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Abstract

Texture analysisis one possiblemethodto detectfea-
turesin biomedicalimages. During texture analysis,tex-
ture relatedinformationis found by examininglocal vari-
ationsin image brightness. 4-dimensional4D) Haralick
texture analysisis a methodthat extractslocal variations
along spaceand time dimensionsand representsthemas
a collection of fourteenstatistical parametes. However,
the application of the 4D Haralick methodon large time-
dependengD and 3D image datasetdss hindeled by com-
putationand memoryrequirements.This paperpresentsa
parallel implementatiorof 4D Haralick texture analysison
PC clustes. We presenta performanceevaluation of our
implementatioron a clusterof PCs. Our resultsshowthat
goodperformancecan be achievedfor this applicationvia
combineduseof task-anddata-paillelism.

1 Intr oduction

The quality and usefulnes®f medicalimagingis con-
stantly evolving, leadingto better patient care and more
relianceon advancedimagingtechniques.For example,a
currentmethodof cancerresearchusesdynamic contrast
enhancednagnetiadesonancénaging(DCE-MRI) [25, 26,
35], which is alsothe main motivating applicationfor this
work, for detectionand monitoring of tumors. During
a DCE-MRI scan,the patientis injected with a contrast
medium. A seriesof 3D MRI scansof a region of inter

This researchwas supportedin part by the National ScienceFoun-
dation under Grants #ACI-9619020 (UC Subcontract#10152408),
#EIA-0121177, #ACI-0203846, #ACI-0130437, #ANI-0330612,
#ACI-9982087, Lawrence Livermore National Laboratory under
Grant #B517095 (UC Subcontract#10184497), NIH NIBIB BISTI
#P20EB0005910hio Boardof RegentsBRTTC #BRTT02-0003.

0-7695-2153-3/04 $20.00 (c)2004 IEEE.

Dept. of Biomedicallnformatics
TheOhio StateUniversity
Columhus,OH, 43210

kurc,jsaltz @bmi.osu.edu

est,suchasthe breast,aretaken at speci c time intenvals.
Cancerousumorshby theirnaturetendto receve moreof the
bloodcontaininghecontrastigent.Onceoxygenandnutri-
entshave beenconsumedthe blood andcontrastagentare
removedaswastefrom thetumor. Thisprocesss monitored
by MRI scansover mary time steps.In addition,follow-up
studies,which acquiremultiple imagedatasetst different
dates,canbe conductedo monitorthe progressiorandre-
sponseo treatmenbf thetumor. Extractionandanalysisof
featuredrom theseimagesover multiple time stepscanbe
usedto detecttumors,by characterizingfor instancecon-
trastuptale andeliminationin aregion, andexaminetheir
progressiorovertime.

In medicalimaging,thediagnostigroblemin theregion
of interestcanoftenbe associatedvith avariationin image
brightnesg24]. Textureanalysisis onepossiblemethodto
detectand examinesuchvariations. During texture analy-
sis, texturerelatedinformationis found by examininglocal
variationsn imagebrightnessHaralicktextureanalysiss a
form of statisticaltextureanalysighatrepresentfocal vari-
ationsasacollectionof upto fourteenstatisticaparameters,
suchascontrastandentropy [19].

Using texture to analyzeDCE-MRI datasetdhiasshovn
greatpotentialin tumor detection. Imagesthat have been
analyzedby radiologistscanbe usedalongwith theresults
of texture analysisto train a neuralnetwork. Oncetrained,
theneuralnetwork becomes corvenienttool for discover-
ing cancerousissuegiventhe texture analysisresults. The
effectivenessof using 4D Haralick-basedexture analysis
for cancerdetectionwill bediscussedn afuture paper

As adwancesn imagingtechnologiesllow aresearcher
to capturehigherquality imagesandacquiremoreimages
in a shorterperiod of time, the amountof datathat must
be storedandprocessedhcreasesswell. Obtainingaddi-
tional databy acquiringimagesover mary time stepspro-
videsamorecompleteview of the patients physiology but
it canalsocreatea quantityof datathatmay be impossible



to processon a singleworkstation.With increasingesolu-
tion of medicalimagingdevices,a datasetwhich consists
of mary time steps,maynot t in memory For example,
a digitizing microscopecan scanpathologyslides at 40x
magni cation, resultingin imagesof multiple gigabytesn
size. Similarly, high-resolutionMRI scannersare capable
of acquiring3D volumesof -pixelimagesover
mary time steps.In addition,texture analysisis a compu-
tationallyintensive processThesdssuesnaybeaddressed
usingdistributedcomputing.Currentmethodsof analyzing
DCE-MRI datasetganbe tediousandtime consumingfor
radiologists. Thesemethodsofteninvolve cinematicview-
ing of the contrastagent o w, obsenationof a color-coded
representatiof the vascularpermeabilitycharacteristics,
andexaminationof the time versusintensity plots of indi-
vidual pixels [25]. Automatingthe DCE-MRI dataanaly-
sisprocesausingdistributedcomputingmay alsoallow the
radiologistto have the resultsof the DCE-MRI procedure
beforethe patientexits the MRI facility. Theability to eval-
uatethe patienton the sameday asDCE-MRI proceduréds
amajormotivationfor usingdistributedcomputing.

In thispaperwe developaparallelimplementatiorof 4D
Haralicktextureanalysidor disk-residentlatasetsOur ap-
proachinvolvescombineduseof task-anddata-parallelism
to leveragedistributed computingpower andstoragespace
onPCclusters We performaperformancevaluationof the
implementatiorusinga clusterof PCs.

2 RelatedWork

Parallelimageprocessingandvisualizationis a widely
studiedarea.ln this sectionwe describesomeof the previ-
ouswork in parallelvisualizationandimageanalysis.

In this paper we targetef cient useof generalpurpose
CPUson PC clustersby useof task-anddata-parallelism;
we did not assumewvailability of graphicsprocessingunits
(GPUs)on computehostsand did not take advantageof
GPUsin carryingout Haralicktexture computationsThere
hasbeenan increasinginterestin applying programmable
GPUsto speedup parts of image processingoperations
and generalpurposecomputationg8, 9, 18, 12, 22, 29].
A future extensionto our work could investigatehow the
Haralick-basedexture computationgouldbe mappecdnto
GPUs;in suchanimplementationyve anticipatethat com-
bineduseof functionaldecompositioranddataparallelism
(the approachtaken in this paper)will be an efcient
approachas it can enabledecompositionand placement
of processingoperationsacrossmultiple processingunits
(CPUsandGPUs).

