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Abstract

In this paper we presentour preliminary studyon using
transformation-basetechniquesfor performinggranulom-
etry analysis. We examinespecificallythe problemof the
particle sizeanalysisin oil sandimages.In contrastto con-
ventional methodsof size analysis, we avoid the difficult
step of image seggmentationand derive information about
the sizedistribution of the particlesin the images direct-
ly by thetransformationtechniquesof Fourier analysisand
scale-space&lecomposition We havetestedour techniques
on bothsimulatedartificial dataandreal videoimages,and
demonstatedthefeasibility of the proposedappmades.

1 Intr oduction

In this paper we presentwo techniquedor performingim-
agegranulometry the problemof determiningthe particle
sizesin animage. We specificallyfocuson the analysisof
video streamsof oil sandson a corveyor 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 themto evaluateand optimize oil sandhandling
equipments.

Althoughtraditionalsizeanalysistechniquesxist, such
asmechanicakieving, centrifugation andsedimentationit
is highly desirableto usea systembasedon computervi-
sion to obtain oil sandsize informationasit doesnot in-
terferewith or disruptthe production,and allows analysis
of a large numberof samplesthanksto the relatively high
speedf imageprocessingln addition,a vision-basedech-
nigueis not invasive, preservinghe shapepropertiesof oil
sandlumpsto be analyzed. Toward this end, a major col-
laborative researchnitiative hasbeenin placebetweerthe
University of AlbertaandSyncrudeResearct{Canada)the
world’s largestoil producerfrom oil sand,andakey player
in amajorindustryin the provinceof Alberta.

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

Figurel: Oilsandmaterialon a corveyor belt.

ter blasting[6]. Hard rocks, fortunately have well-defined
edgesandtheirimagescanbe sgmenteckasilyusingedge-
basedechniques.In the caseof oil sandimages,however,
edge-basedhethodsfail dueto therich texture of oil sand
lumps,andlack of edgeinformation. In addition, sinceoil
sandmining is a 24-hour outdooroperationvarying light-
ing andweatherconditionsplay a significantrole in the ap-
pearanceof oil sand. A size analysissystemfor oil sand
basedon sgmentationmustresohe a numberof technical
challengeshatareknown to bedifficult to computevision.
In our previous researchye developeda techniquefor
oil sandanalysisbasedon mathematicaimorphology|[2].
We obsenedthatlarge oil sandlumpsappeato bebrighter
thanthe fines (small particles)that surrounda large lump.
This obsenation led to a morphologicalsggmentational-
gorithm to delineateindividual objectsin an oil sandim-
age. Therearehowever several problemswith morphologi-
cal sgmentationasshavn in Figure2. Frequentlyfor ex-
ample,smallanddark objectscannotbe properlysegment-
ed,andtheareasf thesggmentedbjectsareoftenunderes-
timated.Thelatteris causedy classifyingdarker pixelson
the perimetenf alump asnotbeingpartof thelump. Other
problemsincludefalsedetectionof two objectswithin one,
andclassificatiorof a collectionof morethanoneobjectas



oneentity (Figure2).

Figure2: (a) Anoil sandimage; (b) Morphological sgmen-
tation of (a).

In this paper we presentour studieson using non-
segmentatiortechniquedor granulometryanalysis.We ex-
aminetwo transformation-baseabproachesiamely Fouri-
er analysisand scale-spac@&lecompositionas alternatves
that computesize distribution directly without the difficult
stepof image sggmentation. The rest of the paperis or-
ganizedasfollows. In the next section,we definethe two
transformation-baseagpproacheandexplain how they can
be appliedto oil sandgranulometry In Section3, we will
presenexperimentalkresultson both simulatedandrealim-
ages,andin the last section,we will make concludingre-
marksandoutlinefuturework.

2 Transformation-BasedGranulome-
try Analysis

The first techniquewe have examinedis Fourier analysis,
which decomposea signalinto its frequeny components.
In the context of granulometry generallythe presenceof
large objectsyield strongerresponsesn low frequencies,
and wealer responsesn high frequencies. Imagesdom-
inated with small objectsshould produceoppositeresult.
The secondtechniquewe have investigateds scale-space
decompositionwhich separatesinimageinto information
contentsat differentscales As the scaleis shiftedfrom one
to anothey objectsof differentsizesemepge anddisappear
visually, and this phenomenorcan be capturedusing the
Kullbackcontrastoperator

Sinceartificial datais both easierto analyze(dueto its
regularity andlow noisecontent) andcanbebuilt to obsene
agivensizedistribution, we useartificial datain additionto
real datain the experiments. Artificial datacomesin the
form of intensityanddepthprofileimages.Theformersim-
ulatesdataobtainedwith a vision systemwhile thelattera
laserrangefinder. As in the caseof morphologicasegmen-
tation[2], local histogramequalizatioris alsoappliedto real
images.Thisis to minimizethe effect of objectintensityon
theanalysigesults.Thetwo transformatiommethodswill be
testedusingbothrealandartificial data.

