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ABSTRACT

Somemanufacturingprocesses,suchassatinfinishonstainlesssteelpartsfor thewatchmakingandbiomedicalindustries,
applypurelyaesthetic,globalcriteria for their quality control. This control is currentlyperformedby humanoperators,
andis found to be subjective, dueto variability in operatorjudgement.This projectaimsto developa device for auto-
matic,production-lineclassificationof satinfinishaccordingto theaestheticcriteriacurrentlyappliedin thewatchmaking
industry. We exploit two coherentlight phenomenato producefeaturesto classifythe partsinto the sameclassesindi-
catedby humanoperators.The analysisof the opticalFourier transformandthe scatteringpatternareusedto generate
high-dimensionalfeaturevectorsfor their subsequentclassification.The vectors,correspondingto differentregionsof
the part surface,areclassifiedusingPrincipalComponentAnalysisandKohonennetworks. Experimentalresultsshow
that both optical phenomenaprovide featurescapableof discriminatingbetweenconformingandnonconformingparts.
Classificationis simpleenoughto afford aninspectionin under1 sandits robustnesshasalsobeenverified.Wehavethus
completeda first steptowardsa simple,production-linedevice capableof providing an automatic,objective evaluation
basedon aestheticquality criteria.

Keywords: Classification,scattering,optical Fourier transform,aestheticquality-control,satinfinish on metalsurface,
PrincipalComponentAnalysis,KohonenNeuralNetworks

1. INTR ODUCTION

Many industrialinspectiontasksareconcernedwith verifying thepresence,positionor orientationof apartor component
or elseverifying its dimensionalconformity to givenspecifications.Thesetasksareusuallyautomatedusingcomputer
visionsystems.Otherinspectiontasksverify thesurfacestateof theparts,typically by testingtheirmechanicalproperties,
andthesearealsohighly automated.Thereis a typeof inspectionin betweenthesetwo thathasbeenhardlyautomated:
aestheticquality control. In thewatchmaking,micromechanics,biomedical(implants)andjewelry industriespartshave
to conformto aestheticcriteriasuchasglitter, transparency, hue,etc.

Thisprojectdealswith theinspectionof thesatin-finishoperationonstainlesssteelpartsin thewatchmakingindustry.
The main physicalattribute of satin-finishedpartsis the parallel,regulargroovesthat conferthema matteaspect.The
partsaretypically manufacturedby brushinga prepolished,metalsurfacewith a diamond-embeddedrotatingbrush.The
qualityof thepartdependsonthesurfacestateof theprepolishedparts,onthebrushwear, thepressureappliedonthepart,
thedurationof thebrushingaswell asthedexterity of theoperator–in theluxury watchmakingindustrythis processesis
usuallycarriedout manually.

Inspectionis currentlyperformedmanuallyby specially-trainedhumanoperators.Thereforetheir evaluationis quali-
tative,evensubjectiveasfatigueandexternalpsychologicalfactorsinduceagreatintra-andinteroperatorvariability. The
ultimategoalof thisprojectis to build aportabledevice for theonline,contactlesscharacterizationof partsbasedon their
surfaceappearance.This device shouldprovide an objective, repeatableandquantitative evaluationof thepart. To this
endwe have exploited two coherent-lightphenomenato provide uswith featuresto classifythepiecesaccordingto the
classesdefinedby thehumaninspectors.
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Thispaperis organizedasfollows. In section2 we describetheclassificationmethodology, which is commonto both
methods.Thefisrt method,basedon theoptical-domainFouriertransformis discussedin section3. Section4 dealswith
scatteringasa surface-characterizationmethod.Thepaperis completedwith a conclusionthat sumsup the resultsand
comparesthem.

2. METHODOLOGY

The two systemsfor the classificationof satin-finishedpartsthat we have developpedemploy the sameclassification
methodology, whichwe describein thissection.

The goal of the classificationis to categorizethe partsinto several classes– at leasttwo: conformingandnoncon-
forming,but thelastonecanbedividedinto subclassesaccordingto differentassignablecausesof thedefects– andthis
classificationhasto correspondto theonegivenby thehumanoperators.

