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Abstract

Texture analysisis one possiblemethodto detectfea-
tures in biomedicalimages. During texture analysis,tex-
ture relatedinformationis foundby examininglocal vari-
ations in image brightness. 4-dimensional(4D) Haralick
texture analysisis a methodthat extracts local variations
along spaceand time dimensionsand representsthemas
a collection of fourteenstatistical parameters. However,
the applicationof the 4D Haralick methodon large time-
dependent2D and 3D image datasetsis hinderedby com-
putationandmemoryrequirements.This paperpresentsa
parallel implementationof 4D Haralick texture analysison
PC clusters. We presenta performanceevaluationof our
implementationon a clusterof PCs. Our resultsshowthat
goodperformancecanbeachievedfor this applicationvia
combineduseof task-anddata-parallelism.

1 Intr oduction

The quality andusefulnessof medicalimaging is con-
stantly evolving, leading to betterpatient careand more
relianceon advancedimagingtechniques.For example,a
currentmethodof cancerresearchusesdynamiccontrast
enhancedmagneticresonanceimaging(DCE-MRI) [25, 26,
35], which is alsothemain motivatingapplicationfor this
work, for detectionand monitoring of tumors. During
a DCE-MRI scan,the patient is injected with a contrast
medium. A seriesof 3D MRI scansof a region of inter-
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est,suchasthe breast,aretaken at speci�c time intervals.
Canceroustumorsby theirnaturetendto receivemoreof the
bloodcontainingthecontrastagent.Onceoxygenandnutri-
entshave beenconsumed,thebloodandcontrastagentare
removedaswastefrom thetumor. Thisprocessismonitored
by MRI scansovermany time steps.In addition,follow-up
studies,which acquiremultiple imagedatasetsat different
dates,canbeconductedto monitor theprogressionandre-
sponseto treatmentof thetumor. Extractionandanalysisof
featuresfrom theseimagesover multiple time stepscanbe
usedto detecttumors,by characterizing,for instance,con-
trastuptake andeliminationin a region, andexaminetheir
progressionover time.

In medicalimaging,thediagnosticproblemin theregion
of interestcanoftenbeassociatedwith avariationin image
brightness[24]. Textureanalysisis onepossiblemethodto
detectandexaminesuchvariations. During textureanaly-
sis,texturerelatedinformationis foundby examininglocal
variationsin imagebrightness.Haralicktextureanalysisis a
form of statisticaltextureanalysisthatrepresentslocalvari-
ationsasacollectionof upto fourteenstatisticalparameters,
suchascontrastandentropy [19].

Using texture to analyzeDCE-MRI datasetshasshown
greatpotentialin tumor detection. Imagesthat have been
analyzedby radiologistscanbeusedalongwith theresults
of textureanalysisto train a neuralnetwork. Oncetrained,
theneuralnetwork becomesa convenienttool for discover-
ing canceroustissuegiventhetextureanalysisresults.The
effectivenessof using 4D Haralick-basedtexture analysis
for cancerdetectionwill bediscussedin a futurepaper.

As advancesin imagingtechnologiesallow a researcher
to capturehigherquality imagesandacquiremoreimages
in a shorterperiod of time, the amountof datathat must
bestoredandprocessedincreasesaswell. Obtainingaddi-
tional databy acquiringimagesover many time stepspro-
videsamorecompleteview of thepatient'sphysiology, but
it canalsocreatea quantityof datathatmaybeimpossible
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to processon a singleworkstation.With increasingresolu-
tion of medicalimagingdevices,a dataset,which consists
of many time steps,may not �t in memory. For example,
a digitizing microscopecan scanpathologyslidesat 40x
magni�cation, resultingin imagesof multiple gigabytesin
size. Similarly, high-resolutionMRI scannersarecapable
of acquiring3D volumesof ���������	�����
� -pixel imagesover
many time steps.In addition,textureanalysisis a compu-
tationallyintensiveprocess.Theseissuesmaybeaddressed
usingdistributedcomputing.Currentmethodsof analyzing
DCE-MRI datasetscanbetediousandtime consumingfor
radiologists.Thesemethodsoften involve cinematicview-
ing of thecontrastagent�o w, observationof a color-coded
representationof the vascularpermeabilitycharacteristics,
andexaminationof the time versusintensityplots of indi-
vidual pixels [25]. Automatingthe DCE-MRI dataanaly-
sisprocessusingdistributedcomputingmayalsoallow the
radiologistto have the resultsof the DCE-MRI procedure
beforethepatientexits theMRI facility. Theability to eval-
uatethepatienton thesamedayasDCE-MRI procedureis
amajormotivationfor usingdistributedcomputing.

In thispaper, wedevelopaparallelimplementationof 4D
Haralicktextureanalysisfor disk-residentdatasets.Ourap-
proachinvolvescombineduseof task-anddata-parallelism
to leveragedistributedcomputingpower andstoragespace
onPCclusters.Weperformaperformanceevaluationof the
implementationusinga clusterof PCs.

2 RelatedWork

Parallel imageprocessingandvisualizationis a widely
studiedarea.In thissection,wedescribesomeof theprevi-
ouswork in parallelvisualizationandimageanalysis.

In this paper, we targetef�cient useof generalpurpose
CPUson PC clustersby useof task-anddata-parallelism;
we did not assumeavailability of graphicsprocessingunits
(GPUs)on computehostsand did not take advantageof
GPUsin carryingoutHaralicktexturecomputations.There
hasbeenan increasinginterestin applyingprogrammable
GPUs to speedup parts of image processingoperations
and generalpurposecomputations[8, 9, 18, 12, 22, 29].
A future extensionto our work could investigatehow the
Haralick-basedtexturecomputationscouldbemappedonto
GPUs;in suchanimplementation,we anticipatethatcom-
bineduseof functionaldecompositionanddataparallelism
(the approachtaken in this paper) will be an ef�cient
approachas it can enabledecompositionand placement
of processingoperationsacrossmultiple processingunits
(CPUsandGPUs).

We arenot awareof any parallelimplementationsof 4D
Haralicktextureanalysis.Fleig et.al.[17, 27] implemented
a parallelharalicktextureanalysisprogramthatworkedon
2D slicesof a 3D volume. Eachslice was treatedsepa-

rately andprocessedby a singlefunction in memory. Un-
like [17, 27], the implementationdescribedin this paper
handlesdisk-resident4D datasetsand can carry out Har-
alick texturecomputationsin 4-dimensions.

