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Abstract

In this paper a robusttechniquefor theimage segmenta-
tion of wear particle fromusedoil filtergramsis presented.
The differentwear modesthat occur within an enginecan
be identified by the shape colour and texture of particles
that are foundin the oil. To automatethe identificationof
theseparticlesit is necessaryo developimage processing
softwae that is robustenoughto extractthe shapeandsur-
facefeaturesof eadh particle, accuratelyandindependently
of the quality and contentof the filtergram image. To do
this, a top-downapproac has beenchosen,which estab-
lishesthe nature of any distortion or attadk uponthe parti-
cle andthenattemptgo recover the original image. Thisis
achievedwith a tecdhniqueof over-segmentatiorand graph-
basedreconstruction.

Keywords: sggmentationyateished splitandmeige, re-
gionadjacencygraphRAG).

1 Intr oduction

The microscopicinspectionof wear debrison a filter-
gramslide! can provide extensive andtimely information
on the condition of mechanicacomponentdubricatedby
oil. In the past, this techniqguehasbeenlimited because
theinspections performecdby ahumanoperatoywhichcan
be both expensve and time-consuming. Automation can
changethis andtransformthe techniqueinto an analytical
tool, with applicationsover a wide rangeof equipment.In
analysingthe filtergram, the differentwear modescan be
identified by the shape,colour and texture of eachparti-
cle [3]. The segmentationof theseparticlesfrom a digital
imageis thefirst steptowardsthe automationof suchanal-
ysis. This processcan be complicatedby the presenceof
contaminationsludgeandotherunidentifiabledebris. Fur-
thermorewhatis seenunderthe microscopes theresultof

1Usedoil is passedhroughavery fine paperilter. Thisfilter is washed
with a solvent removing the oil but leaving small particleson the paper
Thepaperis madetransparentvith a clarifying agent.

physical,thermaland chemicalattackwhilst the particleis

in thelubricant,anddistortionsgeneratedby thevision sys-
tem usedto acquirethe image. To automatethe procesof

identificationthe softwareneedso accountfor all of these
factors.To dothis, it caneither:

o develop differentclassificationrulesfor eachtype of
attack/distortionor

e establishthe natureof attack/distortiorandtry to re-
covertheoriginalimage.

Thefirst solutionis a “brute force” approactbecausét re-
quiresalargenumberof differentrules. It will firstrequire:
arulefor aparticlethatis “fresh” (ie. hasnotbeenattacled
in thelubricantor distortedby defectsn thevision system);
anotherule for a particlethathasbeencrushedeg. in the
bearing); and then, anotherrule for a particle that is out
of focus,andsoon. This solution,althoughsimple,hasthe
disadwantagehatit cannothandlesituationsfor whichit has
not beentrained. The secondsolutionis a moreintelligent
approach.The softwarewill needto be madeaware of the
differentmodesof attackanddistortion,andthe effect that
thesemodescanhave uponthe particle. This solution, al-
thoughcomplex, hasmorepotentialbecausé closelymim-
ics the humandecisionmakingprocesslt canbe achieved
in thefollowing steps:

Acquisition, acquiredigital imageof particle;

Over-segmentation, split the imageup into a numberof
smallparts;

Reconstruction, memgepartshasedupontheir features;

Analysis, performshapeandsurfaceanalysisontherehuilt
particleimage;

Classification, use knowledge gained in reconstruction
andanalysis.

Thefirst four stepsaredescribedn the Sections2 to 5 re-
spectvely. Classificationis not within the scopeof this re-
port. Section6 describeghe resultsof the software, fol-
lowedby Section7 which lists anumberof conclusions.



Figure 1. Image of particle taken with trans-
mission (a) and reflected (b) light sour ce.