If the actualcriteria employedby the humanoperatorswereknown, their classificationcould be easilyreproduced.
Unfortunatelly, althoughhumanoperatorsundergoa trainingphaseto defineandstandardizetheir decisioncriteria,these
arenot sufficiently formalizedanddo not have a sufficiently quantitativenatureto beusedby a computer. Thereforewe
haveusednew, artificial criteriaandwehavetriedto matchthecathegoriesthusobtainedto theonesdefinedby thehuman
operators.

Thecriteriausedfor classificationarebasedonsomequantitativecharacteristicsof theparts,calledfeatures. Because
of thecomplexity of theproblema singlefeatureis not sufficient,we will needto useseveralof themthatwe will group
into a featurevector. Thus,eachpartor rather, eachinspectedareaof theparthasanassociatedfeaturevector.

Classificationconsistsin assigningto eachfeaturevectora classout of a given setof possibleclasses.To do so,
classifiersfunction on the principle that similar inputs , i.e. belongingto the sameclass,shouldhave featurevectors
thatarecloseto eachother. Theclassifieroperateson vectorsandis completelyunawareof thephysicalmeaningof the
featuresor vectorcomponents.Thesecanbelight intensitiesin onecaseandspatial-frequency power-densityin another.
Henceclassifiersaregenericalgorithmsthatcanbeappliedto differentproblems.

Theprocesswe havefollowedis schematizedin figure1. Imagesrelatedto thepartsunderinspectionareacquiredas
describedin sections3.2 and4.1. Next several featuresareextractedfrom the images(cf. sections3.3 and4.2) to form
thefeaturevectors.Thesefeaturesarebasedon thepropertiesof coherentlight reflectinguponthesatin-finished,metallic
surfaceof theparts.In somecasesfeaturesmayundergoadimension-reductionstage(cf. section2.1)beforetrainingthe
classifier(section2.2). Thefeedbackloop indicatesthatif thetrainingis unsuccesful,new featuresshouldbesoughtand
theprocessstartedagain.
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Figure1. Classificationprocess:Imagesrelatedto thepartsunderinspectionareacquiredandfeaturesareextractedfrom themto form
the featurevectors. In somecasesfeaturesmay undergo a dimension-reductionstagebeforetraining the classifier. If the training is
unsuccesful,theprocessshouldbestartedagainwith differentfeatures.

2.1.Dimensionreduction with PCA

In somecasesfeaturevectorscanbeveryhigh-dimensional.Thiscomplicatestheclassificationtasksbecausetheamount
of datacanbeoverwhelming– thetime it takestheclassifierto learnincreaseswith thedimension– andbecausemany
featurescanturnout to beuseless,thusintroducingnoiseinto thesystem.To limit theseproblems,in somecaseswehave
addeda dimension-reducingstep,shown in dashedlinesin figure1.

PrincipalComponentAnalysis(PCA)% hasbeenusedfor dimensionalityreduction.It is astatisticaltool thatcomputes
the linear transformation(linear combinationsof vectorcomponents)that preservesmost of the varianceof the input



distribution andeliminatesthe rest. Therationalebehindit is thatcomponents(andtheir linearcombinations)thathave
low variancedonot provideenoughinformationandthatfurthermorethis variancecouldbedueto measurementnoise.

This allows us to start from a high numberof features,even “wild guesses”and then, by using the PCA, select
the most relevant featurecombinations.&('*) It is even possibleto further simplify thesecombinationsby identifying
the individual featuresthat have the highestparticipation(called loading) in the combination. The exact procedureis
thoroughlydiscussedin. +

Becausethe transformationis linear –it actuallyprovidesa rotationmatrix– dimensionalityreductionis a very fast
operation.However, sincethe transformationhasto be orthogonal% its performanceis degradedfor datathatdo not lie
alongstraight,orthogonaldirections.