ChiangandSilva [11] proposemethodsfor iso-surface
extractionfor datasetsthat cannot�t in memory. They in-
troduceseveral techniquesand indexing structuresto ef-
�ciently searchfor cells through which the iso-surface
passes,andto reduceI/O costsanddiskspacerequirements.
CoxandEllsworth [14] show thatrelyingonoperatingsys-
temvirtual memoryresultsin poorperformance.They pro-
posea pagedsystemandalgorithmsfor memorymanage-
mentandpagingfor out-of-corevisualization.Their results
show that application controlled paging can substantially
improveapplicationperformance.

Uenget. al [39] presentalgorithmsfor streamlinevisu-
alization of large unstructuredtetrahedralmeshes. They
employ an octreeto partition an out-of-coredatasetinto
smallersets,anddescribeoptimizedtechniquesfor schedul-
ing operationsandmanagingmemoryfor streamlinevisu-
alization.Argeet.al. [2] presentef�cient externalmemory
algorithmsfor applicationsthatmakeuseof grid-basedter-
rainsin GeographicInformationSystems.Bajaj et. al. [4]
presentaparallelalgorithmfor out-of-coreisocontouringof
scienti�c datasetsfor visualization.In [28], several image-
spacepartitioningalgorithmsareevaluatedon parallelsys-
temsfor visualizationof unstructuredgrids.

ManolakosandFunk[32] describea Java-basedtool for
rapid prototyping of image processingoperations. This
tool usesa component-basedframework, calledJavaPorts,
and implementsa master-worker mechanism. Oberhu-
ber [34] presentsan infrastructurefor remoteexecutionof
imageprocessingapplicationsusing SGI ImageVision li-
brary, whichis developedto runonSGImachines,andNet-
Solve [10].

SCIRun[37] is a problemsolvingenvironmentthaten-
ables implementationand execution of visualizationand
image processingapplicationsfrom connectedmodules.
Dv [1] is a framework for developingapplicationsfor dis-
tributedvisualizationof largescienti�c datasets.It is based
on thenotion of active frames,which areapplicationlevel
mobileobjects.An active framecontainsapplicationdata,
calledframedata,anda frameprogramthat processesthe
data. Active framesareexecutedby active frame servers
runningonthemachinesattheclientandremotesites.Hast-
ings et. al. [21] presenta toolkit for implementationand
executionof imageanalysisapplicationsas a network of
ITK [23] andVTK [36] functionsin a distributedenviron-
ment.
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3 Haralick Texture Analysis

Thegoalof textureanalysisis to quantifythedependen-
ciesbetweenneighboringpixelsandpatternsof variationin
imagebrightnesswithin a regionof interest[24, 38, 13]. In
textureanalysis,usefulinformationcanbefoundby exam-
ining local variationsin imagebrightness.Haralicktexture
analysis[19] is a form of a statisticaltexture analysisthat
utilizesco-occurrencematrices.It relieson thejoint statis-
ticsof neighboringpixelsor voxelsin thedatasetratherthan
astructurede�nition.

Thebasisbehindthemethodis thestudyof secondorder
statisticsrelating neighbouringpixels at variousspacings
anddirections. A second-orderjoint conditionalprobabil-
ity densityfunction is computed,given a speci�c distance
betweenpixelsanda speci�c direction. This second-order
joint conditionalprobabilitydensityfunction is referredto
asaco-occurrencematrix. A co-occurrencematrixcanalso
bethoughtof asa joint histogramof two randomvariables.
Therandomvariablesarethegraylevelof onepixel ( ��� ) and
thegraylevel of its neighboringpixel ( ��� ), wheretheneigh-
borhoodbetweentwo pixels is de�ned by a user-speci�ed
distanceanddirection. This representsa joint probability
distribution function(p.d.f.),whichgivestheprobabilityof
neighboringpixelschangingfrom theintensity ��� to thein-
tensity �

� . The co-occurrencematrix measuresthe num-
ber of occurrencesin which two neighboringpixels, one
with gray level �

� andthe otherwith gray level �
� , occur

a distance� away andalong a certaindirection. A short
descriptionof co-occurancematrix computationis givenin
theAppendix.

Therearethreenotablepropertiesof the co-occurrence
matrix. First, the relationshipsbetweenneighboringpixels
occurin boththeforwardandbackwarddirection.Consider
a 2D case;thereare8 total directions:0, 45, 90, 135,180,
225,270,and315degrees.However, oppositeanglesyield
thesameco-occurrencematrix. Thereforeonly four unique
directionsexist (seeFigure12 in theAppendixfor theeight
possibledirectionsandthefour uniquevectors).Along the
sameidea, thereis symmetryin the co-occurrencematrix
becausethegray level relationshipsbetweenthepixelsoc-
curin boththeforwardandbackwarddirections.Thevalues
alongthediagonalof theco-occurrencematrix areunique;
however, the valuesabove the diagonalmatchthe values
below the diagonalin the co-occurrencematrix. The co-
occurrencematrix is also a squarematrix and is always

���

�

���

in size,where
�	�

is thetotalnumberof graylevels
possible.Therefore,thesizeof theco-occurrencematrix is
�x edby thetotal numberof gray levelsandis independent
of distanceanddirectionvalues.

Oncea co-occurencematrix is computed,statisticalpa-
rameterscanbe calculatedfrom the matrix. The fourteen
textural featuresdescribedby Haralick[19] providea wide

Figure 1. Raster Scanning: A ROI windo w
scans thr ough the image.

rangeof parametersthat can be usedin medical imaging
textureanalysis.

