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ABSTRACT

Somemanufcturingprocessesuchassatinfinish on stainlessteelpartsfor thewatchmakingandbiomedicalindustries,
apply purely aestheticglobal criteria for their quality control. This controlis currentlyperformedby humanoperators,
andis foundto be subjective, dueto variability in operatorjudgement.This projectaimsto develop a device for auto-
matic, production-lineclassificatiorof satinfinish accordingo theaestheticriteriacurrentlyappliedin thewatchmaking
industry We exploit two coherentight phenomendo producefeaturesto classifythe partsinto the sameclassesndi-
catedby humanoperators.The analysisof the optical Fourier transformandthe scatteringpatternare usedto generate
high-dimensionafeaturevectorsfor their subsequentlassification. The vectors,correspondingdo differentregions of
the part surface,are classifiedusing Principal ComponentAnalysisand Kohonennetworks. Experimentakesultsshov
that both optical phenomenagrovide featurescapableof discriminatingbetweenconformingand nonconformingparts.
Classificationis simpleenoughto afford aninspectionn underl s andits robustnesfasalsobeenverified. We have thus
completeda first steptowardsa simple, production-linedevice capableof providing an automatic,objective evaluation
basedon aesthetiquality criteria.

Keywords: Classification scatteringoptical Fourier transform,aesthetiaquality-control,satinfinish on metalsurface,
PrincipalComponen®nalysis,KohonenNeuralNetworks

1. INTRODUCTION

Many industrialinspectiortasksareconcernedvith verifying the presencepositionor orientationof a partor component
or elseverifying its dimensionalconformity to given specifications.Thesetasksare usually automatedusing computer
vision systemsOtherinspectiontasksverify thesurfacestateof the parts typically by testingtheirmechanicaproperties,
andthesearealsohighly automatedThereis atype of inspectionin betweernthesetwo thathasbeenhardly automated:
aesthetiqquality control. In the watchmakingmicromechanicshiomedical(implants)andjewelry industriespartshave
to conformto aestheticriteriasuchasglitter, transparenyg hue,etc.

This projectdealswith theinspectionof the satin-finishoperatiornon stainlessteelpartsin thewatchmakingndustry
The main physicalattribute of satin-finishedpartsis the parallel, regular groovesthat conferthema matteaspect.The
partsaretypically manuficturedby brushinga prepolishedmetalsurfacewith a diamond-embeddeatatingbrush.The
quality of the partdepend®nthesurfacestateof theprepolishegarts,onthebrushwear, the pressur@ppliedonthepart,
thedurationof thebrushingaswell asthe dexterity of the operator-in the luxury watchmakingndustrythis processegs
usuallycarriedout manually

Inspectionis currentlyperformedmanuallyby specially-trainecdhumanoperatorsThereforetheir evaluationis quali-
tative, evensubjectve asfatigueandexternalpsychologicafactorsinduceagreatintra- andinteroperatowrariability. The
ultimategoalof this projectis to build a portabledevice for theonline,contactlesgharacterizationf partsbasedn their
surfaceappearanceThis device shouldprovide an objective, repeatableand quantitatve evaluationof the part. To this
endwe have exploited two coherent-lighpphenomendo provide us with featurego classifythe piecesaccordingto the
classeglefinedby the humaninspectors.
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This paperis organizedasfollows. In section2 we describethe classificatiormethodologywhich is commonto both
methods.Thefisrt method basecbn the optical-domairFouriertransformis discussedh section3. Section4 dealswith
scatteringasa surface-characterizatiomethod. The paperis completedwith a conclusionthat sumsup the resultsand
compareshem.

2. METHODOLOGY

The two systemsfor the classificationof satin-finishedpartsthat we have developpedemploy the sameclassification
methodologywhich we describein this section.

The goal of the classificationis to cateyorizethe partsinto several classes- at leasttwo: conformingandnoncon-
forming, but thelastonecanbedividedinto subclasseaccordingto differentassignableauseof the defects— andthis
classificatiorhasto correspondo the onegivenby the humanoperators.