We arenot awareof ary parallelimplementationsf 4D
Haralicktexture analysis.Fleig et.al.[17, 27] implemented
aparallelharalicktexture analysisprogramthatworked on
2D slicesof a 3D volume. Eachslice was treatedsepa-

rately andprocessedy a single functionin memory Un-

like [17, 27], the implementationdescribedin this paper
handlesdisk-resident4D datasetsand can carry out Har

alick texture computationsn 4-dimensions.

Chiangand Silva [11] proposemethodsfor iso-surtice
extractionfor datasetshatcannott in memory They in-
troduce several techniquesand indexing structuresto ef-
ciently searchfor cells through which the iso-surfice
passesandto reducd/O costsanddisk spaceequirements.
CoxandEllsworth[14] shav thatrelying on operatingsys-
temvirtual memoryresultsin poorperformanceThey pro-
posea pagedsystemand algorithmsfor memorymanage-
mentandpagingfor out-of-corevisualization.Their results
shav that application controlled paging can substantially
improve applicationperformance.

Uenget. al [39] presentalgorithmsfor streamlinevisu-
alization of large unstructuredtetrahedralmeshes. They
employ an octreeto partition an out-of-core datasetinto
smallersetsanddescribeoptimizedtechniquegor schedul-
ing operationsand managingmemoryfor streamlinevisu-
alization. Argeet. al. [2] presenef cient externalmemory
algorithmsfor applicationghatmalke useof grid-baseder
rainsin Geographidnformation Systems.Bajaj et. al. [4]
presentparallelalgorithmfor out-of-coreisocontouringpf
scienti ¢ datasetdor visualization.In [28], severalimage-
spacepartitioningalgorithmsareevaluatedon parallelsys-
temsfor visualizationof unstructuredyrids.

ManolakosandFunk[32] describea Java-basedool for
rapid prototyping of image processingoperations. This
tool usesa component-basefilamenork, called JavaPorts,
and implementsa masterworker mechanism. Oberhu-
ber [34] presentsan infrastructurefor remoteexecutionof
image processingapplicationsusing SGI Image\ision li-
brary, whichis developedto runon SGl machinesandNet-
Solwve[10].

SCIRun[37] is a problemsolving environmentthat en-
ablesimplementationand execution of visualizationand
image processingapplicationsfrom connectedmodules.
Dv [1] is a framework for developingapplicationsfor dis-
tributedvisualizationof largescienti ¢ datasetslt is based
on the notion of active frames,which areapplicationlevel
mobile objects. An active framecontainsapplicationdata,
calledframe data,and a frame programthat processeshe
data. Active framesare executedby active frame seners
runningonthemachinesattheclientandremotesites.Hast-
ings et. al. [21] presenta toolkit for implementationand
executionof image analysisapplicationsas a network of
ITK [23] andVTK [36] functionsin a distributederviron-
ment.



3 Haralick Texture Analysis

Thegoal of textureanalysiss to quantifythe dependen-
cieshetweemeighboringpixelsandpatternsof variationin
imagebrightnesswithin aregion of interest{24, 38, 13]. In
textureanalysisusefulinformationcanbe found by exam-
ining local variationsin imagebrightness Haralick texture
analysis[19] is a form of a statisticaltexture analysisthat
utilizes co-occurrencenatrices.lt relieson thejoint statis-
ticsof neighboringpixelsor voxelsin thedatasetatherthan
astructurede nition.

Thebasisbehindthe methodis the studyof secondrder
statisticsrelating neighbouringpixels at various spacings
anddirections. A second-ordejoint conditionalprobabil-
ity densityfunctionis computedgivena speci c distance
betweerpixelsanda speci ¢ direction. This second-order
joint conditionalprobability densityfunctionis referredto
asaco-occurrencenatrix. A co-occurrencenatrix canalso
bethoughtof asajoint histogramof two randomvariables.
Therandonvariablesarethegraylevel of onepixel () and
thegraylevel of its neighboringpixel (), wheretheneigh-
borhoodbetweentwo pixelsis de ned by a userspeci ed
distanceanddirection. This represents joint probability
distribution function(p.d.f.), which givesthe probability of
neighboringpixelschangingrom theintensity  tothein-
tensity . The co-occurrencamatrix measureghe num-
ber of occurrencesn which two neighboringpixels, one
with graylevel andthe otherwith graylevel , occur
a distance away andalonga certaindirection. A short
descriptionof co-occurancenatrix computatioris givenin
the Appendix.

Therearethreenotablepropertiesof the co-occurrence
matrix. First, the relationshipsetweemeighboringpixels
occurin boththeforwardandbackwarddirection.Consider
a 2D case;thereare8 total directions:0, 45, 90, 135, 180,
225,270,and315degrees.However, oppositeanglesyield
the sameco-occurrencenatrix. Thereforeonly four unique
directionsexist (seeFigure12in the Appendixfor theeight
possibledirectionsandthe four uniquevectors).Along the
sameidea, thereis symmetryin the co-occurrencematrix
becausehe gray level relationshipsetweerthe pixels oc-
curin boththeforwardandbackwarddirections.Thevalues
alongthe diagonalof the co-occurrencenatrix areunique;
however, the valuesabove the diagonalmatchthe values
belov the diagonalin the co-occurrencematrix. The co-
occurrencematrix is also a squarematrix and is always

in size,where isthetotalnumberof graylevels
possible. Therefore the sizeof the co-occurrencenatrix is
x edby thetotal numberof gray levelsandis independent
of distanceanddirectionvalues.

Oncea co-occurencenatrix is computed statisticalpa-
rameterscan be calculatedfrom the matrix. The fourteen
textural featuresdescribedby Haralick[19] provide a wide
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Figure 1. Raster Scanning: A ROI windo w

scans through the image.

rangeof parameterghat can be usedin medicalimaging
textureanalysis.