In medicalimages,many localizedtexture changesde-
noting tumors,capillaries,anddiffering tissuesmay exist.
Thus,it is often necessaryto apply a seriesof texturecal-
culationswith eachcalculationperformedonalocalizedre-
gion of interest.This processis known asrasterscanning.
Rasterscanningbeginswith a �x ed,speci�ed region of in-
terest(ROI), wherethesizeof theROI dependson thesize
of importantstructureswithin the image. Rasterscanning
beginsat the�rst pixel in theimageset.Figure1 illustrates
rasterscanningfor 2D case.The region within theROI is
usedto generateaco-occurrencematrix. Oneor moreof the
Haralickparametersis thencalculatedandsentto a storage
buffer. TheROI window is thenshiftedto anadjacentvoxel.
Again,aco-occurrencematrix is generatedbasedon there-
gion aroundthatpoint. Haralickparametersarecalculated
andsentto a storagebuffer. This scanningwindow process
continuesfor all pointsin which theROI occurswithin the
boundaryof theimage.Theseriesof outputparameterscan
beusedin computeraideddiagnosis,storedto disk,or used
to constructa graphicalview of theresults.A pseudo-code
summarizingthe4D Haralick textureanalysisalgorithmis
givenin Figure2.

4 Parallel 4D Haralick Texture Analysis

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

Figure 2. Sequential 4D Haralic k 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 co­occurrence matrix is computed. Using the
co­occurrence matrix, the selected subset of Haralic k parameter s is calculated.

to computetheco-occurrencematrices.Thecalculationof
Haralick texture parametersfrom the 4D datais the third
stagein theprocessingstructure.Theresultingoutputis a
4D datasetfor eachHaralickparametercomputed.The�nal
stageis to outputthe4D Haralicktextureanalysisresultsin
a userspeci�ed format. Basedon this modelingof Haral-
ick textureanalysiscomputations,wedevelopedatask-and
data-parallelimplementation.Dataparallelismis achieved
by distributing dataacrossthenodesin thesystemfor both
storageand computingpurposes.The task parallelismis
obtainedby implementationandexecutionof the four ma-
jor stagesasseparatetasksusingacomponent-basedframe-
work [6, 5, 7]. In this section,we �rst brie�y present
theunderlyingruntimeframework usedin our implementa-
tion. We thendescribehow datais distributedacrossnodes
for storage,individual componentsimplementingdifferent
stagesof the textureanalysisalgorithm,andoptimizations
for dataretrieval andprocessing.

4.1 Runtime Middlewar e

In this project, distributed computingis accomplished
througha middleware framework, called DataCutter, de-
signedto processlarge datasets[6, 5, 7]. DataCutteris
basedon a �lter -streamprogrammingmodel that repre-
sentsoperationsof a data-intensive application as a set
of �lters [7]. Data are exchangedbetween�lters using
streams,which are unidirectionalpipes. Streamsdeliver
datafrom producer�lters to consumer�lters in user-de�ned
datachunks(databuffers). To achieve distributedcomput-
ing, operationaltasksaredividedamonga seriesof �lters.
Each�lter canbeexecutedonaseparateprocessor/machine
in the environment,or �lters canbe co-located.When�l-
tersareexecutedon separateprocessors,dataexchangeis
doneusingTCP/IPsockets.When�lters areco-located,the

runtimesystemtransfersa databuffer from a producer�l-
ter to a consumer�lter by copying the pointer to the data
buffer. Consumerandproducer�lters canrun concurrently
andprocessdatachunksin apipelinedfashion.

Filtersmaybereplicatedandplacedon differentnodes.
Eachreplicated�lter canprocessdataindependentof the
other identical �lters. Dataparallelismcanbe madepos-
sible by distributing databuffers amongreplicated�lters
on-the-�y. Partitioning datainto datachunkscan help to
achieve loadbalanceandreducethememoryrequirements
of thenodes.Eitherexplicit or transparentcopiesof a �lter
canbeinstantiatedandexecuted.If thecopiesof a �lter are
transparent, theDataCutterschedulercontrolswhichof the
identical�lter copiesreceivesa databuffer. The DataCut-
ter schedulercanscheduledatabuffers to transparent�lter
copiesin either roundrobin or demanddriven sequences.
In a roundrobin distribution, theschedulerassignsdatato
eachtransparent�lter in turn. Thus,eachtransparent�lter
receivesroughly the sameamountof datato process.In a
demanddriven schedulingof databuffers, the DataCutter
schedulerassignsthedistribution basedon thebuffer con-
sumptionrateof the transparent�lter copies. The goal of
the demanddriven approachis to senddatato the trans-
parent�lter copiesthat canprocessthemthe fastest. Ex-
plicit �lters are usedto give the usercontrol over which
consumer�lter receiveswhich datachunkfrom a producer
�lter . Explicit �lters areusefulin situationswhereassign-
mentof datachunksto �lter copiesin auser-de�ned way is
requiredor canimproveperformance.

4.2 Data Distrib ution Among StorageNodes

In MRI studies,a 4D imagedatasetcan be composed
of a seriesof 3D volumes. A 3D volume is madeup of
a numberof imageslices,eachof which is usually small
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to mediumsize(i.e., �����

� to �����
�

� pixels). However, the
3D volume can consistof many imageslices(e.g., 1024
slices)andimageacquisitioncanbeperformedovera large
numberof time steps.Thus,it is possiblethata 4D dataset
may not �t on a single storagenodeand needto be dis-
tributedacrossmultiple nodes.In addition,distributing the
input datasetacrossmultiple storagenodeshasthe advan-
tagethat dataretrieval can be parallelized. A numberof
techniqueshavebeendevelopedfor partitioninganddeclus-
tering multi-dimensionaldatasets[15, 16, 31, 33]. Obvi-
ously, theeffectivenessof a particulardistribution depends
on how well it matchesthecommondataaccessandquery
patternsof the target applicationclass. In MRI studies,
commonanalysisqueriesspecify entire3D volumesover
a rangeof time steps. In our currentimplementation,2D
imageslicesthatmake a 3D volumeat a time steparedis-
tributedacrossstoragenodesin roundrobin fashion.Each
2D imageis assignedto a single storagenodeandstored
on disk in a separate�le. A simpleindex �le is createdon
eachstoragenodefor the imagesassignedto that storage
node.In this index �le, eachimage�le is associatedwith a

�����	��

���

�

	���������������� �

tuple.
���������������

denotesthe time step
theimageslicebelongsto and

���	��

���

� is thenumberof the
imageslicewithin the3D volume.

4.3 Filters

We have developedthreesetsof �lters to carry out the
four stagesof Haralicktextureanalysisoperations(seeFig-
ure 3). These�lter setscanbe connectedto form an end-
to-endHaralicktextureanalysischain.For a moredetailed
explanationof the�lter setsdevelopedandtheir implemen-
tation,pleaserefer to the thesisby Woods[40]. The �lter
schemealsoprovidessupportfor incrementaldevelopment.
For instancethe �lter developedto readin raw DCE-MRI
datamaybeeasilyreplacedby a �lter which readsDICOM
formatimages.