If the actualcriteria employed by the humanoperatorsvere known, their classificationcould be easilyreproduced.
Unfortunatelly althoughhumanoperatoraindego a training phaseo defineandstandardizéheir decisioncriteria, these
arenot suficiently formalizedanddo not have a sufficiently quantitatve natureto be usedby a computer Thereforewe
have usednew, artificial criteriaandwe have tried to matchthe cathgoriesthusobtainedo the onesdefinedoy thehuman
operators.

Thecriteriausedfor classificatiorarebasedn somequantitatve characteristicsf the parts,calledfeatuies Because
of the compleity of the problema singlefeatureis not sufficient, we will needto useseveral of themthatwe will group
into afeatuie vector. Thus,eachpartor rather eachinspectedareaof the parthasanassociatedeaturevector

Classificationconsistsin assigningto eachfeaturevector a 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 The classifieroperate®n vectorsandis completelyunavareof the physicalmeaningof the
featuresor vectorcomponentsThesecanbelight intensitiesin onecaseandspatial-frequeng power-densityin another
Henceclassifiersaaregenericalgorithmsthatcanbeappliedto differentproblems.

The processve have followedis schematizedh figure 1. Imagesrelatedto the partsunderinspectionareacquiredas
describedn sections3.2and4.1. Next severalfeaturesareextractedfrom theimages(cf. sections3.3and4.2)to form
thefeaturevectors.Thesefeaturesarebasednthe propertiesof coherentight reflectinguponthesatin-finishedmetallic
surfaceof the parts.In somecasedeaturesmayundegoadimension-reductiostage(cf. section2.1) beforetrainingthe
classifier(section2.2). ThefeedbacKoop indicatesthatif thetrainingis unsuccesfulnew featuresshouldbe soughtand
the processtartedagain.
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Figure 1. Classificatiorprocessimageselatedto the partsunderinspectiorareacquirecandfeaturesareextractedfrom themto form
the featurevectors. In somecasedeaturesmay undego a dimension-reductiosstagebeforetraining the classifier If the trainingis
unsuccesfulthe processhouldbe startedagainwith differentfeatures.

2.1. Dimensionreductionwith PCA

In somecasedeaturevectorscanbevery high-dimensionalThis complicateghe classificatiortasksbecaus¢heamount
of datacanbe overwhelming- thetime it takesthe classifierto learnincreasesvith the dimension- andbecausenary

featurescanturn outto be uselessthusintroducingnoiseinto the system.To limit theseproblemsjn somecasesve have

addeda dimension-reducingtep,shavn in dashedinesin figure 1.

PrincipalComponenfnalysis(PCA)! hasbeenusedfor dimensionalityreduction.It is astatisticatool thatcomputes
the linear transformation(linear combinationsof vector components}hat presenes mostof the varianceof the input



distribution andeliminatesthe rest. The rationalebehindit is thatcomponentgandtheir linear combinationsthathave
low variancedo not provide enoughinformationandthatfurthermorethis variancecouldbe dueto measurementoise.

This allows us to startfrom a high numberof features,even “wild guesses’and then, by using the PCA, select
the most relevant featurecombinations’3 It is even possibleto further simplify thesecombinationsby identifying
the individual featuresthat have the highestparticipation(called loading) in the combination. The exact procedures
thoroughlydiscussedh.*

Becausehe transformations linear —it actually providesa rotation matrix— dimensionalityreductionis a very fast
operation.However, sincethe transformatiorhasto be orthogonat its performances degradedfor datathatdo not lie
alongstraight,orthogonalirections.

If theinputvectorsarereducedo 2 or 3 dimensionstheresultingdistribution canbeeasilyvisualizedand,if it shavs
distinguishable&lustersof databelongingto asimilar classthenin mostcasest is possibleto manuallydefinetheborders
amongclassesAs we will show in sections3.4and4.3,in mostcaseghis manualclassifications sufficient.