If theinputvectorsarereducedto 2 or 3 dimensions,theresultingdistributioncanbeeasilyvisualizedand,if it shows
distinguishableclustersof databelongingto asimilarclassthenin mostcasesit is possibleto manuallydefinetheborders
amongclasses.As we will show in sections3.4and4.3, in mostcasesthis manualclassificationis sufficient.

2.2.Classifiers

The last stepin the processis applyingthe actualclassifier. Besidesthe manualclassificationdescribedin section2.1
we have usedSelf OrganizedMaps(Kohonennetworks), andLearningVectorQuantization(LVQ) % '.- to automatically
classifythedataandtesttherobustnessof theclassificationby introducingnew, differentdata.

Kohonennetworks, in their 2D version, try to cover the N-dimensionalinput distribution by unfolding a grid of
neuronsthatbestapproximate(in theleastsquaressense)theinputdata.They canbethoughtasanon-orthogonalversion
of thePCA. As the latter, Kohonennetworksareunsupervisedalgorithms,that is, they do not requireto know to which
classestheinputdatabelong.Rather, they try to find the“naturalclasses”in thedistribution(aslongasthey exist). In our
caseit is necessaryto verify afterwardsthat thesenaturalclassescorrespondwith theclassificationgivenby thehuman
operators.

LVQ, on theotherhand,is a supervisedclassificationalgorithmbasedon Kohonenmaps.It requiresthatthetraining
databe labeledwith theclassthey belongto. Becauseit hasthis additionalinformationregardingtheclasses,LVQ can
provide a betterclassificationthanunsupervisedsystemsdo. However, it cannot find moreclassesthanthe onesgiven
duringtraining.

3. OPTICAL FOURIER FEATURES

The regulargroovesof the satinfinish confera certainperiodicstructureto the parts. Indeed,a testwe hadconducted
with anopticalprofilometer/ hadshown thatthegrooveshada typical periodicityof 0�132�4 . We have thereforeexplored
theuseof this periodicity, asspatial-frequency features,to distinguishthetypesof satin-finish.

TheFouriertransformof animageof thepartsprovidesthesefeatures.To rendertheprocessfaster, we haveoptedto
performtheFouriertransformin theopticaldomain.

3.1.Optical Fourier Transform

TheFourier transformcanbeobtainedin thesituationdepictedin figure2. A sourceof coherent,monochromaticlight
projectsa planewave ona grid or similar intensity-modulationpatternon plane5 % . A lens( 6 % ) focusestheimageof the
patternon theimageplane 5 ) , which is beyondthefocalplaneof thelens 5 & .

Thescalarfield in 5 & , 7 & , is proportionalto theFourier transformof themodulation4 8:9;�< in plane 5 % anda phase
term,=('.> asin eq.1.

7 &�? @
AB 9CED F 7�G FIH�JLKNMOQP FIHSR J*T U

VWX�YZ\[ F^]4 8�9_�< (1)

A light-intensitydetector, suchasa CCD camera,placedin plane 5 & would recordthe intensity ` ? 7 & F 7ba& cd ]4 8�9_�< d & . Therefore,the imagetaken by the camerais proportionalto the squaremagnitudeof the spatial-frequency
spectrumof themodulatingpattern4 8:9;�< .
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Figure2. A thin lenscanperformtheFouriertransformin theopticaldomain

3.2.Setup

Theprincipleoutlinedabove hasalreadybeenusedin industrialinspection,but mostly for transmissive objectsor mate-
rials.% G ' %e% For this projectwe have useda finite distance,reflective versionof thesetupshown in figure2. Comparedto
theafocalsetup,it requiresa singlelensandaffordsto illuminatelargersurfaces.% &

A diagramandpictureof our setupis shown in figure3. An almostplanewave is generatedby couplinga 632.8nm
He-Nelaserto a 4 2gf -diameteroptical fiber, thuscreatinga point source.A large diameterlens(48 mm) focusesthe
laserlight on the part undertest,creatingan elliptical spotof 16 x 8 f�f!& . The reflectedlight is projectedon a white
screenandaCCD cameraat 350mm from it takesa pictureof theintensitypattern.
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Figure3. Setupfor theopticalFouriertransform

Becausethe partsunderinspectionhave a microstructure–thegrooves–andwe areusingcoherentlight, scattering
appears,andtheresultingimageis not exactly theFourier transformof themodulationfunction. Figure4(a)shows the
resultingimageswhen inspectinga conforminganda nonconformingpart. The light stripe indicatesthe presenceof
spatial-frequenciesalongonly onedirection.