In medicalimages,mary localizedtexture changese-
noting tumors, capillaries,and differing tissuesmay exist.
Thus, it is often necessaryo apply a seriesof texture cal-
culationswith eachcalculationperformedonalocalizedre-
gion of interest. This processs known asrasterscanning.
Rasterscanningoeginswith a x ed,speci edregion of in-
terest(ROI), wherethe sizeof the ROl depend®n the size
of importantstructureswithin the image. Rasterscanning
beginsatthe rst pixelin theimageset.Figurel illustrates
rasterscanningfor 2D case. Theregion within the ROI is
usedto generate co-occurrencenatrix. Oneor moreof the
Haralickparameterss thencalculatedandsentto a storage
buffer. TheROI window is thenshiftedto anadjacenvoxel.
Again,aco-occurrencenatrixis generatedbasecn there-
gion aroundthat point. Haralick parametersre calculated
andsentto a storagebuffer. This scanningvindow process
continuedor all pointsin which the ROI occurswithin the
boundaryof theimage.Theseriesof outputparametersan
beusedin computeraideddiagnosisstoredto disk, or used
to constructa graphicalview of theresults.A pseudo-code
summarizinghe 4D Haralick texture analysisalgorithmis
givenin Figure2.

4 Parallel 4D Haralick Texture Analysis

The 4D Haralick texture analysisapplication can be
modeledas four major stages. The rst stagess to read
in the 4D raw imagedatasefrom the storagesystemand
passit to texture analysisoperations.The secondstageis



— ROl lengthsin eachdimension.

—setof selectedHaralickfunctions.

foreachx in do
foreachy in do
foreachzin do
foreacht in do

Computeco-occurrencenatrix for
foreachf in Fdo
Computeharalickparametef using

Figure 2. Sequential 4D Haralick texture analysis algorithm.

The algorithm iterates over all the

pix els/voxels in each dimension, creating local regions of interests (ROIs). Note that the entire ROI
must be contained within the dataset. For each ROI, a co-occurrence matrix is computed. Using the
co-occurrence matrix, the selected subset of Haralic k parameter s is calculated.

to computethe co-occurrencenatrices. The calculationof
Haralick texture parameterdrom the 4D datais the third
stagein the processingstructure. The resultingoutputis a
4D datasefor eachHaralickparametecomputed The nal
stageis to outputthe4D Haralicktexture analysisgesultsin
a userspeci ed format. Basedon this modelingof Haral-
ick textureanalysiscomputationsye developedatask-and
data-parallelmplementation.Dataparallelismis achieved
by distributing dataacrosghe nodesin the systemfor both
storageand computingpurposes. The task parallelismis
obtainedby implementatiorand executionof the four ma-
jor stagessseparatéasksusingacomponent-basefdame-
work [6, 5, 7]. In this section,we rst briey present
theunderlyingruntimeframework usedin ourimplementa-
tion. We thendescribehow datais distributedacrossodes
for storagejndividual componentsmplementingdifferent
stagesf the texture analysisalgorithm,and optimizations
for dataretrieval andprocessing.

4.1 Runtime Middleware

In this project, distributed computingis accomplished
through a middleware framework, called DataCutter de-
signedto processlarge datasetd6, 5, 7]. DataCutteris
basedon a Iter -streamprogrammingmodel that repre-
sentsoperationsof a data-intensie applicationas a set
of lters [7]. Data are exchangedbetween lters using
streams,which are unidirectionalpipes. Streamsdeliver
datafrom producerlters to consumerlters in userde ned
datachunks(databuffers). To achieve distributedcomput-
ing, operationatasksare divided amonga seriesof Iters.
Each Iter canbeexecutecbnaseparat@rocessor/machine
in the ervironment,or Iters canbe co-located.When I-
tersare executedon separatgrocessorsgataexchangeis
doneusingTCP/IPsoclets.When Iters areco-locatedthe

runtime systemtransfersa databuffer from a producer I-
ter to a consumerlter by copying the pointerto the data
buffer. Consumerandproducer lters canrun concurrently
andprocesdlatachunksin a pipelinedfashion.

Filters may be replicatedandplacedon differentnodes.
Eachreplicated Iter canprocessdataindependentf the
otheridentical lters. Data parallelismcanbe madepos-
sible by distributing data buffers amongreplicated Iters
on-the-y. Partitioning datainto datachunkscan help to
achieve load balanceandreducethe memoryrequirements
of the nodes.Eitherexplicit or transparentopiesof a Iter
canbeinstantiatecandexecuted If the copiesof a lter are
transpaent, the DataCutteischedulecontrolswhich of the
identical Iter copiesrecevesa databuffer. The DataCut-
ter scheduleicanscheduledatabuffersto transparentter
copiesin eitherround robin or demanddriven sequences.
In aroundrobin distribution, the scheduleassigndatato
eachtransparentiter in turn. Thus,eachtransparentiter
recevesroughly the sameamountof datato process.In a
demanddriven schedulingof databuffers, the DataCutter
scheduleassignghe distribution basedon the buffer con-
sumptionrate of the transparentlter copies. The goal of
the demanddriven approachis to senddatato the trans-
parent Iter copiesthat can processhemthe fastest. Ex-
plicit Iters are usedto give the usercontrol over which
consumerlter receveswhich datachunkfrom a producer

Iter. Explicit Iters areusefulin situationswhereassign-
mentof datachunksto Iter copiesin auserde nedwayis
requiredor canimprove performance.

4.2 Data Distrib ution Among StorageNodes

In MRI studies,a 4D image datasetcan be composed
of a seriesof 3D volumes. A 3D volumeis madeup of
a numberof imageslices, eachof which is usually small



to mediumsize(i.e., to pixels). However, the
3D volume can consistof mary imageslices(e.g., 1024
slices)andimageacquisitioncanbe performedoveralarge
numberof time steps.Thus,it is possiblethata 4D dataset
may not t on a single storagenode and needto be dis-
tributedacrosanultiple nodes.In addition,distributing the
input dataseticrossmultiple storagenodeshasthe advan-
tagethat dataretrieval canbe parallelized. A numberof
techniquefiave beendevelopedior partitioninganddeclus-
tering multi-dimensionaldatasetg§15, 16, 31, 33]. Obvi-
ously, the effectivenesof a particulardistribution depends
on how well it matchegshe commondataaccesandquery
patternsof the target applicationclass. In MRI studies,
commonanalysisqueriesspecify entire 3D volumesover
a rangeof time steps. In our currentimplementation2D
imageslicesthatmake a 3D volumeat a time steparedis-
tributedacrossstoragenodesin roundrobin fashion.Each
2D imageis assignedo a single storagenodeand stored
ondiskin aseparatele. A simpleindex le is createdon
eachstoragenodefor the imagesassignedo that storage
node.In thisindex le, eachimage le is associateavith a

tuple. denoteghetime step
theimageslice belongsto and is the numberof the
imageslicewithin the 3D volume.

