that can be donein this area,especiallyas regardsimproving the

methodfor parallelizingthealgorithmor amendingtheregistrationalgorithmitself

for thepurposeof betteroverallefficiency arementioned.
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Chapter 2

Literatur e review and Surveyof Image

registration

algorithms

A survey of imageregistrationalgorithmsrevealsthat they are usually very problem-

specificandareconsequentlynumerous,eachsuitedfor specificpurposes.This makes

their classificationdifficult. Brown[5] identified the basiswhich cut acrossall image

registrationalgorithmsandattemptedto classifythemusingthis criteria. All imagereg-

istrationalgorithmdesigninvolvesthefollowing.

2.1 BasicImageRegistration considerations

� Decisionon a FEATURE SPACE which extracts the information in the images

to be usedfor the “matching”. This could be magnitude/intensityas in [31][6],

edges/segments/regionsasin [15][21] or someotherappropriatefeatureof theim-

agesto beregistered.� A SEARCH SPACE which definesthe possibletransformationsto the input/slave

imagewhich will result in the bestmatchto the referenceimage. This could be

translations,scalings,rotationsetc. or somecomplex combinationof any of the

distortionalreadymentioned.� The SEARCH STRATEGY defineshow the searchspacewill be navigated. The

searchmaybeselective,exhaustive,hierarchalor somecombinationof these.
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� SI M I L ARI TY M ETRI C determinesthemeritor qualityof matchof thetwo images

asregisteredafter transformationof the input image. The two imagesarehardly

ever perfectlyregistered,but a similarity metric suchasan absolutedifferenceof

the two imagesafter transformationmay indicatehow well the imageshave been

registered.Notethat takingtheabsolutedifferencebetweentwo registeredimages

is not alwaysa goodmeasureof theaccuracy of registration,it is mentionedhere

asoneof themany options.

2.2 Reviewedmaterials

All imageregistrationalgorithmsarecombinationsof instancesof the four components

listedabove. An algorithmdesigninvolvesidentifyinga suitablefeaturespace,deciding

onthenecessarysearchspace,navigatingsuchasearchspacein themostefficientmanner

anddeterminingwhich of the transformationsproducesthebestmatchusingtheappro-

priatesimilarity metric.Thechoiceof eachcomponentto beusedis primarily dependent

onthekind of imagesto beregistered.A brief descriptionof someregistrationalgorithms

highlightingthesecomponentsfollows.

Fornanoet al. [14] useintensityinformationin SAR imagesasthe featurespace.With

prior knowledgeof SAR imaging,2D translationsandminimal scalingwerechosenas

thesearchspace.Fouriermethodswereappliedfor thesearchstrategy andthesimilarity

metricwasameasureof how well thespectrumof thetwo imagesaligned.Theprocessing

in thisalgorithmis on theraw SARdatawhich is usuallyveryhuge(orderof gigabytes).

The methodis well suitedfor space-borneSAR imageswhich suffer from the kinds of

distortionsaccountedfor in thescheme,theprocessinghowever takesappreciabletime.

RegisteringSAR imagesby modelingthe sourcesof distortionsin SAR imaging and

incorporatingthisin theSARimageprocessingschemewasattemptedby Fernandesetal.

[12]. Estimatedtranslation,rotationsandscalingbasedon theknowledgeof SAR image

acquisitionschemeareincludedin theprocessingto compensatefor thedistortions.The

estimations/modelingareanalogousto thesearchspaceandsearchstrategy, theraw image

pixelsserve asthefeaturespace.A comparisonof thespectrumof theregisteredimages

servesasthe similarity metric. The accuracy of the modelfor the distortionsis crucial

to the accuracy of the registrationscheme.The modelsmay not alwaysbe accurateor

empirical,tracingthesourcesof errorsin registrationcouldthusbedifficult.
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Baggset al. [2] attemptto reducethe computationtime andyet retainthe accuracy in

registeringimagesby usingwhatthey calleda“Lengthcodealgorithm”. Thelengthcode

of objectsin imagesis definedasthedistancebetweenthecentroidof theobjectandthe

objectboundary, this is usedasthefeaturespace.Translationalandrotationalfeaturesof

thelengthcodeareusedfor thesearchspace,thesearchstrategy is anexhaustive search

overall thepossibletranslationsandrotationsfor all theobjectsidentifiedin theimages.

Geometricallymeasuredtranslationandrotationalerrorsbetweeninputandreferenceim-

agesareusedasthesimilarity metric.Minimummatchingerrorswith hugecomputational

gainswererecordedfor simulatedimagedata.Thevalidity of this for any realimagereg-

istrationproblemwasnot shown. Non-existenceof objectsin partsof the imagesmay

alsoresultin errors.

Obtaining“Tie points” (accuratelyidentifiedcommonpointson bothimagesto beregis-

tered)which is astepprior to obtainingawarpingfunctionwhichdefinestherelationship

betweeninputandreferenceimagesis 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 points in both imagesserve as the featurespace,the

numberof coefficientsdefinedin the warping function/polynomialserve as the search

spaceasthey representtranslation,rotation,scalingandotherdistortionswhich needto

beaccountedfor to registerthe input/slave imageto thereferenceimage.Leastsquares

regressionmethodis usedto calculatethe polynomialcoefficient andthis servesasthe

searchstrategy. Theabsolutedifferenceof bothregisteredimageswasusedasa similar-

ity metricandalsoa testof theaccuracy of thealgorithm. Growe et al [17] alsoworked

in thesamedirectionby attemptingto solve theproblemof accuratelyidentifying “Tie-

points”asa featurespaceby usingprior knowledgefrom GISdatato identify featuresin

imagessuchasroadintersections.Suchpointsareidentifiedthroughtheuseof defined

semanticswhichareto besatisfied.Suchaccuratelyidentifiedpointsthenserveasfeature

spaceandregisteringthe imagesfollows a similar processasin thework donein [15] .

In both algorithms,the distortionsthat leadto misregistrationareassumedto be global

andcontinuousover thewholeimage,this is usuallynot truefor mostimagesespecially

remotelysensedimages.

Le Moigne [31][32] introducesthe dimensionof parallelprocessingto imageregistra-

tion, parallelizationitself is basicallynot an imageregistrationissuebut it createsnew

possibilitiesin imageregistrationalgorithms. Raw pixel valuesareusedasthe feature
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spacebut a reductionin the dataset is achieved by resolutionreductionusingwavelet

decomposition.Thesearchspacewasa combinationof rigid translationsandrotations.

The searchstrategy is hierarchal- a large searchspaceis navigatedat lowest resolu-

tion and in larger “steps”, as the resolutionof the sameimageis increased,the search

spaceis navigatedmoreaccurately(“finer” stepsthrough)but is centeredaroundtheso-

lution found in the prior resolutionlevel, this is repeateduntil the full imageis aligned

asaccuratelyasdefinedat full resolution.Thealgorithmwastestedby applyingknown

translationsandrotationsto ThematicMapper(TM) andAdvancedVeryHigh Resolution

Radiometry(AVHRR) imagesandthe algorithmattemptsto registertheseintentionally

mis-alignedimageswith the original ones. Accuracy resultsandtiming gainsresulting

from parallelizationarerecorded.

Chalermwat [7][6] extendson thealgorithmimplementedby Le Moigne[31] by reduc-

ing the searchspace. Geneticalgorithmsareappliedsuchthat the searcheven within

thedefinedsearchspaceis not exhaustive yet theability to find thebestmatchbetween

both imagesis not compromised.The algorithmis testedon moredatain addition to

thosein [31], includingSAR imagesandimagesfrom GeostationaryOperationalEnvi-

ronmentalSatellite- (GEOS-8).Both algorithmshave thegreatadvantageof beingable

to registermulti-resolutionimagesusingwaveletdecomposition,hugetiming gainsare

also recordedbecauseof parallelization. Their testsare however on imagesin which

known translationsandrotationsareintroduced,no testswerecarriedout in registering

non-simulatedunregisteredimages.Thealgorithmsarealsolimited to rigid, globaland

continuousdistortedimages,this is usuallynot the casewith remotelysensedimages.