In our current implementationwe do not provide a
graphicaluser interfacefor compositionof various�lters
into �lter groups,sinceour focus hasbeenon evaluating
different strategies for parallel and distributed execution.
The �lters areimplementedin C++ usingthe baseclasses
provided by the DataCutterframework and the �lter net-
work is expressedasanXML document[21]. An extension
to our currentimplementationwould be to investigatethe
useof graphicaltools, suchasSCIRun[37] andAVS [3],
which provide interfaces to composeapplicationsfrom
individual modules,andof higher level languages[8, 20]
as front-end for creatingand composing�lters and �lter
networks.

RFR IIC

Input Filters

HMP

HCC HPC

Texture Analysis Filters

USO

HIC JIW

Output Filters

Figure 3. Three �lter sets to carr y out the main
tasks in a Haralic k texture analysis applica­
tion.

4.3.1 Input Filters

RAWFileReader (RFR)

Thepurposeof theRFR�lter is to readraw imagedata
from disk and sendthem to other �lters for processing.
Multiple RFR �lters canbe executedif the imagedataset
is distributedacrossseveral storagenodes. In this case,a
RFR �lter is placedon eachnodecontainingimagedata.
EachRFR �lter extracts the local dataneededto build a
ROI andsendsthatdatato theinputstitch�lter .

InputImageConstructor (IIC) (Input Stitch)

In order to computea co-occurrencematrix, the com-
pleteRegion-of-Interest(ROI) dataareneeded.If the 4D
imagedatasetis distributedacrossmultiple storagenodes,
thena copy of the RAWFileReader�lter will retrieve and
sendonly the local dataportionsto other �lters. The In-
putImageConstructor(IIC) �lter reconstructsfull ROIs and
distributesthemto the texture analysis�lters. The inputs
to the IIC �lter �lter areportionsof the imagedatafrom
theoutputof differentRFR�lters. TheIIC �lter placesthe
input MRI portionsinto temporarybuffers. After all data
elementsneededto build a completeROI arereceived,the
ROI is put into a sendbuffer. Whenthesendbuffer is full,
thebuffer is sentto thetextureanalysis�lters.

4.3.2 TextureAnalysisFilters

In our implementation, the Haralick texture analysis
algorithmcanbecarriedout in adistributedenvironmentin
variousways. TheHaralick textureanalysisoperationsfor
computingco-occurrencematricesandHaralickparameters
canbecontainedin a single�lter or task-distributedamong
two pipelined�lters. Dividing the operationsamongtwo
�lters createsanotherlevel of task parallelism, but also
introducescommunicationoverheadbetweenthe�lters that
performtheoperations.
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HaralickMatrixPr oducer(HMP)

The HMP �lter carriesout the entire Haralick texture
analysisprocessing. The �lter receives a buffer of ROI
imagedata from the IIC �lter . For eachof the ROIs in
the input buffer, the co-occurrencematrix is calculated
basedon theimagedatawithin theROI. Theco-occurrence
matrix is then usedto generateany Haralick parameters
thathavebeenchosenby theuser.

HaralickCoMatrixCalculator (HCC)

The HCC �lter is responsiblefor calculatingjust the
co-occurrencematrix from theinput data.For eachROI in
the input buffer, a co-occurrencematrix is calculated.The
co-occurrenceinformation is stored in an output buffer.
Whentheoutputbuffer becomesfull or theendof aninput
datamessageis received, the data in the output buffer is
passedto theHaralickParameterCalculator�lter .

HaralickParameterCalculator (HPC)

TheHPC�lter is responsiblefor calculatingtheHaralick
parametersfrom theco-occurrencematricesreceivedfrom
a HCC�lter . All user-selectedHaralickparametersarecal-
culatedfor eachmatrix. Eachparameteris storedin its own
outputbuffer. Whentheoutputbuffersarefull or whenthe
endof inputdatamessageis encountered,thedataelements
storedwithin theoutputbuffersaresentto anoutput�lter .

4.3.3 Output Filters

The usermay chooseto sendthe outputportionsreceived
from textureanalysis�lters directly to disk. Onceon disk,
the datamay be postprocessedfor purposesof computer
aided diagnosis. The user may also chooseto store the
Haralickparameterresultsin a visual way. To accomplish
this, Haralick parameteroutput portions sent from the
textureanalysis�lters arereceivedat anoutputstitch�lter .
This �lter reconstructstheparameteroutputportionsinto a
seriesof 4D datasets.Each4D datasetis the output for a
singleHaralickparameter. Oncereconstructed,the4D out-
putdatasetscanbewrittento diskasaseriesof jpeg images.

UnstitchedOutput (USO)

The USO �lter is responsiblefor writing the Haralick
parameterinformationout to disk. The input to this �lter
is a streamof dataelementsfor a Haralickparameter. The
�lter then writes the parameterdata out to disk. Each
input streamis assigneda unique �le name. A �le is
opened,andtheparametervaluesalongwith corresponding
positionalinformationarestoredto the�le. Postprocessing

applicationscanthenusethe datastoredin these�les for
furthercomputations.

HaralickImageConstructor (HIC)

The HIC �lter is usedto build the Haralick parameter
informationinto images.This �lter receivesinput streams
consistingof Haralick parameterinformation. Eachinput
stream contains a subset of 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 parameterhas beenbuilt. Once the output dataset
is completelyassembled,it is passedto the next �lter for
furtherprocessing.

JPGImageWriter (JIW)

The JIW �lter receivesa streamof datacontainingel-
ementsfor a Haralick parameterthat hasbeenassembled
by position. The input streamalsocontainsthe minimum
andmaximumvaluesfor theHaralickparameterelements.
Using theminimumandmaximumvalues,thedatacanbe
normalized. Thereforeeachvalue is assigneda valuebe-
tweenzeroandone. A zeroresultsin a black pixel, anda
oneresultsin a white pixel. Any intermediateelementsare
assigneda scaledgray value. The �lter thenconvertsthe
4D datainto a seriesof 2D imagesthat arestoredin jpeg
format.