2.1 Fourier Power Spectrum Analysis

The2-D Fouriertransformis givenby [3]:
F(u,v) = // f(z,y) exp [-27 (uz + vy)V —1]dzdy
andit yieldsa complex functionof theform:

F(u,v) = R(u,v) + I(u,v)v/—1

Using the real and imaginary componentsthe Fourier
power spectrums computedasfollows:

P(u,v) = R*(u,v) + I*(u,v)

Next, the 2-D power spectrumis corvertedinto a 1-D
spectrunby performingradialsumonthe2-D spectrunda-
ta, for descretevaluesof r:

Sr) = ZZ{ Pw) e = Ly/o — o7+ (o 0]

otherwise

where (u,,v,) representshe location of the centerof the
2-D spectrum. An exampleoutputof suchcomputationis
shawvn in Figure4, whenthe Fourier analysisis appliedto
theimagein Figure3.

(b) §

Figure3: (a) Anoil sandimage; (b) local histagramequal-
izationof (a).

For purposef objectsizedistribution, wavelengthdis-
tribution is usedas opposedto frequeny spectrum. The
wavelengthdistributionis obtainedn thefollowing way, for
descretevaluesof w:

wen =Y 3

wherer,,q. is the maximumradius(i.e. distancebetween
the center(ug, vg) andthe edgeof the 2-D Fourier power
spectrum).

Quantizationof wavelengthdistributions into distribu-
tion histogramslotsintroducesan aliasingeffect. In order
to avoid this effect, cumulatve wavelengthdistributionsare
usedinstead.Thelatteris morecorvenientin modellingin-
dustrialsieving filters, andthusof greatelinterestin particle
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Figure4: (a) Anenhancedmage of Fourier powerspectrum
of theimage fromFigure 3 (b); (b) radial sumof the Fourier

powerspectrumdata; (c) a subgeaph of (b), showingmore

relevantfeatuies.

sizeanalysis.The cumulatve wavelengthdistribution is re-
cursiely definedas,for discretevaluesof z:

C(1) =W(Q1),0®) = C(z — 1) + W(z)

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

2.2 Scale-Spacé®ecomposition

Thesecondechniquewne have usedto analyzeoil sanddata
is scale-spacdecomposition Figure6 illustratesan exam-
ple of scale-spacexpansion.The scale-spacexpansionis

achieved by reducingthe resolutionof the original image,
notby decreasingmagedimensionsbut ratherby convolv-

ing animagewith alow-pasdilter [4]. A very efficientway
to implementthe convolution is to performthe operationin

1-D insteadof 2-D. First, the 1-D corvolution with a Gaus-
sianfilter is appliedto the columnsof theimage. Next the
sameoperationis appliedto therows of theresultanimage,
achieving the desired2-D effect.

Figure6: Alocally equalizedbil sandimage (fromFigure 3)
representedn scalesrangingfrom1 to 128.

The 1-D corvolution canbe performedvery efficiently
by a box averagingfilter, such as the one shavn in Fig-
ure? [4]. An approximatiorof a Gaussiaffilter is obtained
via several corvolutionsof the box with itself. Figure8 il-
lustrateshatasfew astwo cornvolutionsyield a reasonable
approximation.The box filter is normalized,resultingin a
Gaussiarfilter thatis normalizedaswell. Differentresolu-
tions of the scale-spacexpansionare obtainedby varying
the size of the box filter, which in turn affectsthe standard
deviation of the Gaussiarilter.

Figure7: An exampleof a box averaging filter of sizen s-
liding right. In this case the shifting is achievedby remor-
ing componend (left-mostcomponentf the average), and
addingcomponent (thenew valueimmediatelyto theright
of thebox).

Information difference betweenvarious scalesof the
scale-spacexpansionis measuredisingthe Kullback con-
trastoperator:



Figure8: Successivéerationsof 1-D cornvolutionof a box
function.

andP aretheintensityinputimagesof consecutie scales
to be comparedseeFigure6). Imagesare comparedon a
pixel-by-pixel basis iteratingover pixel x. Eachsuchimage
is treatedasa probability distribution, andthusmustfirst be
normalized.

Applicationof this operatoito variousscalesanbeseen
in Figure9, for the scale-spacexpansionin Figure6. Kull-
backcontrastesponséFigure10)is calculatecdby summing
upall thevaluesof K[Q, P], andit representthedistribution
of objectsthatappeaiat differentsizes.

Figure9: Kullback contrastresponsdor consecutivepairs
of scale-spacémagesfromFigure 6.

The scale-spacalecompositionusedin [4] and [5]
forcesthe cut-off frequeng of the low-passfilter to vary
asintegerpowersof 2. Although,suchformulationprovides
only a few samplingpoints, it simplifiesthe encapsulation
of informationchangebetweerconsecutie scalesWe have
adoptedhe samecorventionin our experiments.

@) (b)

Figure10: (a) Kullbadk contrastresponsef datafrom Fig-
ure 6; (b) cumulativeversionof (a).