Thealgorithmis inappropriatefor SAR imagesin particular.

Thealgorithmssurveyedhavesomegoodfeaturesbut noneseemsusablefor SARimages

with typical imagesizesin the orderof a gigabyteanda complex combinationof local

distortions.Somecomponentsof thealgorithmsarehowever extractedandmodifiedfor

usein thealgorithmdesignof thisdissertation.
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Chapter 3

Algorithm Theory,Designand

Implementation

3.1 Intr oduction

This chapterdesignsa parallelalgorithmfor the registrationof SAR images.The four

basicconsiderationsfor any registrationschemeearlierdiscussedareaddressed,theseare

madewith specificrelationto thenatureof typicalSARimages,therequiredaccuracy for

SARimagepost-processingandthemostefficientparallelizationschemes.

3.2 CentreOffset Module

3.2.1 Theory

Thebackscatter(amplitude/magnitude)fromremotelysensedimagesmaydiffermarkedly

for thesameimagescene,thisis usuallydueto Radiometricerrors[6]. Thisis particularly

truefor SAR images.Themagnitudeof thebackscatterof the imagesto beregisteredis

not a goodchoiceasa “featurespace”as informationin the imageswhich is invariant

to illumination is required.Phasecorrelationwhich utilizesthephaseinformationin the

imagesbackscatteris used.This is achievedby usingoneof thepropertiesof theFourier

transform. The translationalpropertyof the Fourier transform(Shift Theorem)states

that,giventwo
� +\[�9 ZYQ :/7�9]E^:`_�R

signals
La�

and
L�

whicharefunctionsof anindependent
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variableK � anddiffer only by a displacement
[ K � i.e.L^�� K �b)=L��F� K +c[ K � (3.1)

thentheFouriertransformsd � and d  of thesignalsarerelatedby

d ��fehg��b) Q
i
j�kml�n	oDn'p d �F�feqg^� (3.2)

where r^d ^�Teqg�� r ) r^d �s�Teqg�� r .
Thetwo displacedsignalsthushave thesameFourier transformmagnitudebut differ in

phase. This phasedifferencecan be shown to be directly relatedto the displacement[ Kut Computingthenormalizedcross-power spectrumof thetwo signalsandthentaking

the inverseFourier transformof this, we obtain a signal which is approximatelyzero

everywhereelseexceptat thepointatwhich thesignalsarespatiallydisplaced.

d �s�Teqg�� dHv �feqg��r^d �s�Teqg�� d v �feqg�� r ) Q
kml�n	o g p
(3.3)

d i �'w Q kxl n o g pDy )=[ K (3.4)

The
� +z[�9 ZYQ :/7�9]E^:`_�R

displacement
[ K is thusobtained.This is easilyextendedto

� +[�9 ZYQ :{7�9WE�:/7
for imagesasshown in Equation3.5.

d i � w Q
kml�n	o g�| l�} | o�~	p y ),�;[ K �'[��O� (3.5)

wheredHv �feqg^� is thecomplex conjugateof d ��Teqg^� t

Rigid
� +z[�9 ZYQ :{7�9WE�:{_&R

translationdistortionin oneimagewith respectto theothercan

beobtainedusingthis method.Thismethodfor finding thetranslationin oneimagewith

respectto theotheris immuneto noiselimited to narrow bandwidths,it is relatively scene

independentanditsaccuracy isonlyaffectedbysignificantwhitenoise[5, Pg.346]. Thus,

giventwo imagesA andB of thesamescene,rigidly mis-alignedasshown in Figure3.1a,

thephasecorrelationmethodasdescribedabovewill indicatethedisplacements
[ K and

[��
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(a)Centreoffsetcalculationpossible
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(b) No commonpoints,centreoffset
calculationnotpossible.

Figure3.1: Rigid Translationin oneimagewith respectto theother

.

Notethatthishasto bedonewith theprior knowledgethattheimagesat leasthavesome

commonpoints,an applicationof the methodto imagesas shown in Figure3.1b will

not bevalid asthetwo signalsarecompletelyuncorrelated,this will be indicatedby the

normalizedCross-correlation�%�H�H� value �
�m���	����� ���8���	� which ranges�4�������1�a� This is

afigureof merit for theresultof thephasecorrelationmethodfor specificimages(signals)

andwouldbeapproximatelyzerofor uncorrelatedimages.

Also, asrotationandotherdistortionsearliermentionedarenot accountedfor, theoffset

calculatedfor the imageswill be crude,this only serves as a first stepto register the

images,otherdistortionswill be accountedfor in the algorithm. For space-borneSAR

images,(eg. ERSimages),rotationin imagesof thesceneacquiredby antennason the

sameplatform is usually lessthan �
� [45], this is minimal, andthe resultof the initial

offsetcalculatedusingthephasecorrelationmethodwill beavalid crudeestimation.

3.2.2 Implementation

Typical SAR imagesareof size1GB �]�
����� �x���D�s 8¡8¢�£f¤¥��¦]�3§ ��¨O©'�a��� �¥�8ª�¤¥«q¬�¯®�¢�°±¤¥��¡]¦]� � samples,

eachrepresentedby �a²'³&´8��µ��%¶F·�¸@¹»º��s¼\½Iº%·^¾a´¿� , this makesperformingthe phasecorrela-

tion asdescribedfor thewhole �PÀcÁ&Â;¸Y��Ã/µ�ÂW·�Ã{¾&º imageimpracticablefor many comput-
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A’

B’

Figure3.2: Sub-imageA’ andB’ extractedfrom thecentreof imagesto beregistered.

ing nodesandfor mostpurposes,this is unnecessary. Again, a prior knowledgeof the

estimateddisplacementof the imagesin questionin the
�

dimensionsis needed.This

determinesthe sizeof the sub-imagesto be extractedfrom the centreof the imagesas

shown in Figure3.2 for the crudecalculationof the displacement(offset)of oneimage

with respectto theotherin bothdimensions.

Themagnitudecorrelationmethodshouldthengive a crudeindicationof how thewhole

imagesaretranslatedwith respectto eachother. Typical worstcasescenariotranslations

for ERSSARimagesare
���a�a�

pixelsin theazimuthand50pixelsin therange[45], typical

centresizeextractedfor the offset calculationis
����� kÉÈ�ÊDËsÌ8ÍDi�Î;ÊDÏ`Ð�ÑmÍWÎ]p �Ò�����
� kÉÊ8ÓDÔÉÏhÕ�Ö¯×�i�ÑmÔÉË�ÍWÎ;p

samples,thesesizescould be changeddependingon prior knowledgeof the translation

betweenimagesto beregistered.

Detailsof theimplementationare:

� Extractcentrepatchesfrom both(MasterandSlave) images.� Obtaintranslation(offsets)in both dimensionsasdescribed.Storeoffsetsin both

axesfor furtheruse.

Note Theplotsasshown in Figures3.3and3.4are“folded over”, thatis, thesearemirror

imagesof the original. Thus, the translationis
� K +1[ K ���Ø+Ù[&�O���

the obtained
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(a)Plotof all 1024*512samplesshowing single"spike" indicatingoffsetsin the
2-dimensions

(b) Zoomed-inversionof offsetplot

Figure 3.3: Plots of Offsetsobtainedfrom magnitudecorrelationof 2 imagesof size���a�
���Ú�����
samples
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Figure3.4: Zoomed-inplotsshowing offsetsin bothdimensions
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translationfrom theplotsshown are
� ����� + ��ÛaÜ ) Üa� �

pixel samplesin therange(x)

and
� ���a�
� +cÝ �
� )=Ý �^� �

in theazimuth(y).

The
Û +?[�9 ZYQ :{7�9]E^:`_&R

plotsof theresultof phasecorrelationbetweena SAR imageand

a secondwhich is obtainedby pre-shiftingthe original imagein the two dimensionsis

shown in Figure 3.3, zoomed-inviews (Figure 3.4) show the exact translationsin the

range(x)andazimuth(y).Thetranslationsobtainedhereareatbest(assumingnorotations

or any otherdistortion)accurateto
� + .�Q 7�E^RTS»UD9]E^:

cell. Thesecondimagewasobtained

by shifting theoriginal imageby
Üa�

pixel samplesin therange(x)and100pixel samples

in theazimuth(y).

