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Abstract

Fineandsparsaletails,asde nedin thisstudy occurin severalapplicationsvhere
imageprocessinganbeapplied. Thede nition of ne andsparsaletailsis given
in the domainof gray level histogramdby establishingsufcient statisticalprop-
erties. In experiments,arti cial datawas generatedrom a model basedon the
de nition, andserveralthresholdingnethodsverecompared Basedon the exper

imentson arti cial data,it seemghatthe minimum errorthresholdingoby Kittler

andlllingw orth outperformghe othermethods.The resultwasveri ed usingim-

agesfrom IGT picking paperprintability assessmentheresmall surfacedefects
mustbe detected Furthermorejmageenhancemerdanda minor adjustmento the
minimumerrorthresholdingareintroducedo achieve optimalperformancen IGT

picking papemrintability assessment.

1 Intr oduction

Binary thresholdings oneof themostcommonlyusedandessentiabperationsn dig-
ital imageprocessingln mary imageprocessing@pplicationsthresholdings usedat
somepoint of thealgorithm. Althoughthethresholdingoperationitself is very simple,
the problemof estimatingthe optimalthresholdvalueis not trivial atall. For asingle
image,the optimal value can be selectedmanually but adaptve thresholdingmeth-
odsareneededo automaticallyestimatethe optimal value. Dueto its importancethe
adaptve thresholdinghasbeenstudiedfor a few decadesandawide variety of differ-
entmethodshave beenproposedseee.g.[7]). Theextensve work in the pastshould
have resultecthat,for any problem,a propermethodshouldappeaamongthe existing
ones.However, new problemcharacteristicarecontinuouslyencounteredh practical
problems,andthus,adaptve thresholdingstill remainsintensvely studiedafter more
than30years.

Most of theexisting methodgerformwell whentheimageforegroundandbackground
constituteareasof sufciently equalsizes,andthe graylevel valueshave substantially
non-overlappingdistributions[7]. However, wheneitheror bothof theassumptionare
notmet,majordif culties canbeencounteredThisis the casein this studywherethe
motivationcomesfrom a problemwheresmall papersurfacedefectamustbe automat-
ically detected?]. A possibleapplicationof this canbethe IGT picking assessment,



whichis adefactostandardor papemprintability (runnability) evaluationin paperand

printing industry The assessmeris basedon papersampleswhich aretestprinted.

Thesesamplescanbe imagedinto a digital form wherelow intensity gray-level val-

uescorrespondo the papersurface,and high intensity gray-level valuescorrespond
to smalldefectson the surface. The numberof defectsis typically very smallmaking

thegray-level histogramsalmostunimodal.Additionally, the gray-level valuesof both

defectsandsurfaceoverlapsigni cantly. The spatialdistribution of the defectscanbe

consideredasrandom,andthus, thereis motivation to apply generaladaptie thresh-
olding methodshasednthe gray-level histogramfor detectionof such ne andsparse
detailsin images.

In this study the problemof adaptve thresholdingto bring up ne and sparsede-

tails is assessed.To nd the mostsuitablemethodfor the given task, well-known

andwell-performinggeneraladaptve thresholdingmethodsand methodsspecialized
to unimodalhistogramswvere compared.In the presentedxperimentsthe minimum

errorthresholdingoy Kittler andlllingw orth outperformedheothers.With aminorad-

justmentto the threshold,and properimageenhancementhe methodcanaccurately
detectne andsparseletailsfrom IGT pickingimages.

2 Fine and sparsedetails on non-textured noisy back-
ground

The motivationsand possibleapplicationareasfor methodsto detect ne andsparse
detailsare explained rst. In this particularcase,the problemwasto automatically
performthe visualassessmentf IGT picking samples.An IGT picking device prints
atestpatternon a paperor a boardsample.The numberof visible defectse.qg., ber
buf ng or coattearing,is assumedo provide informationaboutprinting propertiesof
a particularpapertype (printability andrunnability). For more detailsandreferences,
se€[2].

ThelGT picking apparatuss a mechanicatlevice which doesnot produceary image
dataof the samples.To getthe imagedata,the stripsof paperandboardaredigitally
photographedinderoblique lighting (Fig. 1). In Fig. 1(b), the gray-level histogram
of the strip canbe seen.A morethoroughdescriptionof papertestingandthe image
acquisitionprocedurecanbefoundin [2].

In Fig. 1, thedefectsarenotclearlyvisible, andtheimagingsuffersfrom thedistortions
characteristido boardstrips (e.g., curliness). However, after properimageenhance-
ment, the defectsappearas tiny spotshaving higher intensity than the surrounding
non-texturednoisybackgroundFig. 2).

