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Abstract

In this paper, we presentour preliminary studyon using
transformation-basedtechniquesfor performinggranulom-
etry analysis. We examinespecificallythe problemof the
particlesizeanalysisin oil sandimages.In contrastto con-
ventional methodsof size analysis,we avoid the difficult
stepof image segmentationand derive information about
the sizedistribution of the particles in the images direct-
ly by thetransformationtechniquesof Fourier analysisand
scale-spacedecomposition.We havetestedour techniques
onbothsimulatedartificial dataandreal videoimages,and
demonstratedthefeasibilityof theproposedapproaches.

1 Intr oduction

In this paper, we presenttwo techniquesfor performingim-
agegranulometry, the problemof determiningthe particle
sizesin an image. We specificallyfocuson the analysisof
video streamsof oil sandson a conveyor belt (Figure 1),
and the computationof statisticalsize distributions of the
oil sandlumps. This work hasa direct applicationin oil
sandmining,by providing knowledgeto field operatorsand
allowing them to evaluateand optimize oil sandhandling
equipments.

Althoughtraditionalsizeanalysistechniquesexist, such
asmechanicalsieving, centrifugation,andsedimentation,it
is highly desirableto usea systembasedon computervi-
sion to obtain oil sandsize information as it doesnot in-
terferewith or disrupt the production,andallows analysis
of a largenumberof samples,thanksto the relatively high
speedof imageprocessing.In addition,avision-basedtech-
niqueis not invasive, preservingtheshapepropertiesof oil
sandlumpsto be analyzed.Toward this end,a major col-
laborative researchinitiative hasbeenin placebetweenthe
Universityof AlbertaandSyncrudeResearch(Canada),the
world’s largestoil producerfrom oil sand,anda key player
in a majorindustryin theprovinceof Alberta.

Thereis no known literatureon oil sandgranulometry
using computervision, except for systemsdevelopedfor
the hard rock industry for analyzingfragmentedrocks af-

Figure1: Oilsandmaterialona conveyor belt.

ter blasting[6]. Hard rocks,fortunately, have well-defined
edgesandtheir imagescanbesegmentedeasilyusingedge-
basedtechniques.In the caseof oil sandimages,however,
edge-basedmethodsfail dueto the rich texture of oil sand
lumps,andlack of edgeinformation. In addition,sinceoil
sandmining is a 24-hour, outdooroperation,varying light-
ing andweatherconditionsplay a significantrole in theap-
pearanceof oil sand. A size analysissystemfor oil sand
basedon segmentationmustresolve a numberof technical
challengesthatareknown to bedifficult to computervision.

In our previous research,we developeda techniquefor
oil sandanalysisbasedon mathematicalmorphology[2].
We observedthatlargeoil sandlumpsappearto bebrighter
thanthe fines(small particles)that surrounda large lump.
This observation led to a morphologicalsegmentational-
gorithm to delineateindividual objectsin an oil sandim-
age.Therearehoweverseveralproblemswith morphologi-
cal segmentation,asshown in Figure2. Frequently, for ex-
ample,smallanddarkobjectscannotbeproperlysegment-
ed,andtheareasof thesegmentedobjectsareoftenunderes-
timated.Thelatteris causedby classifyingdarkerpixelson
theperimeterof a lumpasnotbeingpartof thelump. Other
problemsincludefalsedetectionof two objectswithin one,
andclassificationof a collectionof morethanoneobjectas



oneentity (Figure2).

(a) (b)

Figure2: (a) Anoil sandimage; (b) Morphological segmen-
tationof (a).

In this paper, we presentour studieson using non-
segmentationtechniquesfor granulometryanalysis.We ex-
aminetwo transformation-basedapproaches,namely, Fouri-
er analysisand scale-spacedecomposition,as alternatives
that computesizedistribution directly without the difficult
stepof imagesegmentation. The rest of the paperis or-
ganizedasfollows. In the next section,we definethe two
transformation-basedapproachesandexplain how they can
be appliedto oil sandgranulometry. In Section3, we will
presentexperimentalresultson bothsimulatedandreal im-
ages,and in the last section,we will make concludingre-
marksandoutlinefuturework.