3.3 Tie-point Offset Module

3.3.1 Theory

Applicationof thecalculatedcentreoffsetto thedisplacedimagewill registertheimages

accurateto
� + .
Q 7�E^RTSVUD9WE�:

cell atbest.Therigid translationof oneimagewith respectto

theothermaynotbeglobal,thus,thecentreoffsetcalculatedmaynotbevalid all through

theimages.Also, theaccuracy of registrationto
� + .�Q 7�E^RTS»UD9]E^:

obtainedis not adequate

for SAR/INSARapplications[34][45].

After thecrudeoffsetis applied,aregulargrid of “Tie-points”aredefinedall throughboth

imagesin question,this is doneto obtaintheoffsetsbetweentheimagesat thesespecific

regionsin theimages.Generally, thehigherthenumberof Tie-pointsdefined,thehigher

the probability of the accuracy of the warping function determinedfrom the offsetsat

thesepoints,this is becausethereis morestatisticalinformation,andthedatais generally

morerepresentative[5, Pg.353].Thelower limit on thenumberof Tie-pointsin therange

axisfor ensuringaccurateresultsfor SAR imagesis deducedin [45].

A patchof the imageis thenextractedaroundeachdefinedTie-point on the Slave and

Masterimages.Thesizeof thepatchto beusedfor thelocalcorrelationis variable,asize

of Þ �Hß Þ � samplesin bothaxeshasbeendeterminedto produceaccurateresultsfor SAR

imageswith normalizedcross-correlationgreaterthan
� t � [20].
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Theextractedpatchis interpolatedby zero-paddingof thesignalin thefrequency domain.

An interpolationby a factorof à ensuresthatthelocaloffsetcalculatedis accurateto
��á à

of a resolutioncell of the image,this is requiredfor SAR/INSARapplications[46]. An

exampleof interpolating
�PßÒ�

samplesin thefrequency domainby afactorof
�

is shown.

Thesameinterpolationschemefor a Þ �âß Þ � sampleimagepatchwill resultin a
�����2ß������

samplespatchfor thelocalcorrelation.

K K � � � � K KK K � � � � K K� � � � � � � �� � � � � � � �� � � � � � � �� � � � � � � �
K K � � � � K KK K � � � � K K

Note K representstheimagesamplein thefrequency domain

Thelocaloffsetis thencalculatedusingthemagnitudecorrelationmethodasdescribedin

Section3.2.

3.3.2 Parallelization

Thenumerousoffsetcalculationscanbedonein parallel,theresultsarethencollatedfor

usein subsequentcalculations.

Thetwo imagesaredividedequallyamongstthecomputingnodes,this ensuresthat the

numberof local offset to be calculatedon eachcomputingnodeis the same.Sincethe

processingto be doneis at the pixel (low) level [9], the load balancing for this taskis

trivial.

Considerationis givenfor thesizeof theRAM on thecomputingnodes.Dependingon

the sizeof this, it may be necessaryto sendthe portionsof the imagesmultiple times.

A protocolis alsoestablishedfor file accessby the computingnodesasthey load their

assignedportionof theimageinto memoryfor processing,this is necessarybecauseonly

onenodecanaccesstheimagefilesatonce.A nodeloadsits imageportionfor processing
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intomemorythensendsaconfirmationto thespawning(controlling)nodewhenit isdone,

asignalis thensentto thenext nodeto performthesameoperationuntil all of themhave

donethis.

3.3.3 Implementation

� Divide images(equallyto thelastrow) usingColumn/Rows method[49, Pg. 102]

amongthecomputingnodes.� Apply crudecentreoffsetto slave image� Load assignedportion of imagesinto memoryand sendconfirmationsignal to

spawning(controlling)computingnode.� Computingnodesperformthefollowing tasks:

– DefineTie-pointpositions.

– ExtractimagepatcharoundTie-points.

– Interpolate,do magnitudecorrelationandobtain
� +G[�9 ZYQ :{7�9]E^:`_&R

offset for

eachimagepatch.

– RecordTie-point Offsets, signal to spawning computingnodewhen done,

sendTie-pointoffsetsto spawningcomputingnodefor furtherprocessing.

3.4 Warp Module

3.4.1 Theory

As statedin Section1.1, the main objective of registrationis to obtainthe relationship

betweenthetwo imagesin question;whatfunctionappliedto a slave imagewill warp it

to a referencemasterimage.Thewarpingprocesscanbedividedinto two:

3.4.1.1 Calculation of warping Co-efficients

Thereis noprior knowledgeof theexact natureof therelationshipbetweentheslaveand

thereferenceimage,this is usuallyrepresentedby ageneralpolynomial[5, Pg.353][23].
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For thereferenceimagewith sampleco-ordinates
� K �	�#��� thecorrespondingsampleposi-

tion ontheslaveimageto bewarpedis
� K " ��� " � t Therelationshipbetweentheco-ordinates

maythenbeof theform

K " )=_�ãh6G_O� K 6G_�	�X6?_�ä K �X6G_aå K  6G_�æ	�  6G_�ç K  �  tètététètétètététètétètététèt (3.6)� " )  ãh6  � K 6  '�ê6  ä K �X6  å K  6  æ'�  6  ç K  �  tétètétètététètétètététètétèt (3.7)

where
_O���	_& tététètétètétx ���   tététètétètététèt arethewarpingco-efficientswhicharetheunknownsin the

polynomial. Whentheseareobtained,the positionsKV" �	� " canthenbecalculatedfor allK �	� t
Theorderof the generalpolynomialchosenis a trade-off betweenaccuracy andspeed.

Generally, thehighertheorderof thepolynomial,thebettertheaccuracy of thewarping

function. Higherorderpolynomialfunctionsmayhowever beunpredictableandusually,

the limit is the
Û�. [

order[23][35]. Also, higherorderpolynomialsgive betterwarping

accuracy aroundtheTie-pointsbut largewarpingerrorsmayoccurat positionsfar away

from theTie-points[35]. A singleorderpolynomialis chosenfor this warpingfunction,

this accountsfor translations,rotations,stretch,shearandscalingwhich arethe typical

distortionswhichmayoccurin SARimages.Thepolynomialusedis:

K " )=_�ãq6?_#� K 6G_�	�X6?_�ä K � (3.8)� " )  ãh6  � K 6  '�X6  ä K � (3.9)

Linearregressionapproximationmethodisusedtodeterminethevaluesof theco-efficients;

the polynomialis fitted to the dataprovided by the offsetsfrom the Tie-pointsby min-

imizing the error for eachdatapoint from the functiondefinedby the polynomial. The

minimum numberof Tie-pointsdatarequiredto obtainthe warpingco-efficients is the

numberof co-efficientsto becalculated,in this case,many moreTie-pointsareusedin

practiceasearliermentioned.

Theleastsquareregressionmethodappliedis weighted, that is, a figureof merit (in this

casethe Cross-correlation
>H>

) is usedto determinewhat statisticalcontribution the

datafrom eachTie-pointoffsetmakesin thelinearregressionapproximation.Generally,

the higher the value of the
>�>��

the more reliable the offset resultsobtainedfrom the

magnitudecorrelationmethod.Temporalde-correlationin SARimagesaredueto bodies

26



of wateron the images,layed-over regionsetc.[46][29],the offsetsobtainedfrom these

regionsarenot reliable, the
>�>

valuesarevery low
�;ë � �

andthey make little or no

contributionin theregressionapproximation.Thematricesusedfor thecalculationareof

theform: ìííííííííí
î
KV"ïKV" �rrKV"Ë
i �

ðmñññññññññò
)

ìííííííííí
î

� K ï � ï K ï � ï� K � ��� K �8���r r r rr r r r� K Ë
i �ó� Ë^i � K Ë^i �D� Ë^i �

ðmñññññññññò
�
ìíííííí
î
_ ï_O�_�_�ä

ð ññññññò (3.10)

ô )
ìííííííííí
î

õ ï � + + +� õ �ö+ + +
r r r r rr r r r r� � � � õ Ë^i �

ð ñññññññññò
where

:
is thenumberof Tie-pointoffsetresultsused,andW is theweightingmatrix in

thecurve fitting process(GNU ScientificLibrary http://sources.redhat.com/

gsl/ref/gsl-ref_toc.html). A similar matrix is formedfor
� " to solve for the

co-efficients  ï �  ���   and  ä .