The separatiorof imageareasinto background(papersurface)and foreground (de-
fects)is moreunderstandablérom Fig. 2. For further processinghowever, a suitable
thresholdvalueatwhich defectson the papersurfacebegin to appeain theforeground
mustbe selectedBasedon the setof testsamplesit wasfound outthatthe proportion
of pixelsrepresentinghe defectswas0.5-3.0%o0f total imagingarea,andthey partly
sharedntensityvalueswith backgroundixels. Thus,the backgroundandforeground
arescramblednto a nearlyunimodalgray-level histogrammakingthe selectionof the
thresholdvalueavery dif cult problem.
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Figure 1: (a) Imageof IGT picking sample(coatedboard) capturedunderoblique
lighting (in 3 piecesfor a betterpresentation{b) Gray-level histogramof the sample.

Figure2: Enhancedmageof IGT picking sample.

Thenatureof thedefectsandtheir presencén thegivenproblemhave motivatedusto

introducethe notion of ne and sparsedefects It shouldbe notedthat the wordsde-
tails anddefectsareusedinterchangeablyn this study The ne andsparsealefectsare
small( ne) andisolated(sparseyignalpatchesomprisingonly aminority of thetotal

imagesize. Theirintensitiesarecloseto or mixedwith thebackgroundntensityrange.
To studythe problemmore analytically a statisticalmodelof sparsedefectsmustbe
derived rst. Basedonthestatisticalmodel,arti cial datacanbe generatedor method
comparisonsanda suitablethresholdingnethodcanbe selected.It mayalsobe nec-
essanyto visualizethe statisticalmodelto assurahatthe arti cial datacorrespondso

therealdata.

2.1 Model for ne and sparsedetails

If thespatialrelationshipsareneglected imagepixelscanbeconsideredisrealizations
of arandomvariable. For a sufciently large image,the gray-level histogramcorre-
spondsto the probability densityfunction of the randomvariable. In this case,it is

sufcient to modelthe probability densityfunction (pdf) to modelthe ne andsparse
details.

A noisy backgroundcan be modeledwith a single probability densityfunction, and
foregrounddefectscan be treatedas a mixture of probability densityfunctions. Fi-
nally, a pdf for ne andsparsedetailsconsistof a weightedsumof pdfsfor boththe
foregroundandbackground.

Intensitiesof backgroundgpixelscanbe modeledby valuesof arandomvariablehaving
the normaldistribution N (* ,; %) with the meanvalue! ,,, andstandardieviation ¥%,.



Defectsappearandomlyin the spatialdomain,andtheir graylevels canalsobe mod-
eledusinga singlepdf. Thus,eachdefectcanbe modeledby alow probability (low a
priori) randomvariablewhich adherego the normaldistribution

L (xi *a(i))?
i 2%4(i)?

Pa(i) p—= e 4 1
a( )F’m 1)
where? 4(i) and%(i) denotethe intensitymeanvalueandstandardieviation for the
i-th defect,and Py (i) correspondso the a priori probability to encounteithe defect.
However, sincea single defectis highly localized(concentrateghearto a single spa-
tial location),the Pq4(i) corresponds$o a proportionalspatialsize of the defectrather
thana true a priori probability Correspondinglythe proportionalspatialsize of the

backgrounds X
Pp=1j Pa(i) : 2

[
Now, theresultinghistogramof ne andsparselefectson a non-texturednoisy back-
grounddependssolely on the setof parameter$® p; 34; 1 q(i); ¥a(i); Pq(i)g. Finally,
the compositeprobability densityfunction which de nes the expectedshapeof the

histogramis

L (Xi *p)? « L (xi *a(i)?
- 2% ; 2%4(i)? .
f (x) Pbp?%e + | Pd(l)pme 4 <))

To compareexisting thresholdingnethodsdifferenttypesof histogramsf sparsede-
fectscanbe generatedy varyingthe parameter$ ,, %, * ¢(i), (i) andPgy(i). One
moreconsideratioris thedistributionof L 4(i) and¥(i). Probablythesimplestclassof
sparsalefectswhichis actuallysimilarto theonesencountereéh pickingimageshas
a uniform distribution * 4(i) » U(a;b) or normaldistribution® 4(i) » N(*:.,; %),
andstandarddeviation ¥g(i) » N (* s,; %, ). Differentparameterso generatesparse
defectsandresultswith variousmethodon thesecasesareconsideredn Section4.