2 Transformation-BasedGranulome-
try Analysis

The first techniquewe have examinedis Fourier analysis,
which decomposesa signalinto its frequency components.
In the context of granulometry, generallythe presenceof
large objectsyield strongerresponsesin low frequencies,
and weaker responsesin high frequencies. Imagesdom-
inatedwith small objectsshouldproduceoppositeresult.
The secondtechniquewe have investigatedis scale-space
decomposition,which separatesan imageinto information
contentsat differentscales.As thescaleis shiftedfrom one
to another, objectsof differentsizesemerge anddisappear
visually, and this phenomenoncan be capturedusing the
Kullbackcontrastoperator.

Sinceartificial datais both easierto analyze(dueto its
regularityandlow noisecontent),andcanbebuilt to observe
a givensizedistribution,we useartificial datain additionto
real datain the experiments. Artificial datacomesin the
form of intensityanddepthprofile images.Theformersim-
ulatesdataobtainedwith a vision system,while the lattera
laserrangefinder. As in thecaseof morphologicalsegmen-
tation[2], localhistogramequalizationis alsoappliedto real
images.This is to minimizetheeffectof objectintensityon
theanalysisresults.Thetwo transformationmethodswill be
testedusingbothrealandartificial data.

2.1 Fourier Power SpectrumAnalysis

The2-D Fouriertransformis givenby [3]:���������
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Using the real and imaginarycomponents,the Fourier
powerspectrumis computedasfollows::����6���7	��;3=<>�������
	�'�9><>�������
	

Next, the 2-D power spectrumis convertedinto a 1-D
spectrumby performingradialsumonthe2-D spectrumda-
ta, for descretevaluesof ? :@BADC�EGFIH>JKH%LNMPO ADQ
RTSUE if
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representsthe location of the centerof the
2-D spectrum.An exampleoutputof suchcomputationis
shown in Figure4, whenthe Fourier analysisis appliedto
theimagein Figure3.

(a) (b)

Figure3: (a) An oil sandimage; (b) local histogramequal-
izationof (a).

For purposesof objectsizedistribution,wavelengthdis-
tribution is usedas opposedto frequency spectrum. The
wavelengthdistribution is obtainedin thefollowing way, for
descretevaluesof g :h AjiVE+FkH J H LNM O ADQ
R�SUE if
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where ?}|�~�� is the maximumradius(i.e. distancebetween
the center

���&�2������	
and the edgeof the 2-D Fourier power

spectrum).
Quantizationof wavelengthdistributions into distribu-

tion histogramslots introducesan aliasingeffect. In order
to avoid this effect,cumulativewavelengthdistributionsare
usedinstead.Thelatteris moreconvenientin modellingin-
dustrialsieving filters,andthusof greaterinterestin particle



(a)
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Figure4: (a) Anenhancedimageof Fourier powerspectrum
of theimagefromFigure3 (b); (b) radial sumof theFourier
powerspectrumdata; (c) a subgraphof (b), showingmore
relevantfeatures.

sizeanalysis.Thecumulativewavelengthdistribution is re-
cursively definedas,for discretevaluesof
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Figure5 illustrateswavelengthdistribution computedfrom
thedatain Figure4.

(a) (b)

Figure5: (a) Wavelengthdistribution of data in Figure 4;
(b) cumulativewavelengthdistribution of datain Figure4.

2.2 Scale-SpaceDecomposition

Thesecondtechniquewehaveusedto analyzeoil sanddata
is scale-spacedecomposition.Figure6 illustratesanexam-
ple of scale-spaceexpansion.Thescale-spaceexpansionis
achieved by reducingthe resolutionof the original image,
not by decreasingimagedimensions,but ratherby convolv-
ing animagewith a low-passfilter [4]. A veryefficientway
to implementtheconvolution is to performtheoperationin
1-D insteadof 2-D. First, the1-D convolutionwith a Gaus-
sianfilter is appliedto thecolumnsof the image. Next the
sameoperationis appliedto therowsof theresultantimage,
achieving thedesired2-D effect.