3.4.1.2 Warping

Thecalculatedvaluesof theco-efficientsareusedto createa third image(warpedimage)

by calculatingthe positionsfor the sampleson the slave imageas representedon the

referenceimageusingEquations3.8 and
� t Ý . Thecorrespondingsamplepixel positions

to bereadfrom
� KV" �	� " � maybe:

� KV" and
� " areintegervalues:-useexact imagesamplerepresentedat this positionin

theslave imageon thewarpedimage.� KV" andor
� " fall outsidetherangeof theimage:-setthevalueof thesampleposition

in thewarpedimageto zero(0).� K " andor
� " is/arenon-integervalue(s):-the pixel positionto be readfrom is not

definedontheslaveimage(seeFigure3.5). It hasbeendeterminedthatthe Þ + ! E�9]:÷U
cubic interpolationmethodis thebestway for computingthevaluewhich will be
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representedin pixel positionfor SAR images[24][4]. This methodis employed

for all the positionsthat fall in this group. The 2-dimensionalÞ + ! E�9]:IU cubic

interpolationis achievedby applyingthefollowing function

ø � K ���#�B) ùÑÉúIi �
ùÏNúIi � C j�û#Ñ | ü ûOÏ Sþý K

+ K j�û#Ñÿ g � S�� ��+ �
ü ûOÏÿ ~ � (3.11)

Sh�]7��*) ����� ����
ä	�
s
� 
 + æ	� Î � � 6 �i ��� Î � 
 6 æ	�� ��

��� r 7 r �=���� r 7 r � ���� r 7 r (3.12)

where
S

is theinterpolationkernel,
� K �	�O� is a point thatfalls in therectanglewhosever-

ticesaredefinedby � K j � K j�û ����� � ��ü^�	��ü û ���]� ÿ ~ and
ÿ g

arethe K and
�

samplingincrements

(both
) �

in thiscase),and � ���I�'R and
Z

aredummyvariablesusedascounters[24].

x

y

integer values (x’,y’)

falling on non-integer values

and needing interpolation

to determine sample values to be 

Calculated value (x’,y’)

represented on warped image.

Sample positions on slave
image represented by 

Figure3.5: Diagramshowing needfor interpolationafterapplyingwarpingfunction

3.4.2 Parallelization

Thecalculationof thewarpingco-efficientsis intrinsicallyserial.
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The actualwarping (and interpolationwhen needed)is parallelized. The slave image

to be warpedis divided amongstthe computingnodes,load balancing,file accessand

limitationsof availableRAM considerationsaremadeasdescribedin Sub-section3.3.2.

a b

b’
(x,y)

(x’,y’)

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

in order to preserve edge information

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

b= portion of image in slave image equal to the same size  in reference image

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

X

Y

Offsets

Rotation

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

Figure3.6: TypicalERSSARtranslationandrotationdistortions

Thenew pixel positionsof thesamplesontheslaveimageto berepresentedonthewarped

imagedependon the obtainedwarping function andarenot known prior to the actual

warping. It is thusnecessarythat theportionof theslave imagesentto eachcomputing

nodeis greaterthanthe portion of the imageto be warped. This takesaccountfor the

edge effect [8][10][49]. How muchmorehasto besentis determinedon thebasisof the

initial calculatedcentreoffsetplussomemoreto accountfor rotationandotherdistortions

reflectedin thefinal warpingpolynomialused.

In this algorithm,theportionof the slave imageto bewarpedplus twice thenumberof

rows calculatedastheazimuthcentreoffset is assignedto eachprocessingnode.This is

basedon the envisagedworst caserotationin SAR images(seeFigure3.6) andshould
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ensurethatno informationis lost at theedgesof theadjoiningimageportionssentto the

differentcomputingnodesfor warping.

3.4.3 Implementation� Calculatewarpingco-efficientsusingresultsfrom Tie-pointsoffsetcalculation.� Divideslave imageasin Sub-section3.3.3.Add ( ��� �"!$#�%'&)(+*�,.-0/213(546/�,.7$8989:;/<(+=
rows to the sizeof the slave imageto be loadedinto memoryby the processing

nodes.� Accessfile andloadassignedimageportioninto memory. Observefile accesspro-

tocolasdescribedin Sub-section3.3.3.� Obtainsamplevalue,(interpolatewhenneeded)from slave imagefor new position

in warpedimage. Do for eachpixel positionon the referenceimageto produce

warpedimageportiononeachcomputingnode.� Sendsignal to spawning (controlling) nodewhendone,controlling nodeensures

file accessprotocol,andproperassemblyof thedifferentimagesegments.

3.5 Algorithm Summary� Themagnitudecorrelationtechniqueutilizesthephaseinformationin thebackscat-

terof theSARimagesto beregistered,this is theFeature space.� Thesearch space is ultimatelydeterminedby thedistortions(translations,rotation,

shear)accountedfor in thedeterminedwarpingpolynomial.� Thesearch strategy involvesaninitial crudecentre-offsetcalculation,followedby

a moreaccurateTie-pointoffset calculations,andthe determinationof a warping

polynomialbasedon this.� Thesimilarity measure will bementionedunderthediscussionsonaccuracy.
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Figure3.7: Algorithm Flow Diagram
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3.6 Conclusion

The algorithm thus designedbasedon theoreticaland practicalconsiderationswill be

implementedandtestedto determineits effectivenessfor therequiredpurpose
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Chapter 4

ImplementedAlgorithm Tests

4.1 Intr oduction

Theparallelalgorithmdesignedin Chapter3 is implementedin C languageon a parallel

clusterof > processingnodes(all processingnodeswith thesameconfiguration-pentium

II ?A@6BDCE*)! processorwith @GFH�ACJI�KL(�/H: RAM) with theLinux operatingsysteminstalled

on all processingnodes. The Parallel Virtual Machine(PVM) is the middle-ware for

communicationandotherparallelprocessingconstructs.

Theimagesusedfor testingtheimplementedalgorithmaretandemimagesof CapeTown,

SouthAfrica obtainedby the ERS satellite, the imagesrelevant parametersare listed

in the Appendix. The raw imagesobtainedby the satelliteswereprocessedinto fully

focusedSARimages.Testimageswerethenextractedfrom bothimagesto beregistered.

Figure4.1shows thefull imageandanapproximateareaextractedfrom bothimagesfor

registration.

Thischapterdiscussestheresultsundertwo majorheadingsof accuracy of theregistration

andtiming results.

4.2 ImageRegistration Accuracy Tests

TheGAMMA SAR processingsoftware(GAMMA RemoteSensingResearchandCon-

sultingAG http://www.gamma-rs.ch/) is a well usedcommercialSAR process-
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Figure4.1: CapeTown ERSSARImageshowing extractedportionfor registration
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ing software.Oneof thefunctionsit is capableof is theregistrationof fully focusedSAR

imageswhich is whatthealgorithmimplementedin thisprojectdoes.Theresultof regis-

teringthetestimagesusingtheGAMMA softwareis usedasa benchmarkfor assessing

the accuracy resultof the algorithmasimplementedin this project. The comparisonis

bothqualitative(visualinspection)andquantitative.

4.2.1 Qualitati veMeasure

Thequalityof interferogramimages[46] formedfromregisteredimagesof thesamescene

is a measureof how accuratelytheimageshave beenregistered.Thequality of this also

dependsonotherparameters,especiallytheimagingbaseline(see1.1)[38]. However, for

thesamesetof imagesregisteredby differentalgorithms,thequality of interferogramis

avalid basisfor comparison.Inaccurateregistrationresultsin interferometricnoise- ran-

domnatureof thephaseplotsovera regionresultingfrom non-coherenceandnon-clarity

of interferometricpatternsresultingfrom suchphaseplotswherethey exist. Propertiesto

look for in interferogramimagesformedfrom accuratelyregisteredimagesare:� Appearanceof interferometricpatternssuchas“contour-like” lineswherethereare

heightchanges(for examplemountains)on theimages.� Clarity of thesepatterns.