4.3 Filters

We have developedthreesetsof Iters to carry out the
four stagef HaralicktextureanalysisoperationgseeFig-
ure 3). Theselter setscanbe connectedo form anend-
to-endHaralick texture analysischain. For amoredetailed
explanationof the lter setsdevelopedandtheirimplemen-
tation, pleaserefer to the thesisby Woods[40]. The lter
schemalsoprovidessupportfor incrementatievelopment.
For instancethe Iter developedto readin raw DCE-MRI
datamaybeeasilyreplacedy a Iter whichreadsDICOM
formatimages.

In our current implementationwe do not provide a
graphicaluserinterfacefor compositionof various lters
into Iter groups,sinceour focus hasbeenon evaluating
different stratgjies for parallel and distributed execution.
The Iters areimplementedn C++ usingthe baseclasses
provided by the DataCutterframenork andthe Iter net-
work is expresse@san XML documenf21]. An extension
to our currentimplementationvould be to investigatethe
useof graphicaltools, suchas SCIRun[37] andAVS [3],
which provide interfacesto composeapplicationsfrom
individual modules,and of higherlevel languageg8, 20]
as front-endfor creatingand composing lters and lIter
networks.

Input Filters Texture Analysis Filters

Output Filters

Figure 3. Three lter sets to carry out the main
tasks in a Haralick texture analysis applica-
tion.

4.3.1 Input Filters
RAWFileReader (RFR)

The purposeof the RFR lter is to readraw imagedata
from disk and sendthem to other lIters for processing.
Multiple RFR lters canbe executedif the imagedataset
is distributed acrosssereral storagenodes. In this case,a
RFR lter is placedon eachnodecontainingimage data.
EachRFR Iter extractsthe local dataneededto build a
ROI andsendghatdatato theinput stitch Iter .

InputimageConstructor (IIC) (Input Stitch)

In orderto computea co-occurrencenatrix, the com-
plete Region-of-Interes{ROI) dataare needed.If the 4D
imagedataseis distributed acrossmultiple storagenodes,
thena copy of the RAWFileReaderlter will retrieve and
sendonly the local dataportionsto other Iters. The In-
putimageConstructdqtIC) lter reconstructgull ROIs and
distributesthemto the texture analysis Iters. The inputs
to thellC lIter Iter areportionsof the imagedatafrom
the outputof differentRFR Iters. ThellC Iter placesthe
input MRI portionsinto temporarybuffers. After all data
elementseededo build a completeROI arereceved, the
ROl is putinto a sendbuffer. Whenthe sendbuffer is full,
thebuffer is sentto thetextureanalysis ters.

4.3.2 Texture AnalysisFilters

In our implementation, the Haralick texture analysis
algorithmcanbe carriedoutin a distributedernvironmentin
variousways. The Haralick texture analysisoperationgor
computingco-occurrencenatricesandHaralickparameters
canbecontainedn asingle Iter ortask-distritutedamong
two pipelined Iters. Dividing the operationsamongtwo
Iters createsanotherlevel of task parallelism, but also
introducescommunicatioroverheadetweerthe lters that
performthe operations.



HaralickMatrixPr oducer(HMP)

The HMP lter carriesout the entire Haralick texture
analysisprocessing. The lter receives a buffer of ROI
image datafrom the IIC lter. For eachof the ROIs in
the input buffer, the co-occurrencematrix is calculated
basedntheimagedatawithin the ROI. Theco-occurrence
matrix is then usedto generateary Haralick parameters
thathave beenchoserby the user

HaralickCoMatrixCalculator (HCC)

The HCC Iter is responsiblefor calculatingjust the
co-occurrencenatrix from the input data. For eachROI in
theinput buffer, a co-occurrencenatrix is calculated.The
co-occurrencanformation is storedin an output buffer.
Whenthe outputbuffer becomedull or theendof aninput
datamessages receved, the datain the output buffer is
passedo the HaralickRarameterCalculatolter .

HaralickP arameterCalculator (HPC)

TheHPC lter isresponsibldor calculatingtheHaralick
parametergrom the co-occurrencenatricesreceved from
aHCC lter. All userselectedHaralickparametersrecal-
culatedfor eachmatrix. Eachparameters storedin its own
outputbuffer. Whenthe outputbuffersarefull or whenthe
endof inputdatamessagés encounteredhe dataelements
storedwithin the outputbuffersaresentto anoutput Iter .

4.3.3 Output Filters

The usermay chooseto sendthe outputportionsreceved
from texture analysis Iters directly to disk. Onceon disk,

the datamay be postprocessetbr purposesof computer
aided diagnosis. The user may also chooseto store the
Haralick parameteresultsin a visualway. To accomplish
this, Haralick parameteroutput portions sent from the
textureanalysislters arerecevedatanoutputstitch Iter.

This Iter reconstructshe parameteputputportionsinto a
seriesof 4D datasets.Each4D dataseis the outputfor a
singleHaralick parameterOncereconstructedthe 4D out-
putdatasetsanbewrittento diskasaseriesof jpegimages.

UnstitchedOutput (USO)

The USO lter is responsiblefor writing the Haralick
parameteinformationout to disk. The input to this lter
is a streamof dataelementdor a Haralick parameterThe
Iter then writes the parameterdata out to disk. Each
input streamis assigneda unique le name. A le is
openedandthe parametevaluesalongwith corresponding
positionalinformationarestoredto the le. Postprocessing

applicationscanthen usethe datastoredin these les for
furthercomputations.

HaralickimageConstructor (HIC)

The HIC lIter is usedto build the Haralick parameter
informationinto images. This lter recevesinput streams
consistingof Haralick parameteinformation. Eachinput
stream contains a subsetof the total output elements
for a single Haralick parameter This output stitch uses
positionalinformation storedin the input streamto place
the parameterelementsinto their appropriatepositions
in the parameterimage data structure. Once all data
elementsfor a Haralick parameterhave been correctly
placed,a complete4D datasetconsistingof all elements
for a parametethasbeenbuilt. Once the output dataset
is completelyassembledit is passedo the next Iter for
furtherprocessing.