2 Acquisition

In practice,the quality of filtergramimagescanbe sig-
nificantly affectedby thelighting conditions. For a human
operatoy both transmittedand reflectedlight are required
to correctlyidentify eachparticle on the filtergram: trans-
mittedlight is usecto identify transparensludgeandvisual
aberration®ntheslide;andreflectedight is usedto exam-
ine the colour andsurfacetexture of eachparticle. For the
humaneye, thetransmittedandreflectedight canbedistin-
guishedby usinggreenandred light respectiely (bichro-
maticmicroscopd5]). Whitereflectedight is subsequently
usedto establishthe colour of the particle. Unfortunately
whenthistechniquds appliedto thecomputeythesegmen-
tationof theimagehasprovedto beverydifficult. Problems
occurasaresultof changesn texture,shadev and/oralack
of focusat the edgeof the particle. For the humanopera-
tor, theseeffectsdo not normally present problembecause
thebrainis ableto interpolatethe shapeof the particlefrom
a numberof visual clues. Ratherthantrying to interpret
theseclues,anothersolution presentstself by recognizing
the fact that a computeris able to recordthe transmitted
andreflectedimageseparatelyFigurel). In this situation,
the computercanusethe transmittedmage (Figure 1a) to
generatea maskthatdefinesthe outeredge(outline) of the
particle. This maskcanbe appliedto the reflectedimage
(Figure1b) to measurehe shapegcolourandtexture of the
particle. Althoughthis techniquehasthe advantagethatthe
segmentatiorof the transmittedmageis relatively straight
forward, in practiceit is not very robust— lessthan40%
of the testimageswere correctly segmented. This failure
lead to the developmentof the following split and mege
technique.

3 Over-segmentation

Over sggmentationinvolves splitting the image into a
numberof smallercomponentqparts). This processcan
bebaseduponcolour, texture,shapeor sizeof ary regionin
theimage.Currently over-segmentatioris achievedby seg-
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Figure 2. Flow diagram to over-segment (split)
image.

mentingthe particlefrom the backgroundthensegmenting
thedarkpartsof the particlefrom thelight, andfinally seg-
mentingthe small partsof the particlefrom the large. This
processs shavn in the flow diagramin Figure?2.

3.1 Segmentationof transmitted image

The first stepis to sggmentthe transmittedmage (Fig-
urela)ie. toisolatethewearparticlefrom the background.
To dorthis,agrey level thresholdneedgo be establishedit
is inappropriatdo useafixedthresholcbecause¢helighting
conditionsand contrastare affectedby the differentlevels
of contaminationin the oil. A popularautomaticthresh-
old techniqueis to find the minimum betweentwo peaks
in the brightnesshistogram.In a normalimage,two peaks
are expected;one peakfor the dark particle, and another
for the backgroundight source. An appropriatethreshold
is the minimum betweenthesetwo peaks.In theory find-
ing this minimum is simple, but in practice,it is compli-
catedby the presenceof noisein the image. Suchnoise
canintroduceextra peaksandtroughsto the histogram Al-
thoughit is possibleto find the minimum by smoothingthe
histogrami,it is difficult to decidehow muchsmoothingto
use. If the datais very noisy, thena greatdeal of smooth-
ing is required,but if oneof the peaksis very small,it can
be smoothedaway altogether The bestsolutionis to start
outwith asmallamountof smoothing calculatethederiva-
tive of the histogram(the min andmax) andthencountthe
zerocrossings Smoothings progressiely increasedvhilst
therearemorethanthreezerocrossingsuntil thereareex-
actly threezero crossingsiiwo maximaand one minima?

2Sometimeghis criteriawill fail, eg. if therearethreedistinctpopula-
tions,or if the contrasis very low andthetwo populationsmege. In both
casesan alternatve thresholdingroutineis used;the Kmeanstechnique.
It assumeshattwo populationsexist in the grey level histogramandthen
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Figure 4. Background filling (a) and hole re-
moval (b).

The effect of automaticthresholdinguponthe transmitted
imagecanbeseenin Figure3a.

Thenext stepis to isolateconnectedegions(ie. to label
eachparticle in the image). This is shavn in Figure 3b,
whereeachparticlehasbeenassignea differentgrey level.
Sinceonly thelargestparticleis of interestin this analysis,
the areaof eachparticleis measuredndall but the largest
particleis removed. The next stepis to find if thereareary
holesin the particle. Holesin this maskmay eitherbereal
or theresultof internalreflectionsn the microscopeoptics.
To find theseholes,the previousimageis invertedandthe
backgroundilled to generat@maskthatrepresentthearea
outsidetheparticle ( Figureda). If thismaskis thensubtract
from previous image,the resultingimagerepresent$ioles
thatarewithin the particle. Theseholescanbelabelledand
sorted.In this case thereis only onehole. The shapeand
colour of this hole is calculated. If it appearghat it not
physicallyreal (i.e. noiseor backscatteredight) thenthe
holeis removedfrom the maskof the particle. In this case,
the holeis real(ie. it consistof light from the transmitted
light source)andit is left in the particlemask(Figure4b).
Thisinformationis veryimportantfor classificatiorbecause
it infersthatthe particlehasbeencrushed.