Thequality of bothof theseareanindicationof thevaluesof thecorrelationco-efficient

(CC)of theregisteredimages

Figure4.2showstheoriginalextractedimagesandtheresultingwarped(registered)slave

imageusingtheGAMMA softwareandtheimplementedalgorithm.Thereferencemaster

imagedoesnotchange.

The regionswith contourlines on the interferogramsshown indicateregionsof height

changes,for exampledueto mountains(this may be apparentfrom the original images

Figure4.3). Theinterferogramsin bothcasesshow goodvisualsimilarity in all regions.

Basedon the formedinterferogramsfrom theregisteredimages,the implementedregis-

trationalgorithmcompareswell with theGAMMA software.
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(a)Extractedportionof Master/ReferenceImage(05715.slc)

(b) Extractedportionof Slave Image(25388.slc)

Figure4.2: Originalextractedimagesfor registrationandtheresultingregisteredimages
usingGAMMA andtheImplementedAlgorithm
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(a)RegisteredSlave ImageUsingGAMMA software

(b) RegisteredSlave ImageUsingImplementedalgorithm

Figure4.3: RegisteredSlave ImagesusingtheGAMMA andImplementedalgorithm
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(a) Interferogramfrom imagesregisteredby GAMMA

(b) Interferogramfrom imagesregisteredby implementedalgorithm

Figure4.4: FlattenedInterferogramsformedby imagesregisteredby GAMMA andthe
implementedalgorithm

Colourcode:Blue ( M ) -> Light Green(NPO )
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Figure4.5: CoherenceMapshowing theregionswhoseaveragevaluesarecompared
ColourCode:Blue (LowestCC) -> Yellow (HighestCC)

4.2.2 Quantitati veMeasure

Thequantitative measureof accuracy of registrationis the coherenceco-efficient ( QRQS=
3.2. A singlefiguresuchastheaveragecoherenceco-efficient over a whole imagemay

howevernotbeavalid indicationof how well theimagesin questionhavebeenregistered.

A goodexampleof situationsfor which a singleaveragevaluewill not bevalid is found

in imagesfor whicha largeregionof theimageshavenon-coherentbackscatterdueto the

natureof thescenebeingimaged,eg. bodiesof water. This will resultin a low valueofQRQ (tendingto B on a perunit scaleof BUTVQRQWTXF ) over thewhole image.This may

hide the fact thatsmallbut relevantregionsof the imagesareaccuratelyregisteredwith

relatively high valuesof Q�Q . For thepurposeof quantitative comparisonof the imple-

mentedalgorithmandthe GAMMA software,theaverageQ�Q valuesarecomputedfor

differentregionsof thegeneratedcoherenceco - efficient maps.Theregionsconsidered

areasmarkedin Figure4.5.

As is shown in Table4.1, the QRQ averagevaluesof the regionsmarked in Figure4.5

comparewell. Notethe QRQ valuesfor regionA whichis abodyof water, theaverageQRQ
valueis very low asexpected,if this region formeda largerpercentageof the images,it

will beanexampleof theearlierdescribedpossiblesituationandwill justify theargument

for markingspecificregionsfor comparison.Thebodyof wateris however a relatively

39



Table4.1: AverageCoherenceCoefficient values( on a scaleof BZY F ) for marked
regionson theCoherencemapin 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

WholeImage 0.347 0.350
WholeImage(withoutwaterregionA) 0.367 0.370

smallpercentageof thewhole imageandtheaverageCC valueover thewhole imageis

thusavalid measurein thiscase.

Basedon the averagedQRQ valuesover the marked regions,the implementedalgorithm

registerstheimagesin questionat leastasaccuratelyastheGAMMA software.

Notethatnumerousparameterscanbechangedin theprocessof registeringimagesusing

the GAMMA processorin a bid to obtain the bestaccuracy possible. The parameters

setfor theregistrationusedasa benchmarkherewerechosenwith a bid to get thebest

registrationaccuracy possible,this informationwasobtainedby consultingtheGAMMA

software referencemanualand also from consultationwith colleagueswho have wide

experiencein theuseof thesoftware.

4.3 Timing Results

Eventhoughtheunderlyingprinciplesfor registeringimagesusingtheGAMMA software

arevery similar to thatemployedin this project,theexactnatureof the relationshipbe-

tweenthenumeroussub-taskscannotbeestablished,thismakesexacttiming comparison

impossible.TheGAMMA software’sparameterswerehoweversetto makethetasksper-

formedto do theregistrationto bevery similar to thetasksperformedby thealgorithm.

TheGAMMA softwarewasfound to beslightly fasterthanthe implementedalgorithm

on a singleprocessingnode. (Averagetime for GAMMA processor[]\A>A\D^A:;/;-_7P1a`": ,

Averagetime for implementedalgorithm [W\D^6BABD:;/;-_7P1a`": ). The time difference aver-

age []F;?D:;/;-07H19`": representsa minutepercentage( bcBed�FH@Af ) of the total time taken
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for theprocessing. Thetotal time takenfor the imageregistrationprocessis measured

for differentnumbersof processingnodesgh19= . The taskscarriedout in eachcaseis the

same.The sametestis carriedout for eachnumberof processingnodesfour ghiD= times

to ensurestatisticalvalidity. Table 4.2 shows a total time budgetfor eachnumberof

processingnodesfor the identifiabletasksin theregistrationprocess.A summaryof the

budget,logically categorizingthedifferenttasksinto four ghiL= groups- (i)Parallel process-

ing, (ii)Serial processing, (iii )I/O andSystemoverheadand(iv)Imbalanceareshown in

theTablesadjoinedto theplotsin Figures4.6and4.7whichshow theplot of timeresults

in secondsandaspercentagesof awhole.

Table4.2: Averagevaluesof recordedtime for thedifferenttasksthatmake up theregis-
trationprocess.All recordedvaluesarein Seconds.
Tasks 1 Node 2 Nodes 3 Nodes 4 Nodes 5 Nodes 6 Nodes

ExtractCentre(I/O) 0.25 0.25 0.25 0.50 0.25 0.25
CentreOffset Calcula-
tion (SC)

23.50 23.50 23.50 23.25 23.25 23.50

Register Processing
Nodes(SO)

6.75 7.25 7.25 7.00 7.00 7.25

Part of Tie-pointOffset
Comp.(I/O& SO)

3.75 3.50 3.50 3.50 3.25 3.75

Part of Tie-pointOffset
Comp.(PC)

8700.70 4361.50 2901.00 2180.67 1738.00 1444.70

Part of Tie-pointOffset
Comp.(I/O& SO)

1.00 0.50 0.25 0.75 1.67 2.00

Part of Tie-pointOffset
Comp.(Im)

0.00 0.50 0.00 1.00 0.50 1.00

*ComputeWarpingCo-
efficients(SC)

0.00 0.00 0.00 0.00 0.00 0.00

Part of Warp Slave Im-
age(I/O& SO)

1.00 1.00 1.00 1.00 1.00 1.67

Part of Warp Slave Im-
age(PC)

97.00 50.50 34.00 25.25 21.00 16.50

Part of Warp Slave Im-
age(I/O & SO)

2.00 3.00 2.50 3.25 3.50 3.50

Part of Warp Slave Im-
age(Im)

0.00 0.50 1.00 0.50 0.50 0.50

Total 8835.95 4452.00 2974.25 2246.17 1799.92 1504.12
I/O:Input-Output SC:SerialComputation PC:ParallelComputation
SO:SystemOverheads Im:Imbalance
* Thefour averagedvaluesweremuchlessthan0.00seconds
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(a)Percentagesof timespentondifferentcategoriesfor differentnumberof processingnodes

Figure4.6: Plotsshowing thetimebudgetfor theregistrationprocess
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Figure4.7: Percentageof Timetakenby differentCategoriesof theprocesses
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The main focusof any parallelalgorithmdesignis the maximizationof the percentage

of the time taken for parallelprocessingandasa resultminimizing the time taken for

the other listed ? categories. This ensuresthat the processingnodes“enrolled” in the

parallelclusterareactuallyprocessingfor mostof the time andnot losing idle CPUcy-

cles(processorutilization). This determinesthe overall efficiency of the parallelsystem

andthusindicatesjustificationfor theparallelizationscheme(orotherwise).