Transparent�lter copiesof theRFR,HMP, HCC, HPC,
andUSO�lters canbeinstantiatedandexecutedin theenvi-
ronment.Figures4 and5 show two possibleinstantiations,
referredto hereasthesplit HCC andHPC �lter implemen-
tation andtheHMP �lter implementation, of the4D Haral-
ick textureanalysisapplication.

4.4 Data Retrieval

As statedearlier, acomplete4D ROI datais necessaryto
build oneco-occurrencematrix. Fig. 6(a) illustrateshow a
2D imagecanbeaccessedby ROIs; thus,eachdatapacket
sentto thetextureanalysis�lters containstheROI neededto
build a co-occurrencematrix. In Fig. 6(a),ROIx andROIy
correspondto thedimensionlengthsof theROI, which are
suppliedby the user. Also in Fig. 6(a) P1, P2,andP3 are
thedatachunkssentto thetextureanalysis�lters. Notethat
most of the chunkscontainoverlappeddata. If the input
data is retrieved by ROIs, the dataelementsin the over-
lappedregions must be retrieved and sent to the texture
analysis�lters multiple times. Therefore,dataretrieval in
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Figure 4. An example instatiation of the split
HCC and HPC �lter implementation. The in­
put data is distrib uted among four stora ge
nodes and ROIs are reconstructed using the
IIC �lter . Texture analysis is perf ormed us­
ing � transparent copies of the HCC �lter
and

�

transparent copies of the HPC �lter
thereb y splitting the texture analysis opera­
tions among two �lter s. The output Haralic k
parameter s are stored to disk.

termsof ROIscreatesthelargestvolumeof communication
betweenthe input �lters andthe textureanalysis�lters. In
orderto reducetheamountof datareadfrom diskandcom-
municatedbetweenRFRandIIC �lters aswell asIIC and
textureanalysis�lters, thedataareretrievedin 4D chunks,
eachof which containsa subsetof ROIs. In Figure6(b) a
2D imageis partitionedinto four datachunkseachwith the
userspeci�ed dimensions


����

���

�

�


����

���

�

. The amount
of overlapbetweentwo chunksin the

�

-directiondepends
on theROI

�

-dimensionlengthaccordingto Eq.1, andthe
amountof overlapbetweentwo adjacentchunksin the

�

-
directiondependsontheROI

�

-dimensionlengthaccording
to Eq.2.
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���

� %0�5476 � <
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���

���

� %0�5476 � <
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Thecurrentimplementationhastwo typesof chunks;an
RFR-to-IICchunkfor dataretrieved from disk andsentto
the IIC �lter anda IIC-to-TEXTUREchunkfor communi-
cationbetweentheIIC andharalicktextureanalysis�lters.
The input imagedatais storedasa setof imagesliceson
disk. A RFR�lter readsa2D subsectionof eachimageslice
andputsit intoabuffer, whichcorrespondsto theI/O chunk.
Whenthebuffer is full, theRFR�lter sendsthebuffer to the
IIC �lter . WhentheIIC �lter receivesbuffersfrom RFR�l-
ters,it copiesandreorganizesthecontentsof thebuffersin a
setof buffers,eachof which is a 4D arrayandcorresponds
to a separateIIC-to-TEXTURE chunk. When a buffer is
full, it is sentto oneof the copiesof the texture analysis

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

�lters (i.e., HMP or HCC �lters). An HMP or HCC �l-
ter thenperformsa rasterscanof thechunk,receivedfrom
the IIC �lter , for ROIs andcomputesco-occurrencematri-
ces.Having two typesof chunksallow betteroptimization
of executiontime for differenttypesof overheads.For ex-
ample,a larger chunksize canbe chosenfor RFR-to-IIC
chunkso that the numberof disk seekoperationsfor data
retrieval canbereduced.With a smallersizefor theIIC-to-
TEXTURE chunk,pipelining betweenthe IIC andtexture
analysis�lters canbeincreased.

4.4.1 Full vsSparseMatrix Representation

The co-occurrencematrix is a
� �

�

���

matrix that relates
the intensitiesof neighboringpixels alonga certaindirec-
tion. The numberof gray levels (

� �

) may be relatively
large, suchas65536(16-bit) intensity levels, or relatively
small, suchas requantized32 (5-bit) levels. Our experi-
mentshave shown that in somecases,matricesgenerated
using a typical 5 � 5 � 5 � 5 ROI and requantized32 levels
canhave on averageas little as 10.7 non-zeroentriesper
matrix (out of � � ��� �
� �����
� entries,about1% of the
matrix). Wenotethatthisaveragetakesinto accountmatrix
symmetry, andthesymmetricentriesareonly storedonce.
Knowing thatmany of theco-occurrencematricesarerela-
tively sparseleadsto thefollowing matrix storageschemes
andoptimizations.

The most obvious method of representing a co-
occurrencematrix in memoryis a 2D arrayof

� �

�

���

el-
ements.In this work, we refer to sucha representationas

7



(a)A 2D imagepartitionedaccordingto ROI.

(b) A 2D imagepartitionedinto four datachunks.

Figure 6. Two data retrie val strategies: re­
trie ving ROIs, retrie ving chunks.

a full matrix storagerepresentation.Without optimization,
all Haralickparametercalculationstreateachelementin the
matrix the same.Therefore,zeroentriesin the matrix are
addedto runningsumsalongwith nonzeroentries.How-
ever, beforeaddinganentryfrom theco-occurrencematrix,
theentrycanbetestedto seeif it is zero.If theentryis zero
valued,thentheentry is simply skipped.By �rst checking
for zerovalues,we areable to reducethe time neededto
processrelatively sparsematrices.In fact,this optimization
allowed us to processa typical MRI datasetin one-fourth
thetime.

Theco-occurrencematrixmayalsobestoredin a sparse
matrix storagerepresentation.Only the non zeroandnon
duplicated(dueto symmetry)entriesarestoredalongwith
positionalinformationin memory. Thepositionalinforma-
tion is neededto mapeachnon zero,nonduplicatedentry
to its positionin theco-occurrencematrix. If a matrix is in

thesparseform, thentheHaralickparametercalculationsdo
not have to checkfor nonzeroentries.Therefore,thema-
trix canbeprocesseddirectly from thesparseform, andno
conversionbackto a co-occurrencearrayis needed.In ad-
dition, the sparsematrix representationcangreatlyreduce
thedatatraf�c leaving theHCC �lter , if the textureanaly-
sis operationsaresplit betweenthe HCC andHPC �lters.
If thematricesarestoredin sparseform, thenthey arealso
transmittedvia thenetwork in thesparseform.