JPGImageWriter (JIW)

The JIW Iter recevesa streamof datacontainingel-
ementsfor a Haralick parametethat hasbeenassembled
by position. The input streamalso containsthe minimum
andmaximumvaluesfor the Haralick parameteelements.
Using the minimum and maximumvalues,the datacanbe
normalized. Thereforeeachvalueis assignecda value be-
tweenzeroandone. A zeroresultsin a black pixel, anda
oneresultsin awhite pixel. Any intermediateelementsare
assignedh scaledgray value. The Iter thencorvertsthe
4D datainto a seriesof 2D imagesthat are storedin jpeg
format.

Transparentiter copiesof the RFR,HMP, HCC, HPC,
andUSO lters canbeinstantiatecandexecutedn theervi-
ronment.Figures4 and5 showv two possibleinstantiations,
referredto hereasthe split HCC andHPC lter implemen-
tationandtheHMP Iter implementationof the 4D Haral-
ick textureanalysisapplication.

4.4 Data Retrieval

As statecearlier acomplete4D ROI datais necessaryo
build oneco-occurrencenatrix. Fig. 6(a)illustrateshow a
2D imagecanbe accessethy ROIs; thus,eachdatapaclet
sentto thetextureanalysislters containghe ROl neededo
build a co-occurrencenatrix. In Fig. 6(a), ROIx andROly
correspondo the dimensionlengthsof the ROI, which are
suppliedby the user Also in Fig. 6(a) P1,P2,andP3are
thedatachunkssentto thetextureanalysislters. Notethat
most of the chunkscontainoverlappeddata. If the input
datais retrieved by ROIs, the dataelementsin the over-
lappedregions must be retrieved and sentto the texture
analysis lters multiple times. Therefore,dataretrieval in



Figure 4. An example instatiation of the split
HCC and HPC Iter implementation. The in-
put data is distrib uted among four storage
nodes and ROIs are reconstructed using the
IIC lter . Texture analysis is performed us-
ing transparent copies of the HCC lter
and transparent copies of the HPC lIter
thereby splitting the texture analysis opera-
tions among two lter s. The output Haralic k
parameter s are stored to disk.

termsof ROIs createghelargestvolumeof communication
betweertheinput Iters andthetexture analysislters. In
orderto reducetheamountof datareadfrom diskandcom-
municatedbetweenRFRandlIC lters aswell aslIC and
textureanalysis Iters, thedataareretrievedin 4D chunks,
eachof which containsa subsetof ROIs. In Figure6(b) a
2D imageis partitionedinto four datachunkseachwith the
userspeci ed dimensions . Theamount
of overlapbetweentwo chunksin the -directiondepends
ontheROI -dimensionlengthaccordingto Eq. 1, andthe
amountof overlapbetweentwo adjacentchunksin the -
directiondepend®ntheROI -dimensiorengthaccording
to Eq.2.

overlapx Q)
overlapy (2)

The currentimplementatiorhastwo typesof chunks;an
RFR-to-1ICchunkfor dataretrieved from disk and sentto
thellC lter anda lIC-to-TEXTUREchunkfor communi-
cationbetweerthe IIC andharalicktexture analysis Iters.
The inputimagedatais storedasa setof imagesliceson
disk. A RFR lter readsa2D subsectiomf eachimageslice
andputsit into abuffer, whichcorrespondso thel/O chunk.
Whenthebufferis full, theRFR Iter sendghebuffertothe
[IC Iter. WhenthellC lter recevesbuffersfrom RFR I-
ters,it copiesandreoiganizeghecontentof thebuffersin a
setof buffers,eachof whichis a 4D arrayandcorresponds
to a separatdIC-to-TEXTURE chunk. When a buffer is
full, it is sentto one of the copiesof the texture analysis

Figure 5. An example instatiation of the HMP
lter implementation. The input data is dis-
tributed among four le systems and ROls
are reconstructed using the IIC lIter . Tex-
ture analysis is performed using transpar -
ent copies of the HMP Iter , whic h combines
all texture analysis operations into one lter .
The output Haralic k parameter s are stored to
disk.

Iters (i.e., HMP or HCC lters). An HMP or HCC I-
terthenperformsa rasterscanof the chunk,recevedfrom
thellC lter, for ROls and computesco-occurrencenatri-
ces. Having two typesof chunksallow betteroptimization
of executiontime for differenttypesof overheadsFor ex-
ample,a larger chunk size can be chosenfor RFR-to-11C
chunkso thatthe numberof disk seekoperationsfor data
retrieval canbereduced With a smallersizefor thelIC-to-
TEXTURE chunk, pipelining betweenthe IIC andtexture
analysislters canbeincreased.

4.4.1 Full vs SparseMatrix Representation

The co-occurrencenatrix is a matrix that relates
the intensitiesof neighboringpixels alonga certaindirec-
tion. The numberof gray levels () may be relatively
large, suchas 65536(16-bit) intensity levels, or relatively
small, suchas requantized32 (5-bit) levels. Our experi-
mentshave shavn thatin somecasesmatricesgenerated
usingatypical 5 5 5 5 ROl andrequantized32 levels
canhave on averageaslittle as 10.7 non-zeroentriesper
matrix (out of entries,about1% of the
matrix). We notethatthis averagetakesinto accountmatrix
symmetry andthe symmetricentriesareonly storedonce.
Knowing thatmary of the co-occurrencenatricesarerela-
tively sparsdeadsto the following matrix storageschemes
andoptimizations.

The most obvious method of representinga co-
occurrencematrix in memoryis a 2D array of el-
ements.In this work, we referto sucha representatioas



(a) A 2D imagepartitionedaccordingo ROI.

(b) A 2D imagepartitionedinto four datachunks.

Figure 6. Two data retrieval strategies: re-
trieving ROIs, retrie ving chunks.

a full matrix storagerepresentationWithout optimization,
all Haralickparametecalculationgreateachelemenin the
matrix the same. Therefore zeroentriesin the matrix are
addedto runningsumsalongwith non zeroentries. How-
ever, beforeaddinganentryfrom the co-occurrencenatrix,
theentrycanbetestedo seeif it is zero.If theentryis zero
valued,thenthe entryis simply skipped.By rst checking
for zerovalues,we are ableto reducethe time neededo
processelatively sparsanatrices.In fact,this optimization
allowed us to processa typical MRI datasetn one-fourth
thetime.