3.3.Data

Wehaveanalyzedabatchof 7 flat, satin-finishedparts:3 conformingonesand4 nonconformingones,dueto two different
causes(a badlyprepolishedsurfaceanda changeof directionduring brushing).Fromeachpart 9 differentzoneswere
sampled,thereforeproducingatotalof 63 inputvectors.SincetheFourierimages(figure4(a))aremostlyunidimensional
we have takentheintensityprofile alongthestripe,asshown in figure4(b).

Theprofile is centeredon thebrightestpixel (specularreflectionspot)andit is 532pixelslong. To reducenoisein the
profile andobtaina morecomparableresultswe have applieda 5-pixel wide medianfilter. After filtering, the intensity
profilesaredirectly usedasfeaturevectors.Thustheinputdataare63 vectorsin a 532-dimensionalspace.



(a) Two imagesobtainedwith the optical
setup.On top, a conformingpart,below a
nonconformingone.
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(b) Intensityprofile alongthestripe
ontheFourierimage,for aconform-
ing part
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(c) Intensity profile for a noncon-
formingpart

Figure4. Optical-domainFouriertransformfeatures

3.4.Results

WehaveperformedaPCA(cf. section2.1)andprojectedthevectorsontheir2 principalcomponents.Theresultis shown
in figure5a. Thevectorsform 3 clusters,but they arenot perfectlyseparable,sinceconformingparts(x’s) andsomeof
thenonconformingparts(diamonds)aremixed.By selectingthe15vectorcomponentsthatcontributethemostto these2
principalcomponents� thenoisiestinputsareeliminatedandthesubsequentPCAyieldsaperfectlyseparabledistribution
(cf. figure5).
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Figure5. Principalcomponentanalysisusing(a)532featurespervectorand(b) the15mostimportantcomponents.Conformingparts
aremarkedas(x), nonconformingpartsdueto achangeof directionduringbrushingaremarkedas(o) andnonconformingpartsdueto
faultyprepolishingaremarked(� ). ThePCAusingthe15mostimportantcomponentsaffordsaperfectseparationof thethreeclasses.

Becausethe3 clustersin figure5areseparablebyverticallines,thefirst principalcomponentis sufficientto distinguish
thedifferenttypesof satin-finishedparts.

To further testtherelevanceof theOpticalFourier featuresandin orderto testthe robustnessof theclassification,a



Kohonenneuralnetwork hasbeenemployed.A self-organizedmapwastrainedfollowing a “leave-one-out”procedure.�
For all 63 input vectors(7 partsx 9 measures)a vector is taken out andthe network trainedwith the remainingones.
After the training the left out vectoris usedto verify if the network correctlyclassifiesit. In this way an error ratecan
beestablishedfor thenetwork andtrainingdatabase.In our case,a 3x3 self-organizedmapwastestedandit produceda
100%classificationrate.
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Figure 6. 3x3 Kohonenmapprojectedon thePCA space.Conformingpartsaremarkedas(� ), nonconformingpartsdueto a change
of directionduringbrushingaremarkedas(o) andnonconformingpartsdueto faultyprepolishingaremarked( � ).