finds the centreof the two populationsby iteratvely moving the centres
andthencalculatingthe differencesdetweenrall of the pointsandthe cen-
tre. Thethresholdis the midpointof the two centres.This techniquewill
alwaysfind a midpoint betweerntwo populationsgevenif two populations
donotexist.

Figure 5. Masked luminosity (a) and labelled
dark and light parts (b).
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Figure 6. Distance transform (a) and water-
shed (b).

3.2 Segmentationof reflectedimage

The next stepis to segmentthe reflectedimage (Fig-
ure 1b) ie. to seggmentthe dark partsfrom the light parts.
Sincethebackgroundmageis of nointerestin thisanalysis,
theluminosityimagecanbe masledwith the binaryimage
generatedn the previous section(Figure 4b). The results
of this operationis shawvn in Figure5a. The histogramin
the bottomleft handcornerof thisimagedemonstratethat
the reflectedlight from the particle hasat leasttwo popu-
lations. Therefore the imagecanbe sggmentedusingthe
minimabetweenthe two peaksto isolatethelight partsof
the particlefrom the dark. Thelight partsarefilled, sorted
andlabelled. If theimageis inverted,it is possibleto seg-
mentand label the dark parts. If the dark and light parts
areaddedtogethey a labelledimageof both darkandlight
partsis generatedFigure 5b). Unlike the segmentationof
the transmittedmage,segmentatiorof the reflectedimage
will only proceedf therearetwo clearly definedpeaksin
thebrightnessistogram.

3.3 Watershedsegmentation

Thefinal stepis to performwatershedegmentatior(Fig-
ure5b)ie. to segmentthesmallpartsof theparticlefrom the
large. Thewatershedegmentatioris baseduponadistance
transformof thelight partsof the particledeterminedn the
previous seggmentation(Figure 5b). In a distancetransfor
mation, the value of eachpixel (grey scale)is calculated
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Figure 7. Labelled image of small and large
parts (a) and all parts tog ether (b).
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Figure 8. Connectivity of parts (a) and region
adjacenc y graph (b).

from thedistanceo the nearesedge(Figure6a). To under

standwatershedsegmentationit is usefulto visualizethe
maximain the distanceransformasvalleys on a plain. As

it “rains” eachvalley fills with adifferent“colour” of water

Whendifferent“colours” of water meet,alongthe water

shedbetweeneachvalley, aline is dravn andtheimageis

segmented.To reducethe complexity of theproblem rather
thanseedingeachvalley with a differentcolour, a thresh-
old is establishedbaseduponthe distancehistogram)and
eachvalley is labelledas either deep(large part) or shal-
low (smallpart). As it “rains”, smallvalleys aresegmented
from the large alongthe watershedine that dividesthem.
Theeffect of thistechniquecanbe seenin Figure6b. Since
thelargeandsmallpartsarenow isolated,t is asimplemat-

terto separatesortandlabelthesmallandlarge parts.The

smallandlarge partsarerecombinedandrelabelledin Fig-

ure7a. Sincethewatershedoutinewasonly performedon

thelight partsof thereflectedsegmentationit is possibleto

combine the small,thelarge,andnow the dark partsof the

particleinto onelabelledimage(Figure7b).

4 Reconstruction

Now thattheimagehasbeensplit into a numberof parts
reconstructioncan proceed. Reconstructiorof the parti-
cle is baseduponthe featuresof eachpart. The decision
to include (or reject) a part can be baseduponthe shape,
colourand/ortexture of eachpart. It canalsobe relatedto
the spatialrelationshipbetweeneachpart, and a database
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Figure 9. Absorb shadows in labelled image
(a) and average luminosity of parts (b).
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Figure 10. Outline of final mask on reflected
image (a) and shape analysis (b).