5 Experimental Results

5.1 Experimental Setup

In the experimentspresentedin this paper, we useda
datasetobtainedfrom a DCE-MRI study. This datasetcon-
sistsof 32 time steps. Eachtime stepis madeup of 32
imagesof 256� 256 pixels each. Eachpixel is 2 bytesin
size1. The region of interest(ROI) was set accordingto
thedimensionlengths5 � 5 � 5 � 5. This ROI sizewascho-
senbecausepreviousstudieson theanalysisof 2D images
showedthatsucha ROI wouldbetypical for anMRI appli-
cation[24]. Thenumberof graylevels,

� �

, usedto requan-
tize the DCE-MRI datasetwasset to 32, becausein most
casesvaluesgreaterthan 32 do not signi�cantly improve
thetextureanalysisresults[24, 30].

Sinceeachimageslice in the input datasetis relatively
small,theRFR-to-IICchunkdimensionlengthsusedin the
experimentsweresetto 256� 256� 6 � 6. In thisway, aRFR
�lter canreadoneimageslicewithout any disk seekoper-
ationsrequiredto retrieve smallerimageregions. TheIIC-
to-TEXTUREchunkdimensionlengthsusedin dataparti-
tioning for distribution to texture analysis�lters were set
to 67 � 67 � 6 � 6 for all tests.Whenwe conductedtestsus-
ing smallerchunks,the overlapbetweenpartitionscreated
a volumeof communicationthatwastoo great.As a result,
theprogramexecutiontimewasunacceptablylarge.Larger
chunk sizesalso producedpoor resultsbecausethe large
dataportionscouldnotbedistributedto thetextureanalysis
�lters fastenough,which left sometexture analysis�lters
in an idle state.Therefore,we chosea chunksizethathad
a tolerableamountof overlapasa resultof partitioningand
alsoproduceda balanceddatadistribution amongthe tex-
ture analysis�lters. The HCC �lters were con�gured to
sendout a packet of co-occurrencematriceswhenever �

���

of a 67 � 67 � 6 � 6 chunkhadbeenprocessed.Anotherpos-
sible packet sizewould be the entirechunk. However, for

1Note that this sampledatasetis small enoughto ®t in memoryof a
processor. Hence,asan optimizationthe datasetcanbe replicatedon all
of the nodesandreadinto memoryasa whole in order to eliminatethe
needfor the IIC ®lter. However, for large datasetsit may not bepossible
to apply this optimization.Hence,in our experimentswe assumethat the
sampledatasetis not replicatedandtoo big to ®t in memory.
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our con�gurationthesesettingsresultin goodpipeliningof
dataacrossdifferentstagesof the �lter group,but do not
causeexcessivecommunicationlatencies.

For all tests, the following Haralick parameterswere
calculated: Angular SecondMoment, Correlation, Sum
of Squares,andInverseDifferenceMoment[19] (seeAp-
pendix). We chosetheseparameterssincethey arefour of
themostcomputation-expensiveparametersthatcanbepro-
ducedfromaco-occurrencematrix. Wechosenotto include
all Haralick parametersbecausea typical DCE-MRI study
would likely not needall parametersin orderto generatea
diagnosis.

5.2 HomogeneousCluster Experiments

For the experimentsdetailedin this section,a homoge-
neousPC clusterwas used. The cluster, referredto here
asPIII , contains24 nodes,eachwith a PentiumIII proces-
sorand512MB of memory. All nodesareconnectedvia a
FastEthernetSwitchcapableof transmittingdataatarateof
100Mbits persecond.

In the�rst setof experiments,we investigatetheimpact
of usingfull matrix representationvs sparsematrix repre-
sentationandtheperformanceof thesplit HCCandHPC�l-
ter implementationandtheHMP �lter implementation(see
Figures4 and5). In theexperiments,the input datasetwas
distributedacross4 I/O nodes.Oneof thenodesin thesys-
temwasusedto run theIIC �lter . OneUSO�lter wasused
for output.Theremainingnodeswereusedto run theHMP
�lters or the HCC andHPC �lters. Figure7(a) shows the
executiontime whenthe numberof nodesfor HMP �lters
is variedfrom 1 to 16. In eachcon�guration,onetranspar-
ent copy of the HMP �lter was placedon one node. As
is seenfrom the �gure, the implementationusing sparse
matrix representationperformsworsethantheimplementa-
tion usingfull matrix representation.WhenHMP �lters are
used,the co-occurrencematrix computationand Haralick
parametercalculationaredonein thesame�lter , andthere
is nocommunicationoverheadbetweenthetwo operations.
Thus,theoverheadintroduceddueto storingandaccessing
co-occurrencematrix in sparserepresentationdegradesthe
performance.On theotherhand,usingsparsematrix repre-
sentationachievesbetterperformancein thesplit HCC and
HPC�lter case,asseenin Figure7(b). This is mainly be-
causeof the fact that with sparserepresentationthe com-
municationoverheadis reducedsigni�cantly. In this exper-
iment,multiple transparentcopiesof HCC andHPC�lters
arecreated,but only one�lter is executedononenode– we
shouldnotethat for theone-nodecon�guration,bothHCC
andHPC�lter copiesareexecutedon thesamenode.The
numberof copiesfor HCC andHPC�lters wasdetermined
basedon their relative processingtimes. We observedthat
theHCC �lter wasabout4 to 5 timesmoreexpensive then

theHPC�lter onaverage.Hence,thenumberof nodesin a
givensetupwaspartitionedsothata 4-to-1ratiowasmain-
tainedbetweenHCC andHPC �lters, whenpossible.For
example,for the16-nodecon�guration,13HCCand3 HPC
�lters wereexecutedin thesystem.