4.3.1 Load Imbalance

Figure4.8: Plot showing extra timeoverheaddueto loadimbalance

As earlierexplained,thetasksperformedin parallel- tie-pointoffsetcalculationandim-

agewarpingareatthelow level (pixel level)andareevenlydistributed3.3.2.Thisensures

thatthecomputingloaddistributedamongstthecomputingnodesarewell balanced.

Therecordedaveragevaluesof imbalancefor all valuesof 1 arevery low ( bjB seconds),

they seemrandom,following no particulartrendandcannotbeattributedto any identifi-

ablespecificcause.
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Thetime lost asa resultof imbalancein loadon processingnodesfor this implemented

algorithmasa percentageof the total time taken for the processingis negligible for all

valuesof 1 andcanbeignored.

4.3.2 Communication versusComputation

Theplotsof communicationandcommunication:computationarehardlydistinguishable
becauseof their relatively low values,theadjoiningtablehowevershows thevalues

Figure4.9: Plotsshowing the communication:computationratio asthe numberof pro-
cessingnodesis scaled

An objectiveof all parallelalgorithmis to reducethecommunication: Computationratio.

Thetimetakenfor I/O andtheaccompanying systemoverheadareshown in theadjoining

tableto theplot shown in Figure4.9,theFigurealsoshowsthecommunication: computa-

tion ratio ( this is hardlydistinguishablefrom theplotsfor thecommunication,thevalues

areshown in theadjoiningTable). As is expected,theratio is recordedasincreasingas

45



1 is increased- themorethenumberof processingnodes,themoretime is spenton I/O

andsystemoverheads.

A greatpercentageof thetime in theI/O andsystemoverheadcategory is accountedfor

by the time takento “enlist” theprocessingnodesin theparallelcluster(seeTable4.2),

this is a functionof PVM andis unavoidable.Thetime takenfor file I/O andinformation

exchangebetweentheprocessingnodesis almostnegligible.

Overall, the communication: computationratio is very low, the time taken for I/O and

systemoverheadsascomparedto the time taken for actualcomputationfor this imple-

mentedalgorithmis almostnegligible.

4.3.3 Serial versusParallel Computation

If the time taken for intrinsically serialcomputationaccountsfor a relatively high per-

centageof the whole processes,parallelizationof the algorithmmay not be justifiable.

For example,by Amdahl’s law, the maximumobtainablespeed-upby parallelizingan

algorithmis givenby k [ 1FmlJgh1nloFH=+8 (4.1)

where8 is theserialfractionof theparallelizedalgorithmand 1 is thenumberof process-

ing nodes.

Applying this law, analgorithmwith a serialfractionof @Af hasa maximumspeed-upof�6B if theremainingpD@6f arecompletelyparallelized.This is theupperlimit for thespeed-

up irrespectiveof thenumberof thenumberof processingnodesemployedin performing

thetasks.NotethatAmdahl’s law makesanumberof assumptionswhicharenotvalid for

all situations[1], theconceptof a rapiddecreasein achievablespeed-upasintrinsically

serialpartsof analgorithmincreasesis howevervalid for all cases.

For many parallelalgorithms(asin this case),the time taken for the serialcomputation

is higherthanthat for I/O andsystemoverheadsandtime lost dueto imbalancein the

computationalload on the processingnodes.It is seenthat the percentageof the serial

computationasapartof thewholeprocessincreasesfairly rapidlyas 1 is increased( note
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Figure4.10: Plotsshowing Time for ParallelandtheSerialComputationandtheParal-
lel:Serialratio
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rapid drop in parallel:serialcomputationratio in Figure4.10), this is the main consid-

erationfor the upperlimit of 1 to employ for processingandstill maintainreasonable

efficiency, it determineshow scalableaparallelalgorithmimplementationis. Thegreater

percentageof thetimetakenfor theserialcomputationis accountedfor by thetimetaken

for thecentreoffsetcalculation( seeTable4.2), thiswill begivenfurtherconsiderations

underdiscussionsof Speed-upandScalabilityin Subsections4.3.4and4.3.5.

4.3.4 Speed-up(S)

As abenchmarkfor assessingtherecordedspeed-upas1 is scaled,atheoreticallyderived

maximumspeed-upis used.Theunderlyingassumptionin deriving theGustafson-Barsis

law is that the serialportion of the algorithmdoesnot changefor differentsizesof the

algorithm[18], this is valid for this particularalgorithmasthe time for the serialcom-

putationis accountedfor by the centreoffset calculationandit remainsconstantfor all

sizesof theproblem.ThederivationalsoassumesthattheI/O andsystemoverheadsare

negligible, this is alsovalid for thisalgorithm(seeSubsection4.3.2).If thetimespentfor

thetotalprocessingon 1 computingnodesisq [o(�r9ls(ut (4.2)

where (�r is the constanttime taken for the serialportion and (ut is the time taken by 1
processorsto completetheparallelportion,thenthetime takenby F processoris

q [o(�rvls1w(ut (4.3)

andthespeed-up

k
is givenby k [ (�rvlx13(ut(�rvly(ut (4.4)

if for simplicity weset (�rvls(utz[{FA| then,k [}(�rvlx13(ut~[o(�r9lx1�g5F�,�(�r�= (4.5)

This is theGufstafsons-Barsislaw.

48



Figure4.11: Plotsshowing Theoreticalspeed-uplimit andrecordedvaluefor the imple-
mentedalgorithm
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TheadjoiningTableto Figure4.11showsrecordedvaluesobtainedby runningtheimple-

mentedalgorithmalongwith theoreticalvaluescalculatedusingEquation4.5. Theplots

show thattherecordedvaluesareverycloseto thetheoreticallimit for all valuesof 1 .

4.3.5 Scalability

Figure4.12: Plot showing Scalabilityof Implementedalgorithmasthe numberof pro-
cessingnodesis scaled

Thescalabilityof theparallelprogramindicateshow muchcomputingresourcescanbe

increasedto obtaincommensurateincreasedperformance.In this case,the computing

resourcesincreasedis thenumberof processingnodes,andthe requiredperformanceis

increasedspeed-up(reductionin totalprocessingtime).

Theparallelprogramasimplementedscalesvary well for thevaluesof 1�[ Fv(�7 > , the

obtainedreductionin total processingtime hasan almostlinear relationshipwith 1 for

this range(seeFigure4.11).
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4.3.6 Efficiency ( � )
Thisgivesthefraction(perunit) for which thecomputingnode(s)is/areactuallyprocess-

ing (performingcomputationaltasks). For a singleprocessingnode,thereareno over-

headsassociatedwith communicationandtasksdistribution,all thetimeis spentprocess-

ing tasks,its efficiency is thustheoretically F ( F2BABDf�=_d As 1 is increased,thementioned

overheadsincrease,thusreducingtheefficiency of thesystemasa whole. Dependingon

thenatureof theproblemandtheway theparallelalgorithmis designed,theefficiency of

thesystemmaydeteriorateslowly or rapidlyas 1 is increased.Theefficiency of aparallel

systemis definedas � [ q��q3��� 1 g��R/24L��1a#h(+= (4.6)

where
q��

is definedasthetimetakenfor thewholeprocessusing F processor,
qw�

thetime

takenby usingmultipleprocessorsand 1 is asearlierdefined.

substitutingfor thespeed-upfactordefinedas :z[��H��0� ,� [ :1 (4.7)

Figure4.13shows theplot of thecalculatedefficiency of the implementedprogramas 1
is scaledbetweenF��D19`m> . Theefficiency is seento remaincloseto F (Per-Unit) for 1U[J>
(

� [�pD^"d�\6iDfZ8a7H4�1U[o> ). Therecordedvaluesof

�
areacceptablefor mostpurposes.