2.2.Classifiers

The last stepin the processs applyingthe actualclassifier Besidesthe manualclassificationdescribedn section2.1
we have usedSelf OrganizedMaps (Kohonennetworksy andLearningVector Quantization(LVQ)!: ¢ to automatically
classifythe dataandtestthe robustnes®f the classificatiorby introducingnew, differentdata.

Kohonennetworks, in their 2D version,try to cover the N-dimensionalinput distribution by unfolding a grid of
neuronghatbestapproximatgin theleastsquaresensejheinputdata. They canbethoughtasa non-orthogonabersion
of the PCA. As the latter, Kohonennetworks areunsupervisealgorithms thatis, they do not requireto know to which
classesheinputdatabelong.Ratherthey try to find the“naturalclasses’in thedistribution (aslong asthey exist). In our
caseit is necessaryo verify afterwardsthatthesenaturalclassesorrespondvith the classificationgiven by the human
operators.

LVQ, ontheotherhand,is a supervisedlassificatioralgorithmbasedon Kohonenmaps.It requiresthatthetraining
databe labeledwith the classthey belongto. Becauset hasthis additionalinformationregardingthe classesL.VQ can
provide a betterclassificationthanunsupervisedgystemsdo. However, it cannot find more classeghanthe onesgiven
duringtraining.

3. OPTICAL FOURIER FEATURES

The regular groovesof the satinfinish confera certainperiodic structureto the parts. Indeed,a testwe had conducted
with anoptical profilometef hadshawn thatthe grooveshada typical periodicity of 10 um. We have thereforeexplored
theuseof this periodicity, asspatial-frequengfeaturesto distinguishthe typesof satin-finish.

The Fouriertransformof animageof the partsprovidesthesefeatures.To renderthe procesgaster we have optedto
performthe Fouriertransformin the opticaldomain.

3.1. Optical Fourier Transform

The Fourier transformcanbe obtainedin the situationdepictedin figure 2. A sourceof coherentmonochromatidight
projectsa planewave on agrid or similar intensity-modulatiorpatternon planeX; . A lens(L,) focusegheimageof the
patternontheimageplaneXs, whichis beyondthefocal planeof thelens>is.

The scalarfield in 35, Us, is proportionalto the Fourier transformof the modulationm(7) in planeX; anda phase
term®9 asin eq.1.

Uy=[—— -U-e”“os-e”ﬁ>-ﬁzdi 1
) (AOS . (@) 1)

A light-intensity detector suchasa CCD cameraplacedin planeX; would recordthe intensityl = U, - Uy «
|m(@)|?. Therefore the imagetaken by the camerais proportionalto the squaremagnitudeof the spatial-frequeng
spectrunof themodulatingpatternm (7).
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Figure 2. A thin lenscanperformthe Fouriertransformin the opticaldomain

3.2.Setup

The principle outlinedabore hasalreadybeenusedin industrialinspection but mostly for transmissie objectsor mate-
rials.!% 11 For this projectwe have usedafinite distancereflective versionof the setupshawn in figure 2. Comparedo
theafocalsetup it requiresa singlelensandaffordsto illuminate largersurfaces:?

A diagramandpictureof our setupis shavn in figure 3. An almostplanewave is generatedby couplinga 632.8nm
He-Nelaserto a 4 um-diameteropticalfiber, thuscreatinga point source. A large diameterlens (48 mm) focusesthe
laserlight on the partundertest, creatingan elliptical spotof 16 x 8 mm?2. The reflectedlight is projectedon a white
screeranda CCD cameraat 350mm from it takesa pictureof theintensitypattern.