The split HCC andHPC �lter implementationprovides
�e xibility in thatHCC andHPC�lters canbeexecutedon
separatenodesor run on the samenode. The next setof
experimentsexaminestheperformanceimpactof executing
copiesof HCCandHPConthesamenode.WhenHCCand
HPC �lters areplacedon the samenode,the communica-
tion overheadwill be reducedsincebuffers from theHCC
�lter that are deliveredto the local copy of the HPC �l-
terwill incurnocommunicationoverhead(buffer exchange
betweentwo co-located�lters is donevia simple pointer
copy operation).In addition,morecopiesof HCCandHPC
�lters can be executedin the system. However, since a
nodein the clusterusedin theseexperimentshasa single
processor, the CPU hasto multiplex betweenthe two �l-
tersandits power hasto beshared.In Figure8, No Over-
lap denotesthecasein which no two �lters areco-located,
whereascopiesof HCCandHPC�lters areexecutedonthe
samenodein thecaseof Overlap. In theexperiments,the
HMP �lter implementationusedthefull matrix representa-
tion andthesplit HCC andHPC�lter implementationem-
ployed the sparsematrix representationfor co-occurrence
matrices.As is seenin the �gure, Overlapachievesbetter
performancecomparedto the HMP �lter implementation
andtheNo OverlapHCC+HPCimplementation.Although
theprocessingpower is sharedbetweentwo �lters, the re-
ductionin communicationoverheadandmorecopiesof �l-
ters result in betterperformance.We alsoobserve that in
theone-nodecase,thesplit HCCandHPC�lter implemen-
tationperformsbetterthantheHMP �lter implementation.
This resultcanbeattributedto betterpipeliningthatcanbe
achieved by the split implementation;whenHCC or HPC
�lter is waitingfor sendandreceiveoperationsto complete,
theother�lter canbedoingcomputation.

Figure 9 shows the processingtime of each�lter (i.e.,
RFR,IIC, HCC,HPC,andUSO)for thesplitHCCandHPC
�lter implementation. The read(RFR) and write (USO)
overheadsare negligible comparedto the time taken by
other�lters. Weobservethattheexecutiontimeof theHCC
andHPC �lters decreaseasmorenodesareadded. How-
ever, theIIC �lter becomesabottleneck�lter in the16-node
con�gurationandadverselyaffectsthescalabilityof theap-
plicationto largernumberof nodes.In orderto alleviatethis
bottleneck,multiple explicit copiesof the IIC �lter should
beinstantiated.While transparentcopiesof theRFR,HCC,
andHPC �lters can be executedto take advantageof de-
manddriven buffer scheduling,explicit copiesof the IIC
�lter needto becreated.This is becausepiecesof thesame
RFR-to-IIC chunk retrieved by multiple RFR �lters must
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Figure 7. The perf ormance impact of using full matrix representation vs spar se matrix representation.
(a) the HMP �lter implementation. (b) The split HCC and HPC �lter implementation.
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Figure 8. The perf ormance impact of co­
locating HCC and HPC �lter s vs running them
on separate processor s.

beassembledtogetherto form completeIIC-to-TEXTURE
chunksandROIs. We examinedround robin distribution
of RFR-to-IICchunksacrossmultiple copiesof theIIC �l-
ter. Our resultsshowedthatasthenumberof IIC �lters is
increased,the processingtime of eachIIC �lter decreases
almostlinearly, asexpected.

5.3 HeterogeneousEnvir onmentExperiments

In this setof experiments,we investigatedexecutionof
the parallel implementationin a heterogeneousenviron-
ment. In addition to the PIII cluster usedin the homo-
geneousexperiments,two additional clusterswere made
available. The �rst additionalcluster, referredto hereas
XEON, contains� ve nodes.Eachnodeof theXEON clus-
ter hasdual Xeon 2.4GHzprocessorsand 2GB of mem-
ory. The nodeson the XEON clusterare connectedby a
Gigabit Switch. The secondadditionalcluster, referredto
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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.

hereasOPTERON, containssix nodes. Eachnodeof the
OPTERONclusterhasdualOpteron1.4GHzprocessorsand
8GB of memory. Thenodeson theOPTERON clusterare
also connectedby a Gigabit Switch. PIII is connectedto
XEON and OPTERON througha shared100 Mbit/s net-
work. XEON andOPTERON areconnectedto eachother
usingaGigabitnetwork.

Two experimentswereperformedto testtheimplementa-
tionsin a heterogeneousenvironment.The�rst experiment
provides a comparisonof the HMP �lter implementation
andthesplit HCC andHPC�lter implementationusingthe
PIII andXEON clusters.In this experiment,4 RFR�lters,
4 IIC �lters, and2 USO �lters wereexecutedon the PIII
cluster. The texture analysis�lters wereplacedacrossthe
two clusterson a total of 18 nodes(13 nodesfrom thePIII
clusterand5 from theXEON cluster). For theHMP �lter
implementation,onetransparentcopy of HMP �lter wasin-
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Figure 10. Performance comparison of the
HMP �lter implementation and the split HCC
and HPC �lter implementation in a heter oge­
neous envir onment.

stantiatedon eachprocessor. Sincethe XEON clusterhas
10processors(on5 nodes),thetotalnumberof HMP �lters
was23. For thesplit 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 �lter implementation
aimsto achievegoodperformanceby spreadingdataacross
moreHMP �lters, thesplit HPCandHCC implementation
targetsamorebalanceduseof task-anddata-parallelismby
splitting the co-occurrencematrix computationandHaral-
ick parametercalculationoperationsandcreatingmultiple
copiesof individual �lters. However, fewer copiesof each
�lter arecreatedin thesplit HCCandHPC�lter implemen-
tation. As is seenin Figure 10, the split implementation
achievesbetterperformance.First, although10 copiesof
HMP �lter canbecreatedon theXEON cluster, moredata
hasto �o w from thePIII clusterto thisclusteracrossarela-
tivelyslow network to makeoptimaluseof thesecopies.On
the otherhand,the split HCC andHPC �lter implementa-
tion cantakeadvantageof demanddrivenschedulingof co-
occurrencematrix buffersacrossthe�lters within thesame
cluster, oncean IIC-to-TEXTURE chunkis received. Sec-
ond, betterpipelining of computationsand betteroverlap
betweencomputationandcommunicationcanbe achieved
with the split HCC andHPC �lter implementation.Espe-
cially on theXEON clusterwheretheHCCandHPC�lters
areco-locatedon the samenode,but run on separatepro-
cessors.