4.3.7 Summary of Timing Results

Therequiredspeed-up,scalabilityandtherecordedefficiency of a parallelsystemareall

inter-linked. Theupperlimit of thespeed-upis usuallysetby thenumberof processing

nodes 1�| super-linear speed-up(wherespeed-up> 1 ) exists in theory but is usually a

resultof asuboptimalsequentialalgorithmimplementation[49]. An increasein 1 results

in an increasein speed-up,with the maximumspeed-upfor a particularalgorithm as

earlier describedby Amdahl/Gustafson-Barsislaws. In theory, 1 may be continually

scaledupwardswithout any limit in thehopethata particularspeed-upwill beachieved.

Howevertheadditionof everyextraprocessingnodewithoutacommensurateincreasein

speed-upresultsin adecreasein theoverallefficiency of thesystem.
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Figure4.13:Plotof OverallEfficiency of theParallelsystemasthenumberof processing
nodesis scaled
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To determinetheoptimumconfigurationfor a specificparallelsystem,especiallyasre-

gardsthenumberof processingnodesto beemployed,theminimumacceptableefficiency

for thesystemmaybeset. 1 is thenscaledupwardsandthespeed-upfactor

k
is recorded

for eachvalueof 1 .

�
is thencalculatedfor eachcaseusingEquation4.7. 1 is further

scaledupuntil theminimumallowableefficiency for theparallelsystemis reached.

Efficiency is usuallyusedasthelimiting factorratherthantheobtainedspeed-up,this is

so taking into considerationthe theoreticalmaximumspeed-upfor any parallelsystem

asstatedby theAmdahl’s/Gustafson-Barsislaws. If for example,theminimumrequired

efficiency for theimplementedalgorithmin thisprojectis setat pA\Df , thenthemaximum

valueof 1 is @ ( 1U[�> resultsin anefficiency of pD^Gd�\6iLf which is lessthantheminimum

required) ( seeFigure4.13 ). 1 [ @ resultsin a speed-upof i�d�peF . If the required

speed-upis ^ for example,theminimumoverallefficiency requirementhasto bereduced

in orderto allow for furtherupwardscalingof 1 in thehopeof obtaininghigherspeed-up.

4.3.8 Extrapolating

A mathematicalexerciseis performedhereto give an indicationof the upperlimit of

scaling1 upandstill maintaingoodoverallefficiency of theparallelsystemin theimple-

mentedalgorithmin thisproject.Thetwo mainpartsof theprocessarethetimetakenfor

centreoffsetcalculation(serialcomputation)andthetie-pointsoffsetscomputation(par-

allelized). Assumingall otherportionsof the processarenegligible, the time taken for

centreoffsetcalculationis approximately(�r andthetimefor tie-pointsoffsetscalculation

is 1w(ut . As 1 is increasedfor thesametask, (ut reduces(seeEquation4.3). Since(�re�D19`�(ut
form aratioaddingupto F (per-unit), areductionin theparallelizedfraction (ut resultsin a

relative increasein theserialfraction (�r . Referringto Equation4.5, increasein (�r results

in reductionin thespeed-up

k
andtheoverall efficiency of thesystem( Equation4.7 ).

If thetimetakenfor computingF tie-pointoffsetis ( andthereare � tie-pointoffsetsto be

calculatedin all:

Total time to calculateall tie-pointoffsets [E� � (�[�(ut for singleprocessor

Time takenfor � Tie-pointoffsetcomputationsby by 1 processingnodes[W�H�$�� [V(ut for

multipleprocessors
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As 1 increasesfor multipleprocessingnodes,(ut reducesi.e. (�r'[ FU,�(ut increasesthus

reducingtheobtainablespeed-upandtheoverallefficiency of thesystem.

In otherwords, 1 canbe scaledup and the systemwill continueto performrelatively

efficiently for aslongasthetimetakenby eachprocessingnodeto computetheirallocated

tie-pointsoffsetsin parallelis muchgreaterthanthetime which wastakenfor theserial

computationof the centreoffset ( (ut� R  (�r+= .The systembecomesmuchlessefficient

whenthe numberof processingnodesemployed is so large that the time takenby each

processingnodeto computeits allocatedtie-pointsoffsetsis comparableto thetimetaken

to computethe centreoffset. This however only occursfor very large valuesof 1 eg.1Z[cF;BAB asthe typical numberof tie-pointoffset calculationsfor SAR imagesis aboutF;B6BAB . Dividing this amongst@6B nodeswill result in eachprocessingnodecalculating

20 tie-point offsetswhich still resultsin a relatively low (�rJ¡¢(ut ratio, anda relatively

goodoverallefficiency of thesystem.

4.4 Summary

The accuracy of the registrationis testedqualitatively and quantitatively, the obtained

resultscomparewell to thatobtainedusingtheGAMMA software,acommercialsoftware

whoseregistrationresultsareusedasabenchmark.

Timing resultsof implementingtheparallelalgorithmonavariablenumberof multicom-

puters( 1£[¤F�(�7¥> ) areshown anddiscussed.Specificattentionis paidto thetime spent

on I/O andsystemoverheads,communication,time lost dueto imbalanceof tasksdis-

tributedamongstcomputingnodes,andthetime takenfor theserialandparallelpartsof

thecomputation.Taskswhich contributeto thesefour (4) majorportionsof theprocess

areidentified,trendsarehighlightedandexplainedwherethey exist. Relationshipsbe-

tweentheseandthe evaluationparametersfor the parallelsystem- speed-up,scalability

andoverall efficiency areestablished.The parallelprogramimplementationscaled-up

well asanalmostlinear relationshipexistsbetweenthethenumberof processingnodes

andtherecordedspeed-upfor all thevaluesof 1 used.Theoverallefficiency of thesystem

for thesamerangeof 1 wasalsohigh. ( lowestrecordedefficiency [�pD^Gd�\6iLf for 1U[�> ).
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Chapter 5

Conclusion

5.1 Summary of Work doneand Results

obtained

An imageregistrationalgorithmwith registrationaccuracy good enoughfor SAR im-

agespost-processing,especiallyinterferometrywasinvestigated.An algorithmwith un-

derlyingprinciplesthatutilizes the phaseinformationin theSAR imagesbackscatteris

designed,this is basedon theoreticalprinciplesandsubsequentpracticaltest.Theinfor-

mationresultingfrom this is usedto furthermodelandandcorrecttypical distortionsin

SARimages.

Thebasicprinciplesasidentifiedaredevelopedinto a parallelalgorithmcapableof run-

ningonmultiplecomputers.Distributionof thetasksin theregistrationprocessis donein

theparallelprogramdesignto ensureefficientuseof theavailablecomputingresources.

The designedalgorithm is implementedin C programminglanguageon systemswith

theLinux operatingsysteminstalled.PVM is themiddle-wareusedfor communication

betweenthedifferentcomputingnodesandotherparallelcomputingconstructs.

Regionsof tandemSARimagesof CapeTownareusedastestimagesfor theimplemented

algorithm.Registrationaccuracy obtainedusingtheimplementedalgorithmin thisproject

is comparedto thatregisteredusingtheGAMMA software,a commercialsoftwarewith

imageregistrationfunctions. This is the benchmark for the accuracy of registration.
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Qualitative and quantitative resultsshow that the implementedalgorithmis at leastas

accurateastheGAMMA softwarein registeringthetestimages.

Timing resultsarerecordedasthenumberof processingnodesarescaledbetweenF��L1a`�>
.The implementedparallelalgorithmscaledwell with an almostlinear relationshipbe-

tweenthe numberof processingnodesfor the rangeof processingnodestested,the ef-

ficiency for all thesecaseswasalsohigh with the lowestefficiency recordedwhenthe

numberof processingnodesis > (asexpected)being pA^Gd�\$iLf . Theoreticalextrapolation

showedthattheupperboundof thenumberof processingnodesto beemployedandstill

maintainrelatively high efficiency is reachedasthetime takenfor eachprocessingnode

to computeits requirednumberof tie-pointoffsetsin parallelis in theorderof the time

takenfor theserialoperationof computingthecentreoffset.