Theco-occurrencenatrix may alsobe storedin a sparse
matrix storagerepresentationOnly the non zeroand non
duplicated(dueto symmetry)entriesare storedalongwith
positionalinformationin memory The positionalinforma-
tion is neededo mapeachnon zero, non duplicatedentry
to its positionin the co-occurrencenatrix. If amatrixis in

thesparsdorm, thentheHaralickparametecalculationslo
not have to checkfor non zeroentries. Therefore the ma-
trix canbe processediirectly from the sparsdorm, andno
corversionbackto a co-occurrencarrayis needed.In ad-
dition, the sparseamatrix representatiorcan greatlyreduce
the datatraf ¢ leaving the HCC lter, if the texture analy-
sis operationsare split betweenthe HCC andHPC lters.
If thematricesarestoredin sparsdorm, thenthey arealso
transmittedvia the network in the sparsdorm.

5 Experimental Results
5.1 Experimental Setup

In the experimentspresentedn this paper we useda
datasebbtainedfrom a DCE-MRI study This dataseton-
sistsof 32 time steps. Eachtime stepis madeup of 32
imagesof 256 256 pixels each. Eachpixel is 2 bytesin
sizé. The region of interest(ROI) was set accordingto
thedimensionlengths5 5 5 5. This ROI sizewascho-
senbecauserevious studieson the analysisof 2D images
shavedthatsucha ROl would betypical for anMRI appli-
cation[24]. Thenumberof graylevels, , usedtorequan-
tize the DCE-MRI datasetvas setto 32, becausen most
casesvaluesgreaterthan 32 do not signi cantly improve
thetextureanalysisresults[24, 30].

Sinceeachimageslice in the input dataseis relatively
small,the RFR-to-11C chunkdimensionengthsusedin the
experimentsveresetto 256 256 6 6.Inthisway,aRFR
Iter canreadoneimageslice withoutary disk seekoper
ationsrequiredto retrieve smallerimageregions. ThellC-
to-TEXTURE chunkdimensionlengthsusedin dataparti-
tioning for distribution to texture analysis lters were set
to67 67 6 6 for all tests.Whenwe conductedestsus-
ing smallerchunks,the overlapbetweenpartitionscreated
avolumeof communicatiorthatwastoo great.As aresult,
the programexecutiontime wasunacceptablyarge. Larger
chunk sizesalso producedpoor resultsbecausehe large
dataportionscouldnot bedistributedto thetextureanalysis
Iters fastenough,which left sometexture analysis Iters
in anidle state. Thereforewe chosea chunksizethathad
atolerableamountof overlapasaresultof partitioningand
alsoproduceda balanceddatadistribution amongthe tex-
ture analysis Iters. The HCC lters were con gured to
sendout a paclet of co-occurrencenatriceswhenerer —
ofa67 67 6 6chunkhadbeenprocessedAnotherpos-
sible paclet sizewould be the entire chunk. However, for

INote that this sampledataseis small enoughto ®t in memoryof a
processor Hence,asan optimizationthe datasettanbe replicatedon all
of the nodesandreadinto memoryasa wholein orderto eliminatethe
needfor the lIC ®lter. However, for large datasetst may not be possible
to apply this optimization. Hence,in our experimentswve assumehatthe
sampledatasets notreplicatedandtoo big to ®t in memory



our con gurationthesesettingsresultin goodpipelining of
dataacrossdifferent stagesof the Iter group, but do not
cause=xcessve communicatioratencies.

For all tests, the following Haralick parameteravere
calculated: Angular SecondMoment, Correlation, Sum
of Squaresand InverseDifferenceMoment[19] (seeAp-
pendix). We chosetheseparametersincethey arefour of
themostcomputation-gpensveparameterthatcanbepro-
ducedrom aco-occurrencenatrix. We chosenotto include
all Haralick parameterd®ecause typical DCE-MRI study
would likely not needall parameter@n orderto generatea
diagnosis.

5.2 Homogeneou<luster Experiments

For the experimentsdetailedin this section,a homoge-
neousPC clusterwas used. The cluster referredto here
asPlll, contains24 nodeseachwith a Pentiumlll proces-
sorand512MB of memory All hodesareconnected/ia a
FastEtherneSwitchcapableof transmittingdataat a rateof
100Mbits persecond.

In the rst setof experimentswe investigateheimpact
of using full matrix representations sparsematrix repre-
sentatiorandtheperformancef thesplitHCCandHPC I-
ter implementatiorandthe HMP lter implementatior(see
Figures4 and5). In the experimentstheinput datasetvas
distributedacross4 1/0 nodes.Oneof thenodesn thesys-
temwasusedto runthellC Iter. OneUSO Iter wasused
for output. Theremainingnodeswereusedto runthe HMP

Iters or the HCC andHPC lters. Figure7(a)shows the
executiontime whenthe numberof nodesfor HMP Iters
is variedfrom 1 to 16. In eachcon guration, onetranspar
ent copy of the HMP Iter was placedon one node. As
is seenfrom the gure, the implementationusing sparse
matrix representatioperformsworsethantheimplementa-
tion usingfull matrixrepresentationVhenHMP lters are
used,the co-occurrencamatrix computationand Haralick
parametercalculationaredonein thesamelter, andthere
is no communicatioroverheacetweerthe two operations.
Thus,the overheadntroduceddueto storingandaccessing
co-occurrencenatrix in sparserepresentationegradeshe
performanceOnthe otherhand,usingsparsamatrix repre-
sentatiorachievzesbetterperformancen the split HCC and
HPC lter caseasseenin Figure7(b). Thisis mainly be-
causeof the fact that with sparserepresentatiothe com-
municationoverheads reducedsigni cantly. In this exper
iment, multiple transparentopiesof HCC andHPC lters
arecreatedput only one lter is executedon onenode—we
shouldnotethatfor the one-nodecon guration, bothHCC
andHPC Iter copiesareexecutedon the samenode. The
numberof copiesfor HCC andHPC Iters wasdetermined
basedon their relative processingimes. We obsenedthat
theHCC Iter wasabout4 to 5 timesmoreexpensve then

theHPC Iter onaverage.Hencethenumberof nodesn a
givensetupwaspatrtitionedsothata 4-to-1ratio wasmain-
tainedbetweenHCC andHPC lters, whenpossible. For
example for the16-nodecon guration,13HCCand3 HPC
Iters wereexecutedn the system.