Figure6: A locally equalizedoil sandimage(fromFigure3)
representedin scalesrangingfrom1 to 128.

The 1-D convolution canbe performedvery efficiently
by a box averagingfilter, such as the one shown in Fig-
ure7 [4]. An approximationof a Gaussianfilter is obtained
via severalconvolutionsof the box with itself. Figure8 il-
lustratesthatasfew astwo convolutionsyield a reasonable
approximation.The box filter is normalized,resultingin a
Gaussianfilter that is normalizedaswell. Dif ferentresolu-
tions of the scale-spaceexpansionareobtainedby varying
the sizeof the box filter, which in turn affectsthe standard
deviationof theGaussianfilter.

Figure7: An exampleof a box averaging filter of sizen s-
liding right. In this case, theshifting is achievedby remov-
ing component0 (left-mostcomponentof theaverage),and
addingcomponentn (thenew valueimmediatelyto theright
of thebox).

Information differencebetweenvarious scalesof the
scale-spaceexpansionis measuredusingtheKullbackcon-
trastoperator:



Figure8: Successiveiterationsof 1-D convolutionof a box
function.
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aretheintensityinput imagesof consecutivescales

to be compared(seeFigure6). Imagesarecomparedon a
pixel-by-pixelbasis,iteratingoverpixel x. Eachsuchimage
is treatedasaprobabilitydistribution,andthusmustfirst be
normalized.

Applicationof thisoperatorto variousscalescanbeseen
in Figure9, for thescale-spaceexpansionin Figure6. Kull-
backcontrastresponse(Figure10)is calculatedby summing
upall thevaluesof K[Q, P],andit representsthedistribution
of objectsthatappearatdifferentsizes.

Figure9: Kullback contrast responsefor consecutivepairs
of scale-spaceimagesfromFigure6.

The scale-spacedecompositionused in [4] and [5]
forcesthe cut-off frequency of the low-passfilter to vary
asintegerpowersof 2. Although,suchformulationprovides
only a few samplingpoints, it simplifiesthe encapsulation
of informationchangebetweenconsecutivescales.Wehave
adoptedthesameconventionin our experiments.

(a) (b)

Figure10: (a) Kullback contrastresponseof datafromFig-
ure6; (b) cumulativeversionof (a).

3 Experimentsand Results

In this section,we describethe evaluationof the two pro-
posedmethodson granulometryanalysis. The processof
producingartificial datais presentedfirst, followed by the
evaluationresultson bothartificial andrealimages.

3.1 Artificial ImageGeneration

Artificial datamodelsaregeneratedusingSIAMS S3D3D
Virtual Constructor c

�
2001 [1]. S3D is usedto generate

datausingGaussiandistribution of sphereradii givena de-
siredmeanradiusandstandarddeviation (STD). The soft-
waremakessurethatno spheresoverlapeachotherandthat
the whole structureis staticallybalanced.The datamodel
canthenbe usedto generateintensityor depthprofile im-
ages(suchas the onesshown in Figure 11), to serve asa
groundtruth for evaluationpurposes.

(a) (b)

Figure11: (a) An intensityimage of an artificial data set.
Thisparticular modelis generatedusinga Gaussiandistri-
butionof sphereradii with meanradiusof 22.5andradiuss-
tandard deviationof 10.5.(b) A correspondingdepthprofile
imageof thedatashownin (a). In thisimagethedepthis lin-
earlymappedto pixel intensities,wherewhiterepresentsthe
minimumdepth,andblack representsthemaximumdepth.

Tenartificial datamodelsweregeneratedin our experi-
ments.In thefirst five, themeanradiusis varied,while the
STD is kept constant. In the last five, the meanradiusis
keptconstant,but STDis varied.Figure11showstheinten-



sity anddepthimagesfor artificial dataset10. For eachof
the 10 datamodels,two experimentswereperformed,one
on theartificial intensityimage,andtheotheron thecorre-
spondingdepthimage. For eachexperiment,both a scale-
spacedecompositionanda Fourier power spectrumgraphs
areprovided. In addition,for comparisonpurposes,a cor-
respondinggraphof actualdistribution is provided as the
baseline.