3 Experimentsand Results

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

3.1 Artificial Image Generation

Artificial datamodelsaregeneratedisingSIAMS S3D 3D
Virtual Constructor c 2001[1]. S3D is usedto generate
datausing Gaussiardistribution of sphereradii givena de-
sired meanradiusand standarddeviation (STD). The soft-
waremakessurethatno spheresverlapeachotherandthat
the whole structureis statically balanced.The datamodel
canthenbe usedto generatdantensity or depthprofile im-
ages(suchasthe onesshavn in Figure 11), to sene asa
groundtruth for evaluationpurposes.

@) (b)

Figure11: (a) An intensityimage of an artificial data set.
Thisparticular modelis genematedusinga Gaussiandistri-
bution of spheeradii with mearnradiusof 22.5andradiuss-
tandard deviationof 10.5. (b) A correspondinglepthprofile
image of thedatashownin (a). In thisimagethedepthis lin-
early mappedo pixelintensitieswhere whiterepresentthe
minimumdepth,andbladck representghe maximundepth.

Ten artificial datamodelsweregeneratedn our experi-
ments.In thefirst five, the meanradiusis varied,while the
STD is kept constant. In the last five, the meanradiusis
keptconstantput STDis varied.Figure1ll shavstheinten-



sity anddepthimagesfor artificial dataset10. For eachof

the 10 datamodels,two experimentswere performed,one
on the artificial intensityimage,andthe otheron the corre-
spondingdepthimage. For eachexperiment,both a scale-
spacedecompositioranda Fourier power spectrumgraphs
areprovided. In addition,for comparisorpurposesa cor-

respondinggraph of actualdistribution is provided as the
baseline.

3.2 Resultson Artificial Images

Figure12 andFigure13 shaw typical resultsof the evalua-
tion of thetwo transformation-basechnique®n artificial
data. Eachfigure shaws the size distribution (left column)
andits cumulative integration (right column),for the base-
line (first row), Fourier analysis(middle row), and scale-
spacedecompositior{bottomrow). Figure12 shavsthere-
sultcorrespondingp intensityimage andFigurel3to depth
image.

Thereis generallygoodagreemenbetweerresultsfrom
thebaselineandthe Fourieranalysis.Theresultfrom scale-
spacedecompositiorfollows a similar trend, especiallyin
the cumulative distribution, althoughit is lesssimilar to the
baselinethan Fourier analysis. This is duein partto the
coarsenatureof scale-spacanalysiswhich forcesthe clas-
sificationof particlesinto seven sizesonly thatareinteger
powers of 2 between0 and 128. Anotherreasonfor this
differenceis thatthe artificial datacontainno fines,where-
asthe Fourier analysisand scale-spacelecompositiorare
designedo assumehe presencef fines. In general,it is
obviousthat the both proposedapproachesre feasiblefor
granulometryanalysis.

3.3 RealData

For realdata,sevenimagesof oil sandsverechosenwith a
varyingdistribution of objectsizes.For eachimage two ex-
perimentswvereperformed oneontheoriginal inputimage,
andoneon a histogram-equalizedersionof the input im-
age.For eachexperimentbothascale-spacdecomposition
and a Fourier power spectrumgraphsare provided. Since
no informationaboutthe actualdistribution of objectsizes
is available,the resultof morphologicalsegmentatior[2] is
usedfor comparisorpurposesasthebaseline.

Figure3 shavstheoriginalandhistogramequalizedm-
agedor realdataset3, whichis describechereasan exam-
ple,andtheexperimentalesultscorrespondingo theequal-
izedimage(Figure3(b)) aregraphedn Figure14. Similar
to theartificial datacasetheleft columnof Figurel4 shavs
thesizedistributions,andthe right columnshowvsthe corre-
spondingcumulative integrations.Thethreepairsof figures
representhe baselinefrom morphologyanalysis,Fourier
analysisandscale-spacdecompositiongespectiely. Note

Figure12: Experimentakesultscorrespondingo theinten-
sity dataof Figure 11(a).

that the smoothnes®f the size distribution in scale-space
decompositions onceagainmostly dueto the scalesbeing
necessarilynteger powersof 2. In all casestheresultsare
alsoquite satishictory with respecto thechoserbaseline.

4 Conclusionsand Futur e Work

We have presenteéh thispaperour preliminarystudyof two
transformatiorbasedtechniquedor granulometryanalysis
of oil sandmaterials.The mainadvantageof thetechniques
is thatthey avoid thedifficult stepof imagesegmentatiorin
deriving a particlesizedistribution of animage.Theresults
areonly qualitative, sincethey do notyield directinforma-
tion aboutobjectsizes.Experimentdasedn bothsimulat-
eddataandrealdatahave establishedhe generaffeasibility
of thetwo proposedapproaches.

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



Figurel4: Experimentalesultscorrespondingo theequal-

Figure13: Experimentatesultscorrespondingo the depth izedimage Figure 3(b)

dataof Figure 11(b).
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