of sensiblearrangementse. arrangementthat are phys-
ically meaningful. This reconstructionis aidedby estab-
lishing the connectvity of eachpartto oneanother Such
a relationshipis shaowvn in Figure8awherea line is drawvn
from the centreof eachpartthat sharesa commonborder
with its neighbour Here eachpart of the sggmentedim-
agecorrespondso avertex, whilst edgescontainadjaceng
informationbetweendifferentparts. This type of relation-
ship is commonlyreferredto asa region adjaceng graph
(RAG). It hasbeenusedwidely in imageanalysis[2] and
hasconsiderablepplicationin the medicalfield [6]. More
recently it is proving usefulfor video encoding[4]. Work
relatedto this applicationcan be foundin [1] which uses
RAG to reconstructiorimagesbasedupontexture,and[7]
which usesRAG to addresghe problemsassociatedvith
lighting and focusin microscoyy to extract line networks
from noisylow-contrasimages.

Oncethe RAG hasbeencreated Figure8b) thefirst task
is to remove shadaevs along the edgeof the particle. A
shadav is definedas a part that lies betweena light part
andthe backgroundlt is typically thin with a high contact
length. Giventheseconditions,if a partis identifiedasa
shadav, the partis absorbednto its neighbour— without
modificationto the parentproperties.This is demonstrated
in Figure9awherea smallshadev alongthetop right hand
side of the main part hasbeenabsorbed.The next taskis
move down the graph, startingat the largestpart, absorb-
ing partsthatappearto belongandremoving thosethatdo
not. If they belong,the partis absorbednto its neighbour



by addingits propertiesand inheriting its neighbours. If
not, the partis removed. Whena partis removedfrom the
RAG, the graphis broken andthe remainingpartson that
particularbranchareignored. This is called pruningand
is a desirablebehaiour whenthereis an agglomeratiorof
particles.Currently theabsorptiorandrejectioncriteriaare
baseduponthe averagecolourandluminosity of eachpart.
The averageluminosity of eachpartis shavn in Figure9b.
Theeffect of pruningandabsorptioruponthe graphcanbe
seenin Figure 10awherean outline of the “final mask”is
overlayeduponthereflectedmage.In thisimage,the dark
partonthetop left handcornerandright sidehave beenre-
moved. Thesetwo partsare clearly an agglomeratiorand
the softwareis correctin removing them.

5 Analysis

Now that the particle hasbeenrehuilt it is possibleto
perform shapeanalysisupon the final mask (particle out-
line). Thisis shavn in Figure 10b where: the crossrepre-
sentsthe minimum and maximummoment;the circlesde-
finesthe minimum and maximumradii; the line down the
centredefinesthe skeleton; and the taut string aroundthe
particle is calculatedfrom Feretanalysis. The degree of
confidencen the shapeof the particlecanbe usedto weigh
therelative importanceof differentfeatures.For example,
if the softwareexperiencedlifficulty whenthresholdinghe
reflectedimage,thenit would not be appropriateo rely on
ary featurederived from the profile of the particleto make
aclassification A goodexampleof this is highlightedwith
the fractal dimensionof shape. This is one of key identi-
fiersfor classificationof differentwearmodes,however it
is very sensitve to thespatialaccurag of theprofile. Onthe
otherhand,thefibre length,whichis alsoakey identifieris
relatively tolerantto errorsin the profile. Confidencen a
featurecanbe gainedby looking at the distribution of the
histogramat eachlevel of sggmentation,or by examining
theindividual statisticsof eachpart. During reconstruction,
partsare absorbedor rejectedbasedupon the probability
thatit is a partof the“targetparticle”. Evenif thepartis ab-
sorbedthe probability canbe usedasa level of confidence
thatthepartis “real”.

For textural andcolourfeaturesit is not necessaryo re-
cover the outline of the whole particle,but only a partthat
is believed to be representatie of the actualparticle. To
guaranteghatthe partis valid and containsusefultextural
andcolourinformation,it is importantthatthe partbein fo-
cusandadequatelyit. Confidencen theseconditionscan
be madeby making comparisondetweendifferent parts.
If surfaceanalysisis performeduponeachpartof the par
ticle thenthe following comparisonganbe made: firstly,
if the partshave differenttextural scale,thenthe partwith
the lower resolutionis probablyout of focus; secondly if

one partis dark andthe otherlight, thenthe dark part is
probablyin shadev; andfinally, if two partshave different
textural orientations thenit is likely that the particle has
eitherbeenfolded, or thereis an agglomeratiorof two or
moreparticles.