2.1.1 Model visualization

For thevisualizationamodelin thespatialdomainthatcorrespondso themodelin the
domainof gray-level histogramsnustbe de ned. This modelincludesthe histogram,
andamappingfrom thehistogranto the spatialplane.The spatialmodelmustbe con-
sistentwith the histogrammodel,andhave the sameparametersheresultingarti cial
imagepossessethe samehistogramasobtainedvia the histogrammodel.

First, theimagebackgrounds generatedisinga randomvariablewith the samedis-
tribution and parameter$ ,, and 3% asdescribedfor the histogrammodel. Next, the
defectsarerandomlyseededn the noisy background For eachdefect,the areais de-
rivedin accordancevith the total imagesize,andthe proportionaldefectsize Py(i).

Finally, eachdefectareais alteredwith valuesof the correspondingandomvariable,
N (* 4(i); %a(i)). To vary alsothe sizesof defects,the proportionalareacan be de-
rivedfrom Pqy(i) = N(*p,; ¥,). It shouldbe noted,however, thatif a certainfore-

ground/backgroundatio is required,the proportionalsizesP4(i) mustbe normalized
to achieve therequestedatio.



Now, usingthe histogrammodelandthe visualizationmethod,arti cial imageswith
ne andsparseletailscanbegeneratedAn exampleof anarti cial imageis shavnin
Fig. 3.

Figure3: An arti cial imagewith ne andsparsedetailsgeneratedisingthe visual-
ization of the histogrammodel(*p, = 0:3, % = 0:0551i = 1;:::;50, *4, = 0:01,
¥y, = 0:002 foreground/backgroundatio= 0:015p, = 5, ¥, = 3).

3 Candidate thr esholdingmethods

Thresholdingmethodsare basedon the assumptiorthat the gray levels of pixels be-
longingto objects(foreground)aresubstantiallydifferentfrom thegraylevelsof pixels
belongingto thebackgroundHowever, characteristicsf thehistogramandthespatial
distribution of objectsmake somethresholdingmethodsmoresuitableto speci ¢ tasks
thanothers.

Propertiesof the histogramsof ne andsparsedetailson a non-textured background
weredescribedn the previous section.Basedon the de nition, suitablethresholding
methodswere searchedrom literature. First, the mostpopularand well-performing
general-purpos¢hresholdingmethodswere applied, and secondly several methods
designedspeciallyfor unimodalhistogramsawverestudied.

3.1 Generalgray level thr esholdingmethods

Generathresholdingnethodsshouldperformwell when(i) theforegroundobjectsand
backgroundconstituteproportionallysamesizesin animage,and (ii) the gray-level
valuesof objectsand backgroundpossessubstantiallydistantand non-overlapping
distributions. Whentheserestrictionscanbe met, one of the mostpopularmethodss
Otsu's method[5], andfurthermore methodsby Kittler etal. [4] andKapuretal. [3]
have beenshavn to outperformmary othersin comparison$7]. Thus,thesemethods
are good candidatesas generalthresholdingmethodsfor the given problem. In the
following, thesethreemethodswill bebrie y reviewed.

3.1.1 Otsu'smethod

Otsu's thresholdingmethodis basedon theideaof nding athresholdvaluethatmin-
imizesthe within-classvarianceof resultingforegroundand backgroundclassed5].
Thus,the optimalthresholdT is calculatedoy minimizing the criterionfunction

PLT)H(T) + Po(T)%(T)
% @

J(T) =



where¥# is the gray-level total varianceestimatedrom the histogram.

Otsuss thresholdingis one of the most widely usedand cited thresholdestimation
method. The methodis very robust, andit providesthresholdingresultsof consid-
erablequality in a vastvariety of cases.However, the methodusuallyfailsto nd an
appropriatehresholdvalueif the numberof foregroundpixelsis lessthan5% of the
totalimagesize.

3.1.2 Kapur' smethod

A thresholdingmethodbasedon entrofy hasbeenproposedy Kapuretal. [3]. The
methodmaximizesclassentropieswhich canbeinterpretecasmeasuresf classcom-
pactnessndseparability In this casethe criterionfunctioncanbegivenas

X h@, Mhe" X hg  Mhg

1o PL(T) 0 5m et P2(D) %9 5

J(T) = (5)

wheren is themaximumlengthof ahistogram.J (T) is maximizedto obtainmaximum
informationbetweertheobjectandbackgroundlistributionsin theimage.Thediscrete
valueT, which maximizes] (T), is thethresholdvalue.