Coupler
|1 _LASER |

Part under test

Figure 3. Setupfor the optical Fouriertransform

Becausehe partsunderinspectionhave a microstructure-the grooves—andwe areusing coherentight, scattering
appearsandthe resultingimageis not exactly the Fouriertransformof the modulationfunction. Figure4(a) shavs the
resultingimageswheninspectinga conformingand a nonconformingpart. The light stripe indicatesthe presenceof
spatial-frequenciealongonly onedirection.

3.3.Data

We have analyzedabatchof 7 flat, satin-finishegarts: 3 conformingonesand4 nonconformingones dueto two different

causeqa badly prepolishedsurfaceanda changeof directionduring brushing). From eachpart9 differentzoneswere

sampledthereforeproducingatotal of 63inputvectors.Sincethe Fourierimageqfigure4(a))aremostlyunidimensional
we have takentheintensityprofile alongthe stripe,asshovn in figure 4(b).

Theprofileis centeredn the brightestpixel (speculareflectionspot)andit is 532 pixelslong. To reducenoisein the
profile and obtaina more comparableesultswe have applieda 5-pixel wide medianfilter. After filtering, the intensity
profilesaredirectly usedasfeaturevectors.Thustheinput dataare63 vectorsin a 532-dimensionaspace.



(a) Two imagesobtainedwith the optical
setup.Ontop, a conformingpart, belov a
nonconformingone.

Intensity profile along main axis: conforming part

Intensity profile along main axis: nonconforming part
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Figure 4. Optical-domairFouriertransformfeatures

3.4.Results

We have performeda PCA (cf. section2.1)andprojectedthevectorsontheir 2 principalcomponentsTheresultis shovn
in figure 5a. The vectorsform 3 clusters but they arenot perfectlyseparablesinceconformingparts(x’s) and someof
thenonconformingparts(diamondsjaremixed. By selectinghe 15 vectorcomponentshatcontritutethe mostto these2
principalcomponent$the noisiestinputsareeliminatedandthe subsequerPCA yieldsa perfectlyseparabl@istribution

(cf. figure5).
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Figure5. Principalcomponentainalysisusing(a) 532featurepervectorand(b) the 15 mostimportantcomponentsConformingparts
aremarkedas(x), nonconformingpartsdueto a changeof directionduringbrushingaremarked as(o) andnonconformingpartsdueto
faulty prepolishingaremarked (¢). The PCA usingthe 15 mostimportantcomponentsiffords a perfectseparatiorof thethreeclasses.

Becausehe3 clusterdn figure5 areseparabldy verticallines, thefirst principalcomponents sufficientto distinguish

thedifferenttypesof satin-finishedarts.

To furthertestthe relevanceof the Optical Fourier featuresandin orderto testthe robustnes®f the classificationa



Kohonemeuralnetwork hasbeenemployed. A self-olganizednapwastrainedfollowing a “leave-one-out’procedure.
For all 63 input vectors(7 partsx 9 measuresj vectoris taken out andthe network trainedwith the remainingones.
After thetrainingthe left out vectoris usedto verify if the network correctlyclassifiest. In this way an errorratecan
be establishedor the network andtraining databaseln our case a 3x3 self-olganizedmapwastestedandit produceda
100%classificatiorrate.

3x3 Kohonen map on PCA space
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Figure 6. 3x3 Kohonenmap projectedon the PCA space.Conformingpartsaremarked as(¢), nonconformingpartsdueto a change
of directionduringbrushingaremarkedas(o) andnonconformingpartsdueto faulty prepolishingaremarked (x).