4. SCATTERING FEATURES

Metallic surfacescanbeconsideredflat or roughdependingonwhetherincidentlight is reflectedin adiffusiveor specular
way. If thesurfacestructureis of thesameorderof magnitudeof thewavelength,Rayleighscatteringwill occur.��� Thus
scatteringis acommonopticaltechniqueusedin surface-roughnessmeters� �(� ��� anda wholeconferenceis devotedto the
subject.�� 

Therearetwo typesof scattering-basedsystems.Thosethat yield a scalarvalue,suchassurfaceRMS or an inten-
sity ratio betweenscatteredandreflectedlight, ��� andthoseyielding a multidimensionalmeasure,suchasthescattered
intensityalongeachangle,asin theangle-resolvedscattering(ARS)devices.��¡
4.1.Setup

Sincescalar-valuemeasurementsdo not provideenoughinformationto distinguishsatin-finishedparts–differentsurface
statescanhavethesameRMS–we havechosento build anangle-resolvedmeasurementdevice.

θ
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filter 630 nm

part under test

screen
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Figure 7. Setupfor angle-resolvedscatteringfor characterizationof satin-finishedsurfaces.



TheARS setuphasbeenbuilt basedon a grayscale,8-bit CCD camera(figure7). It consistsof a 632nm laserthat
projectsa 10 ¢�¢!£ spoton the metallic surfacewith a high angleof incidence(60–70degrees).Suchan anglemakes
thesubtendedwidth of thegroovescloserto thewavelength,which is a necessaryconditionfor scatteringto occur. The
part is placedwith thegroovesparallelto theplaneof incidencebecauseit yieldsaconcentratedscatteringpatternthatis
easierto acquirewith theCCD camera.Thescatteringpattern(cf. figure8) is reflectedon a screenandtheCCD camera
takesanimageof it for furtherprocessingon theaccompanying PC.

Thescatteringpatternformsanarc,thecurvatureof whichdependsontheangleof incidenceandits thicknessdepends
on thedispersionof thegratingperiodaroundits average.��¤

(a) (b)

Figure 8. Scatteringpatternproducedby reflectionon a satin-finishedpart. (a) On a conformingpartand(b) on a nonconformingpart
dueto a nonuniformbrushingdirection.

4.2.Data

Thesamebatchof partsdescribedin section3.3,consistingof 3 conformingand4 nonconformingparts,hasbeenana-
lyzed.To this end10 differentzonesperparthavebeenmeasuredusingthesetupdescribedabove.

For eachimagea circular regressionhasbeenusedto renderthe measurementinvariant to the curvature,i.e. the
angleof incidence.Usingtheregression,theintensityprofilealongthecurveis computed.Similarly, theintensityprofile
alonga perpendicularline passingthroughthespecularreflectionspotis computed.Next, thefollowing 5 featureswere
extractedfrom theimage(cf. figure9):

¥ Theaverageof theintensityprofilealongthecircularregression.¥ Theaverageof theintensityprofilealongtheperpendicularline.¥ The sizeof the scatteringpattern,definedasthe numberof pixels above a valueof 15 andbelow a valueof 60.
Thanksto the filter in front of the camerathe systemis invariantto ambientillumination andabsolutethreshold
valuescanbeused.¥ Thesizeof thespecularreflectionspot,definedasthenumberof pixelsabovea valueof 60.¥ Thedispersion(variance)of thescatteringpatternaroundthecircular regression.This featureis a measureof the
“unstructuredness”of thesatin-finishedsurface.
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Figure9. Thefeaturesextractedfrom theimageof a scatteringpattern.

4.3.Results

A principalcomponentanalysisof thefeaturevectorsdescribedin section4.2hasbeencarriedout. TheresultingPCA is
shown in figure10(a).Conformingpartsareindicatedby ( ¦ ). Nonconformingpartsaredueto differentassignablecauses:
( § ) imperfectprepolishing,( ¨ ) imperfectprepolishandnonuniformbrushingdirection,(+) brushingon unevensurface.
Partsseemto be clearly clustered,affording a distinctionbetweenconformingandnonconformingparts. Furthermore,
nonconformingpartscanbeclassifiedaccordingto their assignablecause,thusaffording to correcttheprocess.

Classificationcan be further simplified by taking the two principal features,as indicatedby the PCA. Theseare
the averageintensityalongthe perpendicularline andthe sizeof the specularreflectionspot. Figure10(b) shows that
these2 featuresdiscriminatebetweenconformingandnonconformingparts,but they cannotdistinguishsubclassesof
nonconformingparts.