6 Results

Over 90 pairsof transmissiorandreflectedmageswere
acquiredwith a high resolutiondigital camera(Kontron
ProgResg008)fittedto a Nikon bichromaticmicroscopeln
morethat50% of casespver-seggmentatiorandreconstruc-
tion had an effect uponthe final shapeof the particle out-
line, whencomparedo simple transmissiorsggmentation
(seeSection2). If segmentations deemedo be successful
whenin agreementith the humanoperato? then:

e 72%werecorrectlysegmented

e 20%wereincorrectlysegmented.

Of theremainingmagesfiveimagepairscouldnotbeiden-
tified nor sgmentedby the humanoperatorandthreeim-

age pairs were influencedby hardwarefailure, ie. where
the failure hasoccurredduring the acquisitionof the im-

age. Oneof the failureswasdueto a misalignmentof the
transmittedandreflectedimage,whilst the othertwo were
causedy aproblemwith thetransmittedight sourceand/or
cameraain.

6.1 Examples

An exampleof successfuseggmentatioris shovn in Fig-
ure 11, where most of the oil-sludge has beenremoved
from theparticleexceptfor asmallring onthe bottomright
handcornerAnotherexampleof successfusegmentatioris
shawvn in Figure12, whereall of the agglomeratioron the
left handsideof the particlehasbeenremoved.

The sgmentationsoftware was not alwaysableto deal
correctlywith agglomeration An exampleof this situation
is shawvn in Figure13a,wherethe softwarehasincorrectly
assumedhat the hole in the centreof the particleis real,
and not just an agglomeratiorof differentwear particles.
Unfortunately shapeanalysisof this imagewould not be
ableto identify the curlednatureof oneof the particles(this
is an exampleof cutting wearwhich is very seriousmode
of failure). Anotherexampleis shovn in Figure13b,where
the software incorrectly identifiesthe shadavs on the left

3The software draws a line on the imagewhereit will sggmentthe
particle. The segmentationis successfulf a humanoperatoragreeswith
the positionof this line. Of coursetherewill be casesvherethe position
will differ slightly to the positionchoserby the humanoperatoybut if the
errordoesnotgreatlyinfluencethe shapeof the particle(i.e. smallbumps)
thenthe softwarewill still bedeemedo besuccessful.



Figure 11. Segmentation of oil sludg e.

Figure 12. Segmentation of agglomeration.

andright handsidesof the particleasa darkagglomeration.
Currently the software identifiesa shadev as a thin part
that lies betweenthe particle andthe background.In this
case the partsarerejectedbecausehey aretoo thick. To
prevent this from happeningthe software could relax the
“shadaw thickness’rule, but this would have a side effect
of incorrectlyidentifyinganagglomeratiorasashadaev in a
differentsituation. Thisis a typical dilemmafacedby rule-
basedsystemsandrequiresfurtherresearch.

7 Summary

In this paperwe have discussedhe problemsassociated
with the sggmentationof wear particleson usedoil filter-
grams.As discussedn Section2, simplebichromaticseg-
mentationwasunableto sggmentmorethan40%of thetest
sample Most of the problemsweredueto thefactthat:

o the particlesare often surroundedby contamination,
sludgeandotherunidentifiabledebris;

¢ theparticlecanbedistortedby variousformsof attack
whilstin thelubricant;

o theimageof theparticleis distortedby thevision sys-
temusedto acquiretheimage.

To overcometheseproblemsa robust segmentationalgo-
rithm has beendevelopedbasedupon over-segmentation
andgraph-basedeconstructionThis haslifted the success
rateof sggmentatiorto greaterthan70%. This successvill
enablevork to proceednthedifficult taskof classification,
whichwill bemadeeasierby usingsomeof theknowledge
gainedin the reconstructionprocess. Another advantage
of this techniqueis that it providesinformationregarding

Figure 13. Examples of failure , agglomeration
(a) and shado ws (b).

the level of confidencethat the particle hasbeencorrectly
segmented.This is a valuablepieceof informationfor any
automatedsystemso that it canrejectthe 10% of images
which normally cannotbeidentifiedby the humanoperator
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