3.1.3 Kittler' smethod

Kittler and lllingworth have proposeda thresholdingalgorithm whosecost function
to be optimizedis basedon the Bayesianclassi cationrule [4]. In this method,it is
assumedhat componentsn the bi-modal histogramin a gray-level imageh(g) are
normally distributed. Normal distributions are de ned by their means! ;, standard
deviations %, anda priori probabilitiesP;. For a caseof two differentclasseqi =
1, 2), the backgroundandforeground,andgiven a thresholdT , the parameterganbe
estimatedrom thefollowing:

xb
Pi(T)=  h(9)
g=a
1 = 1 x
i(T) = e g:ah(g)g (6)
2 R 2
HM= o @ 1T
g=a
where ( g ( g
a=z O ?_1 andb= | !_1 : (7)
T+1 i=2 n i=2

Now, thecriterionfunctioncanbecalculatedas

J(T) =1 + 2[P(T) log % (T) + P2(T) log%2(T)]

| 2[Py(T) logPy(T) + Po(T) logPy(T)] ; ®

andtheminimumerrorthresholdcanbe computedoy minimizing the criterionJ (T).



3.2 Unimodal histogram thr esholdingmethods

As alreadydiscussedmostthresholdingmethodswork in the generalcaseof bi- or
multi-modalgray-level histogramsln suchcasesall modesin the histogramarecon-
sideredto representifferentobjects,or the background However, in the caseof ne

and sparsedetails, thereare only few foreground pixels, and backgroundand fore-
groundpixels sharea wide rangeof intensity valuescausinga substantiabverlapto
the histogram. Thesepropertiesmake the imagesto have a distribution of gray-level
valuescloseto unimodal,thus,the informationavailablefor distinguishingthe details
is hidedsomavherethatlookslike normalbackgrounchoise.Fortunately thisis nota
new problemin the eld of thresholdingbut several differentmethodshave beenpro-
posed.Someof thesemethodshave a moresoundbasiswhile othersaremoreor less
ad hoc solutions. Next, two unimodalthresholdingmethods,Tsai's method[8] and
Rosin's method[6], arebrie y reviewed. Sadly both methodslack or have a weak
intuitive motivation andformal mathematicaton rmation to actually nd anoptimal
thresholdvalue.

3.2.1 Tsai'smethod

Tsaihasintroducedwo similar approacheso imagethresholdingisingsmoothedis-
togramspneof whichis especiallyintendedfor unimodalhistogramg8].

The rst approacHooksfor peaksandvalleysin the histogramsmoothedvith a Gaus-
siankernel. Thesmoothindevelis adjustedo make thesmoothedistogranto contain
exactly the samenumberof peaksasthe desirednumberof thresholdingevels. The
valleys betweenthe peaksare selectedasthe thresholdvalues. In the casewherethe
numberof peakss lessthanthedesirechumberafterusingthesmallesipossibleGaus-
siankernelfor smoothingadditionalthresholdvaluesareselectedasthe maximumsof

cunatureof the histogram.

Thesecondapproachutilizing curvatureis intendedespeciallyfor unimodalhistograms,
andrepresenta customcaseof the rst approachln thecasewhereonly onepeakcan
be foundin the histogramwhich is the unimodalcase the thresholdvalueis selected
asthe intensity value at which the histogramreachedts maximum curvature. The
cunaturevaluesarecalculatedrom [8]
1% -
K= R A i Ayl 9)
j=1

where

= L% he(t+ )i he(ti ),

t — ’
Rj:1 2

arethe smoothecdhistogramvalues. This de nition actuallydiffers from the formula
for anarbitrarycurve curvature.

he(i);i=1:::R (10)

3.2.2 Rosin's method

Rosin's thresholdings anothemethodfor the binary thresholdingn the caseof uni-
modalhistogramg6]. Thealgorithmfor nding thethresholdvalueis extremelysim-
ple:



Algorithm 1 Rosinthresholding

1: Aline is drawnfromthe maximunof the histagramto thelast non-zeo elemenbf
the histogram: (argmax Hi; max H;) ! (argmax [H; = Oand H;; 1 6 0];0),
. | :

I
wheie H; is thei-th elemenbf the histogram.
2: Theoptimalthresholdvalueis selectedhstheintensityvaluewhich maximizeghe
perpendiculadistancebetweertheline andthe histogram.

This methodde nitely lacksintuitive motivation. Thetheoreticaimathematicahnaly-
sisshawvs thatthe methodis almostinsensitve to foregroundpixels,andit actuallyde-
terminesthethresholdvalueusingonly informationaboutthe dominatingbackground

[6].