4. SCATTERING FEATURES

Metallic surfacescanbeconsideredlat or roughdependingon whetherincidentlight is reflectedn a diffusive or specular
way. If thesurfacestructureis of the sameorderof magnitudeof thewavelength Rayleighscatteringwill occur!® Thus
scatterings acommonopticaltechniqueusedin surface-roughnessieters® 1> anda whole conferences devotedto the
subject!®

Therearetwo typesof scattering-basedystems.Thosethatyield a scalarvalue,suchassurfaceRMS or aninten-
sity ratio betweenscatterecandreflectedlight,!®> andthoseyielding a multidimensionaimeasuresuchasthe scattered
intensityalongeachangle,asin theangle-resoledscattering/ARS) devices!”
4.1.Setup

Sincescalarvaluemeasurementso not provide enoughinformationto distinguishsatin-finishedarts—differentsurface
statescanhave the sameRMS—we have choserto build anangle-resoledmeasuremerdevice.

fiter 630 nm =" goreen

ccb ﬁii”

[LASER

A=632.8nm part under test
PC

Figure 7. Setupfor angle-resoled scatteringor characterizatiof satin-finishedsurfaces.



The ARS setuphasbeenbuilt basedon a grayscaleg-bit CCD camerafigure 7). It consistsof a 632 nm laserthat
projectsa 10 mm? spoton the metallic surfacewith a high angleof incidence(60-70degrees). Suchan anglemakes
the subtendedvidth of the groovescloserto thewavelength whichis a necessargonditionfor scatteringo occur The
partis placedwith the groovesparallelto the planeof incidencebecausdt yieldsaconcentratedcatteringpatternthatis
easierto acquirewith the CCD camera.The scatteringpattern(cf. figure 8) is reflectedon a screerandthe CCD camera
takesanimageof it for furtherprocessingntheaccompaying PC.

Thescatteringpatternformsanarc,the curvatureof which depend®ntheangleof incidenceandits thicknesgdepends
onthedispersiorof the gratingperiodaroundits average'®

(a) (b)

Figure 8. Scatteringpatternproducedy reflectionon a satin-finishecpart. (a) On a conformingpartand(b) on anonconformingpart
dueto a nonuniformbrushingdirection.

4.2.Data

The samebatchof partsdescribedn section3.3, consistingof 3 conformingand4 nonconformingparts,hasbeenana-
lyzed. To this end10 differentzonesperparthave beenmeasuredisingthe setupdescribedabove.

For eachimagea circular regressionhasbeenusedto renderthe measuremennvariantto the curvature,i.e. the
angleof incidence Usingtheregressiontheintensityprofile alongthe curve is computed Similarly, theintensityprofile
alonga perpendiculatine passinghroughthe speculareflectionspotis computed.Next, the following 5 featureswere
extractedfrom theimage(cf. figure9):

e Theaverageof theintensityprofile alongthe circularregression.

e Theaverageof theintensityprofile alongthe perpendiculaline.

e Thessize of the scatteringpattern,definedasthe numberof pixels above a value of 15 andbelov a value of 60.
Thanksto thefilter in front of the camerathe systemis invariantto ambientillumination and absolutethreshold
valuescanbeused.

e Thesizeof the speculareflectionspot,definedasthe numberof pixelsabose avalueof 60.

e Thedispersion(variance)of the scatteringpatternaroundthe circular regression.This featureis a measureof the
“unstructurednessif the satin-finishedsurface.
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Figure 9. Thefeaturesextractedfrom theimageof a scatteringpattern.

4.3.Results

A principalcomponentinalysisof the featurevectorsdescribedn section4.2 hasbeencarriedout. TheresultingPCA is
shavnin figure10(a). Conformingpartsareindicatedby (O0). Nonconformingpartsaredueto differentassignableauses:
(*) imperfectprepolishing,(o) imperfectprepolishandnonuniformbrushingdirection, (+) brushingon unevensurface.
Partsseemto be clearly clusteredaffording a distinction betweenconformingandnonconformingparts. Furthermore,
nonconformingpartscanbe classifiedaccordingto their assignableausethusaffording to correctthe process.

Classificationcan be further simplified by taking the two principal features,as indicatedby the PCA. Theseare
the averageintensity along the perpendiculatine andthe size of the specularreflectionspot. Figure 10(b) shows that
these2 featuresdiscriminatebetweenconformingand nonconformingparts, but they cannotdistinguishsubclassesf
nonconformingparts.