A 3x3neuronLVQ classifierhasalsobeenappliedon thedata,obtaininga96.6%classificationrateaftertrainingfor
1 epoch,whereanepochdefinesthenumberof timesa featureis presentedto theneuralnetwork. Therobustnessof the
classificationhasbeenmeasuredusingthe “leave-one-out”testwith LVQ andyielding an averageclassificationrateof
93.9%.

5. CONCLUSION

The two methodsbasedon coherentlight that have beenpresented–theoptical Fourier transformandscattering–are
shown to be capableof classifyingsatin-finishedmetallic partsaccordingto the classescurrentlyemployed by human
inspectors.For eachof thesemethods,relevant featureshave beenidentified,particularly in the caseof the scattering
device.
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(a)Principalcomponentanalysison (a) the
five featurevectorsdefinedin section4.2.
Conforming parts are indicated by ( © ).
The remaining nonconformingparts are
dueto differentassignablecauses.
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ing ( � ) from nonconforming( © ) parts.

Figure10.PCAresultson scatteringfeatures

Thesemethodsprovide gooddiscriminationamongclasses,asattestedby the high classificationrates(100%using
PCA) and the robustnessdemonstratedwith the leave-one-outtest. The optical Fourier transformfeaturesyield more
discriminantfeaturesthanthescatteringones,but moresampleswouldbeneededto confirmthispoint.

Besidesthecapabilityof classifyingsatin-finishedpartsinto the sameclassescurrentlyemployedby the humanin-
spectors,the two methodsprovide 2 furtheradvantages.By associatinga number, or rathera vectorto eachpartunder
inspection,they provideaquantitative,andhenceobjective,measurementthataffordscomparisonacrossdifferentopera-
torsandproductionlines.Suchquantitativeinformationaffordstheoperatorsto impose,dependingonthecircumstances,
moreor lessstringentconditionsonthequalityvariability of theparts.Furthermore,by distinguishingdifferentsubclasses
of nonconformingparts,assignablecausescanbeassociatedto eachsubclass,thusfacilitatingprocessimprovement.

The two systemsstudiedin this projectaresuitablefor online inspection,asthey canoperateat frame-rate,25 Hz.
Indeed,they requireacquiringa single imageand the subsequentprocess,on 15- or 5-dimensionalvectors,is simple
vectoralgebra.Severalsuchmeasurementsperpartwould beneededto actuallyclassifythepartbut thetotal time taken
would still afford its usein productionlines. Particularly so for manually-operatedlines asin the luxury watchmaking
industry.

As for thesimplicity requiredfor theirusein aproductionenvironment,thescatteringdevice is themostsuitableone.
Its only opticalelementis thecameraobjective,andit is notverysensibleto positioningandorientationof thepartunder
inspection. It is the most likely candidatefor miniaturizationanduseasa portabledevice for online inspectionby the
manufacturingoperatorsthemselves.

Of coursesucha systemwould have to undergo a new training for eachmajorchangein production,suchasa new
brushingtechnique,or moreparticularlyadifferentmaterialor adifferentpartshape.

5.1.Futur ework

The next stepsto accomplishtowardsa production-lineclassificationof metallic satin-finishedsurfacesusingcoherent
light are threefold. The currentclassificationis basedon areasof approximately ª�«¬¢�¢ £ , but the partsare typically
severalsquarecentimetersof surface.Sincescanningthewholepartwouldbetoo time-consuming,acceptance-sampling
methodologiesshouldbeusedto determinethenumberof samplesperpartthatarenecessaryto classifyit within agiven
confidenceinterval andthesetupshouldbemodifiedto positionthepartaccordingly. Secondly, theclassifiersshouldbe



testedon a largernumberof partsto besureof their statisticalrelevance.And finally, theperformanceof theclassifiers
shouldbetestedon rounded,satin-finishedsurfaces,thatarethemostcommonones.
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