3.2 Resultson Artificial Images

Figure12 andFigure13 show typical resultsof theevalua-
tion of thetwo transformation-basedtechniquesonartificial
data. Eachfigure shows the sizedistribution (left column)
andits cumulative integration(right column),for the base-
line (first row), Fourier analysis(middle row), and scale-
spacedecomposition(bottomrow). Figure12 shows there-
sultcorrespondingto intensityimage,andFigure13todepth
image.

Thereis generallygoodagreementbetweenresultsfrom
thebaselineandtheFourieranalysis.Theresultfrom scale-
spacedecompositionfollows a similar trend,especiallyin
thecumulativedistribution,althoughit is lesssimilar to the
baselinethan Fourier analysis. This is due in part to the
coarsenatureof scale-spaceanalysis,which forcestheclas-
sificationof particlesinto seven sizesonly that are integer
powers of 2 between0 and 128. Another reasonfor this
differenceis that theartificial datacontainno fines,where-
as the Fourier analysisandscale-spacedecompositionare
designedto assumethe presenceof fines. In general,it is
obvious that the both proposedapproachesarefeasiblefor
granulometryanalysis.

3.3 RealData

For realdata,sevenimagesof oil sandswerechosen,with a
varyingdistributionof objectsizes.For eachimage,two ex-
perimentswereperformed,oneon theoriginal input image,
andoneon a histogram-equalizedversionof the input im-
age.For eachexperiment,bothascale-spacedecomposition
anda Fourier power spectrumgraphsareprovided. Since
no informationaboutthe actualdistribution of objectsizes
is available,theresultof morphologicalsegmentation[2] is
usedfor comparisonpurposesasthebaseline.

Figure3 showstheoriginalandhistogramequalizedim-
agesfor realdataset3, which is describedhereasanexam-
ple,andtheexperimentalresultscorrespondingto theequal-
ized image(Figure3(b)) aregraphedin Figure14. Similar
to theartificial datacase,theleft columnof Figure14shows
thesizedistributions,andtheright columnshowsthecorre-
spondingcumulative integrations.Thethreepairsof figures
representthe baselinefrom morphologyanalysis,Fourier
analysis,andscale-spacedecomposition,respectively. Note

Figure12: Experimentalresultscorrespondingto theinten-
sitydataof Figure11(a).

that the smoothnessof the size distribution in scale-space
decompositionis onceagainmostlydueto thescalesbeing
necessarilyintegerpowersof 2. In all cases,theresultsare
alsoquitesatisfactory, with respectto thechosenbaseline.

4 Conclusionsand Futur eWork

Wehavepresentedin thispaperourpreliminarystudyof two
transformationbasedtechniquesfor granulometryanalysis
of oil sandmaterials.Themainadvantageof thetechniques
is thatthey avoid thedifficult stepof imagesegmentationin
deriving a particlesizedistribution of animage.Theresults
areonly qualitative, sincethey do not yield direct informa-
tion aboutobjectsizes.Experimentsbasedon bothsimulat-
eddataandrealdatahaveestablishedthegeneralfeasibility
of thetwo proposedapproaches.

Futurework will include further refinementof the two
transformation-basedalgorithms,to model more accurate-
ly fine particles,which werefoundto bedifficult to handle.



Figure13: Experimentalresultscorrespondingto thedepth
dataof Figure11(b).

We will alsoexplorealternative formulationsof scale-space
decompositionto producea sizedistributionof higherreso-
lution. Additionally, we will investigatederivationof quan-
titative informationaboutobjectsizesfrom transformation
basedtechniques.As well, we will attemptto establishac-
curatebaselinesfor real imagesin order to evaluategran-
ulometryalgorithmsobjectively. Finally, we will examine
other transformationtechniquessuchaswavelet transform
for their feasibility in granulometryanalysis.
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