In the secondheterogeneousenvironmentexperiment,
the XEON andOPTERON clusterswereusedto compare
roundrobin anddemanddrivenbuffer schedulingpolicies.
FourRFR�lters, 1 IIC �lter , 2 HPC�lters, and1 USO�lter
wereexecutedonseparatenodeson theOPTERON cluster.
BecausetheHCC �lter is themostcomputation-expensive
�lter , theHCC �lters wereusedto evaluatetheroundrobin
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Figure 11. Performance comparison of the
round robin and demand driven buff er
scheduling policies.

anddemanddriven schedulingpolicies. Four HCC �lters
wereplacedon the XEON nodesand4 HCC �lters were
placedon the OPTERON nodes. In this �lter layout no
more than one �lter is assignedto any processor. When
using the round robin mechanism,the DataCuttersched-
ulerassuresthatall transparent�lter copiesreceiveapproxi-
matelythesamenumberof databuffers.Thedemanddriven
mechanismallows theDataCutterschedulerto assignsdata
buffers to the transparentcopy that will likely processthe
datathefastest.As shown in Figure11, thedemanddriven
methodperformsbetterthantheroundrobinmethod.Filter
placementalsobecomesimportantwhenusingthedemand
drivenwrite policy. BecausetheOPTERON HCC�lters re-
ceivemoredatapacketsin demanddrivenscheduling,there
is lesscommunicationoverheadbecausetheHPC�lters are
alsoplacedon the OPTERON nodes. In this experiment,
theroundrobinschedulingmethodcausestheXEON HCC
�lters to receive moredatapackets; therefore,moreHCC-
HPCcommunicationoverheadexistscomparedwith thede-
manddrivenmethod.

Thesetwoexperimentsshow thatfactorssuchasnetwork
bandwidthplay an important role in choosingthe imple-
mentationto use,�lter layout,andsizesof buffersusedfor
transferringdatabetweentwo �lters. For example,if net-
work latency is high andbandwidthis low, communication
overheadincurredby transmittingsmall buffers can out-
weighthegainfrom morepipelining. In sucha case,larger
buffersmight achieve betterperformanceresults.Also, �l-
tersthat exchangelarge volumesof datacanbe colocated
to minimizecommunicationvolume. We planto carryout
a more extensive investigationof the impact of architec-
tureparameterson thechoiceof implementationin a future
work.
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6 Conclusions

Haralick texture analysis is a computation intensive
application that involves repeatedco-occurrencematrix
generationandrepeatedcomputationson 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
suf�cient to managelargedatasets.Wedevelopedaparallel
4D Haralick texture analysis implementationto address
thesechallenges. Our implementationdemonstrateshow
operationsof thetextureanalysisprogrammaybedata-and
task-distributed to allow parallel and pipelinedoperation.
Wehaveevaluateddifferentimplementationsandoptimiza-
tionsonclusterof PCs.Ourresultsshow thatthesplit HCC
andHPC�lter implementationachievesgoodperformance
whensparsematrix representationis employed.Theresults
alsoshow that in a heterogeneouscomputingenvironment,
the split HCC and HPC �lter representationprovides
greater�e xibility andimprovedpipeliningcomparedto the
HMP implementation.
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Appendix

The Co­occurrenceMatrix

The co-occurrencematrix measuresthe numberof oc-
currencesin which two neighboringpixels, onewith gray
level � � andthe otherwith gray level ��� , occura distance

� away andalonga certaindirection. Therefore,a neigh-
boring pixel is de�ned by a distanceanda directionfrom
anotherpixel. In our implementationno interpolationwas
used; therefore,distancerefersto the numberof discrete
pixelsthatarebetweentwo neighboringpixels. For exam-
ple, pixels that neighborat the corner, asin the 45 degree
case,arestill consideredto be oneunit of distanceapart.
Givena pixel with gray level �

� , theco-occurrencematrix
canbeusedto determinetheprobabilitythata neighboring
pixel a certaindistanceaway andalonga certaindirection
hasa gray level � � . For a simple2D case,the directions
canbe broken down accordingto an angle,

�

, from pixel
�

� . For 2D, theseanglesare0, 45,90,and135degrees(see
Figure12). Theco-occurrencematrix, p(

�

,� , � ,
�

), for 0 and
135degreescanbede�ned asfollows.
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where # denotesthe number of elementsin the set,
6(�

�
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is the gray-tonevalue at pixel
�

�

	�� �

, and
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is thegray-tonevalueatpixel
�	�-	

�

�

[19].
Original work on texture analysiswas only concerned

with applying texture analysisto 2-D images. As a re-
sult only four uniquedirectionsneedto be consideredfor
two dimensions,andthedirectionswerede�ned asangles,
suchas0, 45, 90, and135 degrees.As the dimensionin-
creases,thenumberof total directionsalsoincreases.In a
3-Ddataset,13uniquedirectionsexist,andfor a4-Ddataset
40uniquedirectionsexist.

The Haralick parameter functions usedin the Ex­
periments.

Angular SecondMoment

The �rst Haralick texture parameterused in our experi-
mentsis angularsecondmoment. The momentsof a ran-
domvariablehelpquantify thedistribution of valuesin the
co-occurrencematrix. Givenanimage,angularsecondmo-
mentcanbe usedto measurethe amountof homogeneity
in the image.Eq.5 describestheformulausedto calculate
angularsecondmoment.
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Corr elation

The secondparameter, correlation,measuresthe relation-
ship betweentwo variablesusingthe covariancevaluesof
the two randomvariables. A high correlationvalue indi-
catesthat thepixels in an imagehave similar tonalvalues.
Correlationis calculatedaccordingto Eq.6.
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Sumof Squares

Sumof squares,orvariance,is importantin thestudyof sec-
ondorderstatistics.Thesumof squares,which is alsothe
sameassecondcentralmoment,measuresthespreadof the
distribution of the two randomvariables.Eq. 7 calculates
thesumof squares.
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InverseDiffer enceMoment

Inversedifferencemomentalsorelatesto thestudyof sec-
ond order statistics. In the calculationof this parameter,
eachvaluein theco-occurrencematrixisweightedinversely
by thechangein graylevelsbetweenpixels.Theinversedif-
ferencemomentis describedby Eq. 8. Note: oneis added
to thedenominatorto avoid dividing by zero.

���

�

�
�

�

�

�

�&���

�
�

�

�

�

�����

�

�	� 	

�

�

�

< �	� %

�

�

�

(8)

15