The split HCC andHPC lter implementatiorprovides
e xibility in thatHCC andHPC Iters canbe executedon
separatenodesor run on the samenode. The next setof
experimentsxamineghe performancémpactof executing
copiesof HCCandHPC onthesamenode.WhenHCC and
HPC lters areplacedon the samenode,the communica-
tion overheadwill be reducedsincebuffersfrom the HCC
Iter that are deliveredto the local copy of the HPC |-
terwill incurnocommunicatioroverheadbuffer exchange
betweentwo co-located Iters is donevia simple pointer
copy operation).In addition,morecopiesof HCC andHPC
Iters can be executedin the system. However, sincea
nodein the clusterusedin theseexperimentshasa single
processarthe CPU hasto multiplex betweenthe two |-
tersandits power hasto be shared.In Figure8, No Over
lap denoteghe casein which notwo Iters areco-located,
whereagopiesof HCC andHPC lters areexecutedonthe
samenodein the caseof Overlap In the experimentsthe
HMP lter implementatiorusedthe full matrix representa-
tion andthe split HCC andHPC Iter implementatiorem-
ployed the sparsematrix representatiorfior co-occurrence
matrices.As is seenin the gure, Overlapachiezesbetter
performancecomparedto the HMP Iter implementation
andthe No OverlapHCC+HPCimplementation Although
the processingower is sharedbetweentwo Iters, there-
ductionin communicatioroverheacandmorecopiesof |-
tersresultin betterperformance.We also obsene thatin
theone-nodecasethe split HCC andHPC lter implemen-
tation performsbetterthanthe HMP Iter implementation.
Thisresultcanbe attributedto betterpipeliningthatcanbe
achieved by the split implementationwhenHCC or HPC
Iter is waitingfor sendandreceve operationgo complete,
theother Iter canbedoingcomputation.

Figure 9 shavs the processingime of each Iter (i.e.,
RFR,IIC, HCC,HPC,andUSO)for thesplitHCCandHPC
Iter implementation. The read (RFR) and write (USO)
overheadsare negligible comparedto the time taken by
other lters. We obsenethattheexecutiontime of theHCC
andHPC lters decreasasmorenodesareadded. How-
ever,thellC lter becomesbottlenecklter inthel6-node
con gurationandadwerselyaffectsthe scalabilityof theap-
plicationto largernumberof nodes.In orderto alleviatethis
bottleneck multiple explicit copiesof the lIC Iter should
beinstantiatedWhile transparentopiesof theRFR,HCC,
andHPC lters canbe executedto take advantageof de-
mand driven buffer scheduling,explicit copiesof the IIC
Iter needto becreatedThisis becaus@iecesof the same
RFR-to-1IC chunk retrieved by multiple RFR Iters must
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Figure 7. The performance impact of using full matrix representation vs sparse matrix representation.

(a) the HMP Iter implementation.
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Figure 8. The performance impact of co-
locating HCC and HPC lter s vs running them
on separate processor s.

be assembledlogetherto form completelIC-to-TEXTURE
chunksand ROIs. We examinedround robin distribution
of RFR-to-1IC chunksacrosamultiple copiesof the lIC |-
ter. Our resultsshavedthatasthe numberof IIC lters is
increasedthe processingime of eachllC lter decreases
almostlinearly, asexpected.

5.3 Heterogeneougnvironment Experiments

In this setof experimentswe investigatedexecutionof
the parallel implementationin a heterogeneousgrviron-
ment. In addition to the PIIl clusterusedin the homo-
geneousexperiments,two additional clusterswere made
available. The rst additional cluster referredto hereas
XEON contains ve nodes.Eachnodeof the XEON clus-
ter hasdual Xeon 2.4GHz processorsand 2GB of mem-
ory. The nodeson the XEON clusterare connectediy a
Gigabit Switch. The secondadditionalcluster referredto
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(b) The split HCC and HPC lter implementation.
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Figure 9. The processing time of each lter in
the split HCC and HPC lter implementation.
In this experiment, HCC and HPC lter s are
executed on separate nodes.

hereas OPTEFRON, containssix nodes. Eachnodeof the
OPTERON clusterhasdualOpteronl.4GHzprocessorand
8GB of memory The nodeson the OPTERON clusterare
also connectedoy a Gigabit Switch. PlII is connectedo
XEON and OPTERON througha shared100 Mbit/s net-
work. XEON andOPTERON are connectedo eachother
usinga Gigabitnetwork.

Two experimentsvereperformedo testtheimplementa-
tionsin a heterogeneousrvironment.The rst experiment
provides a comparisonof the HMP Iter implementation
andthe split HCC andHPC lter implementatiorusingthe
Pl andXEON clusters.In this experiment4 RFR lters,
4 1IC lIters, and2 USO lters were executedon the Pl
cluster Thetexture analysis Iters were placedacrossthe
two clusterson atotal of 18 nodes(13 nodesfrom the PllI
clusterand5 from the XEON cluster). For the HMP Iter
implementationpnetransparentopy of HMP lter wasin-
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Figure 10. Performance comparison of the
HMP lter implementation and the split HCC
and HPC Iter implementation in a heteroge-
neous environment.

stantiatedon eachprocessar Sincethe XEON clusterhas
10processorgon 5 nodes)thetotal numberof HMP lters
was23. For the split HCC andHPC lter implementation,
one copy of HCC and one copy of HPC were co-located
on eachnode,which resultedin 18 copiesof HCC and18
copiesof HPC lters. While theHMP Iter implementation
aimsto achieve goodperformancéy spreadinglataacross
moreHMP lters, the split HPC andHCC implementation
targetsamorebalancediseof task-anddata-parallelisnby
splitting the co-occurrencenatrix computationand Haral-
ick parametercalculationoperationsand creatingmultiple
copiesof individual Ilters. However, fewer copiesof each
Iter arecreatedn thesplitHCCandHPC lter implemen-
tation. As is seenin Figure 10, the split implementation
achieves betterperformance.First, although10 copiesof
HMP lter canbe createdonthe XEON cluster moredata
hasto o w from thePIII clusterto this clusteracrossarela-
tively slow network to make optimaluseof thesecopies.On
the otherhand,the split HCC andHPC lter implementa-
tion cantake advantageof demandirivenschedulingof co-
occurrencenatrix buffersacrosghe lters within the same
cluster oncean lIC-to-TEXTURE chunkis receved. Sec-
ond, betterpipelining of computationsand betteroverlap
betweencomputatiorand communicatiorcanbe achieved
with the split HCC andHPC Iter implementation.Espe-
cially onthe XEON clusterwheretheHCC andHPC lters
are co-locatedon the samenode,but run on separatepro-
cessors.