A 3x3neuronLVQ classifierhasalsobeenappliedon the data,obtaininga 96.6%classificatiorrateaftertrainingfor
1 epoch,whereanepochdefinesthe numberof timesa featureis presentedo the neuralnetwork. The robustnes®f the
classificationhasbheenmeasuredisingthe “leave-one-out’testwith LVQ andyielding an averageclassificatiorrate of
93.9%.

5. CONCLUSION

The two methodsbasedon coherentlight that have beenpresented-the optical Fourier transformand scattering-are
shawn to be capableof classifyingsatin-finishedmnetallic partsaccordingto the classescurrently employed by human
inspectors.For eachof thesemethods relevant featureshave beenidentified, particularly in the caseof the scattering
device.
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(a) Principalcomponentnalysison (a) the
five featurevectorsdefinedin section4.2.
Conforming parts are indicated by (O).
The remaining nonconforming parts are
dueto differentassignableauses.

(b) Plot of thetwo principalfeaturesaver-
ageintensity along perpendiculatine and
sizeof speculareflectionspot. Thesefea-
turesaresufiicient to distinguishconform-
ing (x) from nonconforming0) parts.

Figure 10. PCAresultson scatteringeatures

Thesemethodsprovide gooddiscriminationamongclassesasattestedy the high classificatiorrates(100% using
PCA) andthe robustnessdemonstratedvith the leave-one-outtest. The optical Fourier transformfeaturesyield more
discriminantfeatureghanthe scatteringones but moresamplesvould be neededo confirmthis point.

Besidesthe capability of classifyingsatin-finishedpartsinto the sameclassesurrentlyemployed by the humanin-
spectorsthe two methodsprovide 2 further advantages.By associatinga number or rathera vectorto eachpartunder
inspectionthey provide a quantitatve, andhenceobjectve, measuremerthataffords comparisoracrosdifferentopera-
torsandproductionlines. Suchquantitatve informationaffordsthe operatord¢o impose dependingnthe circumstances,
moreor lessstringentconditionsonthequality variability of the parts.Furthermoreby distinguishingdifferentsubclasses
of nonconformingparts,assignableauseganbeassociatetio eachsubclassthusfacilitating processmprovement.

Thetwo systemsstudiedin this projectare suitablefor online inspection,asthey canoperateat frame-rate 25 Hz.
Indeed,they requireacquiringa single image andthe subsequenprocesson 15- or 5-dimensionalectors,is simple
vectoralgebra.Severalsuchmeasurementgser partwould be neededo actuallyclassifythe partbut thetotal time taken
would still afford its usein productionlines. Particularly sofor manually-operatetines asin the luxury watchmaking
industry

As for the simplicity requiredfor their usein a productionervironment,the scatteringdevice is themostsuitableone.
Its only opticalelementis the cameraobjective,andit is notvery sensibleo positioningandorientationof the partunder
inspection. It is the mostlikely candidatefor miniaturizationand useasa portabledevice for online inspectionby the
manufcturingoperatorthemseles.

Of coursesucha systemwould have to undego a new training for eachmajor changein production,suchasa new
brushingtechniquepr moreparticularlya differentmaterialor a differentpartshape.

5.1. Futur e work

The next stepsto accomplishtowardsa production-lineclassificationof metallic satin-finishedsurfacesusing coherent
light are threefold. The currentclassificationis basedon areasof approximatelyl0 mm?, but the partsare typically
severalsquarecentimeterof surface.Sincescanninghewhole partwould betoo time-consumingacceptance-sampling
methodologieshouldbe usedto determinghe numberof sampleger partthatarenecessaryo classifyit within agiven
confidencdnterval andthe setupshouldbe modifiedto positionthe partaccordingly Secondlythe classifiersshouldbe



testedon a largernumberof partsto be sureof their statisticalrelevance.And finally, the performanceof the classifiers
shouldbetestedon rounded satin-finishedsurfacesthatarethe mostcommonones.
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