The implementedalgorithmresultsin registrationaccuracy adequatefor the purposeof

SAR post-processing,especiallyinterferometry. Parallelizationof the algorithmis very

efficient for all thenumbersof processingnodestested.Theproblemis “embarrassingly

parallel”.

5.2 Further Work

The implementedalgorithmis testedon a tightly coupledclusterof parallelcomputers.

The natureof the designedalgorithmhowever gives the possibility of implementation

on distributedcomputers.The numerousTie-point offset computationscanbe doneon

partiallyavailablecomputingnodes- A centralmastercomputingnodemaysendout the

Tie-pointsdatato the nodesasthey becomeavailable,andgatherthe informationfrom

themfor furtherprocessing.This maybe investigated,not necessarilyfor betterperfor-

mancethanis obtainedonclusteredcomputingnodes,but for working in thebackground

to harnesswastedCPUcycles.

It is notedin thiswork thatmostof thetimespentfor theregistrationprocessis for theTie-

point offsetcomputation.This primarily involves �R,¦`D#�%§/219:;#�7P1a�L¨ Fourier transforms.

The FFTW routine(www.fftw.org) is employed in this project. If a moreefficient

routineis investigatedandemployed, it will result in marked improvementin the total

timespentfor theregistrationprocess.
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In the designedalgorithm, the warping polynomialusedis derived from global infor-

mationall over the imagesto be registeredandis alsoappliedglobally for warpingthe

slave imageto the reference.This may not be accurate,especiallyfor air-borneSAR

imageswith local distortions.It maybepossibleto divide the imageinto regions,com-

putewarpingpolynomialsfor eachregion,andthenwarpseparately. Thiswill posegreat

challengesfor parallelizationconsiderations,especiallyedgeeffect considerationswhen

arrangingthedifferentregionsbackinto thecompletewarpedimage.
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Appendix
C CodeFunctionalLayout

MasterTasks� int CheckAndRegisterHosts(char**hosts);� Checksandregisterscomputingnodesin parallel Machine

– Functionarguments-arrayof hostnames

– Returnsint(Number_of_hosts)

� int ExtractCenter(float* master_center_ptr,float* slave_center_ptr);� ExtractsandstoresImagecentresin Arrays

– Functionargument-floatpointersto masterandslave imagecentres

– Returnsint(confirmation)

� int Compute_Centre_Offset(float*master_center_ptr, float* slave_center_ptr,

int* array_dim);� CentreOffsetCalculation

– Functionarguments-� Floatpointersto masterandslave imagecentres� 2-elementintegerarrayof imagecentredimensions.

– Result-setsvalueof 2-elementarray(RangeandAzimuthOffset)
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� int Partition_Images(int no_of_hosts);� DividesequallyamongstHosts

– Functionarguments-int(Numberof hosts)

– Results-setsvalueof partition_dimensions_dimensions- 3-elementarray(Number

of rows per session,Numberof sessions,Numberof residualrows to bedi-

videdin lastsession)

� int SpawnSlaves_TiePointOffsetCompute();� StartsTie-pointcomputationtasksonslaves,sendsnecessaryinformation-fileoffset

frombeginningof imagefile to startreadingfrom,numberof rowsto read,unique-id

of slaveprocess.

– Results-� Confirmationof startedslaveprocesseswith necessaryinformation� ResultingTie-pointoffsetscalculationresultsfrom slaveprocesses.

SlaveTasks� int ExtractSubImageAndShift(int nhosts,intstarting_point, int sent_rows,int* cen-

ter_offset);� Extractsallocatedportion of imagesin slaveand masterimagesand shiftsslave

imagebyearlier calculatedcentreoffset.

– Functionarguments-� nhosts-uniqueidentity for spawnedslave� starting-point-pointto start readingin slave andmasterimagesfor spe-

cific portionof imageto calculatetie-pointsoffsetsfor.� sent_rows-numberof rows to be loadedinto memoryfrom masterand

slave imagesfor processing,sentby spawningprocess.� centre_offset-pointerto 2-elementintegerarraycontainingearliercalcu-

latedcentreoffset.
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– Result-� Portionof imageto beprocessedloadedinto slavemachinesmemory� Shiftingof slave imageby centre_offset� int DefineTiePoint(int tiepoints,int sent_rows);� Definespositionsfor Tie-pointoffsetscalculationonslaveandmasterimages.

– Functionarguments-� Numberof tie-pointsoffsetsfor thenumberof sent_rows� sent_rows

– Results-setsvalueof integerarrayof tie-pointoffsetspositions.� int CalculateTiePointOffset(int* TiePointPosition_ptr,int count);� DoesTie-pointoffsetcalculationfor all definedtie-pointpositions.

– Functionarguments-� TiePointPosition-integerpointerto arrayof definedtie-pointpositions� Count-Numberof tie-pointoffsetscalculationto bedone

– Results-setsvalue of ? � -07H&©1w( -elementarray, Tie-point position, azimuth

offset,rangeoffset.
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MasterTask� int ReadAndPrintResult(int count);� Readsandprints tie-pointsoffsetsresultsfromall slaves.

– Functionargument-integercount,numberof elementsin tie-pointoffsetsfile

– Results-Tie-pointoffsetsresultsprintedto screen.� int CalculateWarpingCoefficients(intcount);

– Functionargument-integercount,numberof elementsin tie-pointoffsetsfile

– Results-warpingpolynomialcoefficients� int SpawnSlaves_warp(int no_of_hosts);� Spawnsslavesto warpslaveimagebasedonwarpingcoefficients,each slaveis sent

informationsimilar to that sentin thefunctionSpawnslaves,theslaveswarp their

allocatedportion of theslaveimages,signify to thespawningprocesswhendone.

Thespawningmachineassemblesthewarpedimagesappropriately.

– Functionarguments-Numberof slavemachines

– Results-Assembledwarpedslave image.

SlaveTask� Warp_Main()� Slaveprocesswarps allocatedportion of slaveimage and sendsit to spawning

process.Containsfunctionfor Interpolatingvalueswhennecessary.� Results-Warpedversionof allocatedslave image.
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ProgramInputParameters

Master_File->

Slave_File->

Number_of_rows->

Number_of_Columns->

Centre_Size_Azimuth->

Centre_Size_Range->

Number_of_Tie_Points_Range->

Number_of_Tie_Points_Azimuth->

List_of_Hosts->

Output_Directory->

ProgramOutputs

Tie-PointsOffsets(Tie_points_offset.txt)

WarpingPolynomials(Warping_Polynomials.txt)

RegisteredSlave Image(warped_slave_image.slc)
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RelevantTestImageParameters

Master/ReferenceImage

title: 05715

date: 19960524

raw_data_start_time: 083831.309

channel/mode: VV

platform_altitude: 797392.5146 m

terrain_height: 0.0000 m

range_pixel_spacing: 7.905919 m

range_resolution: 13.495 m

offset_to_first_echo_to_process: 0 echoes

echoes_to_process: 27200 echoes

range_offset: 0 samples

range_looks: 1 looks

azimuth_looks: 1 looks

azimuth_offset: -0.28314 s

azimuth_pixel_spacing: 4.057588 m

azimuth_resolution: 5.072 m

range_pixels: 4912 samples

azimuth_pixels: 26139 lines

Slave Image

title: 25388

date: 19960523

raw_data_start_time: 8 3831.918

channel/mode: VV

68



platform_altitude: 797372.9890 m

terrain_height: 0.0000 m

range_pixel_spacing: 7.905919 m

range_resolution: 13.495 m

offset_to_first_echo_to_process: 0 echoes

echoes_to_process: 27200 echoes

range_offset: 0 samples

range_fft_size: 8192

range_looks: 1 looks

azimuth_looks: 1 looks

azimuth_offset: -0.17541 s

azimuth_pixel_spacing: 4.057587 m

azimuth_resolution: 5.072 m

range_pixels: 4912 samples

azimuth_pixels: 26139 lines
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