In the secondheterogeneousrvironmentexperiment,
the XEON and OPTERON clusterswere usedto compare
roundrobin anddemanddriven buffer schedulingpolicies.
FourRFR lters, 11IC lter, 2 HPC lters, and1 USO lter
wereexecutedon separateodeson the OPTERON cluster
Becausghe HCC lIter is the mostcomputation-gpensve

Iter , the HCC lters wereusedto evaluatetheroundrobin
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Figure 11. Performance comparison of the
round robin and demand driven buffer
scheduling policies.

and demanddriven schedulingpolicies. Four HCC lters

were placedon the XEON nodesand4 HCC lIters were
placedon the OPTERON nodes. In this Iter layout no
more thanone lter is assignedo ary processar When
using the round robin mechanismthe DataCuttersched-
ulerassureshatall transparentter copiesreceveapproxi-
matelythesamenumberof databuffers. Thedemandiriven
mechanisnallows the DataCutteischeduleto assignglata
buffersto the transparentopy thatwill likely processhe
datathefastestAs shavn in Figure11, thedemanddriven
methodperformsbetterthantheroundrobin method.Filter
placementlsobecomesmportantwhenusingthe demand
drivenwrite policy. Becausehe OPTERON HCC lters re-
ceive moredatapacletsin demandirivenschedulingthere
is lesscommunicatioroverheatecauseéheHPC lters are
alsoplacedon the OPTERON nodes. In this experiment,
theroundrobin schedulingnethodcauseshe XEON HCC
Iters to receve moredatapaclets;thereforemoreHCC-
HPCcommunicatioroverheadxistscomparedvith thede-
manddrivenmethod.

Theseawo experimentshawv thatfactorssuchasnetwork
bandwidthplay an importantrole in choosingthe imple-
mentationto use, lter layout,andsizesof buffersusedfor
transferringdatabetweentwo Iters. For example,if net-
work lateng is high andbandwidthis low, communication
overheadincurred by transmittingsmall buffers can out-
weighthegainfrom morepipelining. In sucha casejarger
buffersmight achieve betterperformanceesults.Also, |-
tersthat exchangedarge volumesof datacanbe colocated
to minimize communicatiorvolume. We planto carry out
a more extensie investigationof the impact of architec-
ture parametersn the choiceof implementationin afuture
work.



6 Conclusions

Haralick texture analysisis a computationintensive
application that involves repeatedco-occurrencematrix
generatiorandrepeatedtomputation®n theco-occurrence
matrices. The 4D datasetsproducedby time dependent
imaging methodsalso affects the amountof computation
as suchdatasetscan be large. The storageand memory
resourcesavailable on a single computer may not be
sufcient to managdargedatasets\WWe developedaparallel
4D Haralick texture analysisimplementationto address
thesechallenges. Our implementationdemonstratesiow
operation®f thetextureanalysigprogrammaybedata-and
task-distriuted to allow parallel and pipelined operation.
We have evaluateddifferentimplementationgndoptimiza-
tionson clusterof PCs.Ourresultsshawv thatthesplit HCC
andHPC lter implementatiorachiesesgoodperformance
whensparsamatrix representatiois employed. Theresults
alsoshaw thatin a heterogeneousomputingervironment,
the split HCC and HPC lIter representationprovides
greatere xibility andimprovedpipeliningcomparedo the
HMP implementation.
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Appendix
The Co-occurrenceMatrix

The co-occurrencematrix measureshe numberof oc-
currencesn which two neighboringpixels, one with gray
level andthe otherwith graylevel , occura distance

away andalonga certaindirection. Therefore,a neigh-
boring pixel is de ned by a distanceand a directionfrom
anothemixel. In our implementatiomo interpolationwas
used; therefore,distancerefersto the numberof discrete
pixelsthat arebetweentwo neighboringpixels. For exam-
ple, pixels that neighborat the corner asin the 45 degree
case,arestill consideredo be one unit of distanceapart.
Givena pixel with graylevel , the co-occurrencenatrix
canbeusedto determinethe probability thata neighboring
pixel a certaindistanceaway andalonga certaindirection
hasa graylevel . For a simple2D case,the directions
canbe broken down accordingto an angle, , from pixel

. For 2D, theseanglesare0, 45,90,and135degreeqsee
Figure12). The co-occurrencenatrix,p(, , , ), for 0 and
135degreescanbede ned asfollows.
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(3)

(4)

where # denotesthe number of elementsin the set,
is the gray-tonevalue at pixel , and
is thegray-tonevalueat pixel [19].

Original work on texture analysiswas only concerned
with applying texture analysisto 2-D images. As a re-
sult only four uniquedirectionsneedto be consideredor
two dimensionsandthe directionswerede ned asangles,
suchasO, 45, 90, and 135 deggrees. As the dimensionin-
creasesthe numberof total directionsalsoincreasesin a
3-D datasetl3uniquedirectionsexist, andfor a4-D dataset
40 uniquedirectionsexist.

The Haralick parameter functions usedin the Ex-
periments.

Angular SecondMoment

The rst Haralick texture parameterusedin our experi-
mentsis angularsecondmoment. The momentsof a ran-
domvariablehelp quantify the distribution of valuesin the
co-occurrencenatrix. Givenanimage,angularsecondmo-
mentcan be usedto measureghe amountof homogeneity
in theimage.Eq. 5 describeghe formulausedto calculate
angularsecondnoment.

()

Corr elation

The secondparametercorrelation,measureshe relation-
ship betweentwo variablesusing the covariancevaluesof

the two randomvariables. A high correlationvalue indi-

catesthatthe pixelsin animagehave similar tonal values.
Correlationis calculatedaccordingto Eq. 6.

(6)



Sum of Squares

Sumof squaresor variancejs importantin thestudyof sec-
ond orderstatistics. The sumof squareswhich is alsothe

sameassecondcentralmomentmeasureshe spreadf the

distribution of the two randomvariables. Eq. 7 calculates
thesumof squares.

(7)

InverseDiffer enceMoment

Inversedifferencemomentalsorelatesto the studyof sec-
ond order statistics. In the calculationof this parameter
eachvaluein theco-occurrencenatrixis weightednversely
by thechangen graylevelsbetweerpixels. Theinversedif-
ferencemomentis describedy Eq. 8. Note: oneis added
to thedenominatoto avoid dividing by zero.

(8)
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