4 Experiments

The following experimentswere conductedto examinewhich one of the described
methodswvould bethe mostsuitablein thedetectionof ne andsparsedetails. The ex-

perimentswvere conductedusingbotharti cial dataderived from the statisticalmodel
andreal dataof IGT picking images.Usingthe arti cial data,it waspossibleto pro-

ducequantitatve resultsby computingproportionsof detailsnot detectecandfalsely
detectedbackground For thereal data,the comparisorwasdoneby visually compar

ing theresultimages.

4.1 Articial dataderivedfrom the model

With arti cial datageneratedrom themodelin Section2.1,it waspossibleto evaluate
how methodswould performin separatingletailsfrom background.Sincethe distri-
butionsof both foregroundand backgroundvereknown, it was possibleto calculate
proportionsof both distributionsthat fall into the incorrectside of a given threshold
value.

To mimic the behaior on real datathe experimentson arti cial datawere basedon
propertiesmanuallyderived from a setof IGT picking images. The mostsigni cant
nding is that statisticalpropertiesof the detailschangealongthe samplestrips. The
changecanbemodeledasanincreasen apriori probabilityto encounteadefectPy(i)
asdemonstrateih Fig. 4 wherethe shape®of defecthistogramgemainthe samebut
escalating.

Basedon the resultdemonstratedh Fig. 4 is was motivatedto inspectaccuracie®f
the differentmethodsasfunctionsof foreground/backgroundatio that correspondso
thelGT pickingimages(0:1% 5:0%). The statisticalmodelparametersisedin the
experimentwerel, = 0:30, 3% = 0:.055 i = 1;:::;50, 1 4(i) » U(0:50;0:80),
Ya(i) = N(*3,;:%,) = N(0:010:002), andthe foreground/backgroundatio was
variedbetweer0:001and0:050. Example=of arti cial histogramsandimagesfor two
extremeforeground/backgroundatiosareshavn in Fig. 5.

Surprisinglyachangean theapriori valuedoesnotinduceary signi cant changeo the
performancef themethodsasshavnin Fig. 6. Thebehaior is naturalfor themethods
basedon the bi-modality assumptior(Kittler and Rosin). Otsu's methodcompletely
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Figure4: Histogramsof manuallymarkeddefects.
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Figure5: Model-generatetiistogramsandthe correspondingrti cial images:(a),(c)
foreground/backgroundatio 0:001; (b),(d) 0:05.

failed by detectingmost of the backgroundas foreground (Fig. 6(b)), and Kapur's
methodfailedby missingasigni cant amountof foregrounddefectqFig. 6(a)). These
two generalthresholdingmethodsseemnot to be applicableto the given problem.
Tsai's methodperformedwell for smallamountsof defectsbut becameunstablevhen
theforeground/backgroundatio approachedb 0:05 (Figurest(a)and6(b)). Two most
successfuimethodswvereKittler' sandRosin's methods.

Defectsin the IGT picking samplescan be modeledas normal distribution (Figs. 4
and7). Sincethe histogramin Fig. 7 possesa clearly unimodalhistogramit is mo-
tivatedto examinehow the methodsperform as a function of unimodallevel. The
unimodaltolerancecan be testedby varying location of the foregrounddistribution,
thatis, the otherparametersemain x ed, but the meanof foregrounddistribution was
variedbetweerD:36 and0:56. Fromtheresultsin Fig. 8 it is evidentthatall methods
performedequallyin detectionof defectsbut Kittler's methodoutperformedhe oth-
ersbeingmoreselectve andnotdetectingmary backgroundgixelsasforeground(note
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Figure6: Detectionresultsfor arti cial data:(a) proportionof notdetectedoreground
pixels,and(b) proportionof falselydetectedackgroundpixels.
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Figure7: Histogramsof manuallymarkedIGT picking defectsandbackgroundFore-
ground/backgroundatio is 0.005, backgroundmeanis 0.345and standarddeviation
0.011.Foregroundmeanis 0.372andstandardleviation 0.037.

thatKapur's methodis hereomitted).

Basedon the two conductedexperimentsit canbe statedthat the Kittler's methodis
the mostapplicablefor detectingsmall detailsasde ned in this study Theresultwas
veri ed with realdataasdescribedext.

4.2 IGT picking images
A setof IGT pickingimagescapturedunderobliquelighting wereusedastherealtest

setfor the candidatemethods As a precedingstepto thresholdinganimageenhance-
mentprocedurevasappliedto theimages.

4.2.1 Imageenhancement

In practice,inputimagesoften have or they have beenderived from imageswith only
8 bits per pixel, i.e., 256 intensity levels, thus, thereis little motivation to generate

10
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Figure8: Detectionresultsfor arti cial dataasfunctionsof defectdistribution mean
11,1 (a) proportionof foregroundpixelsthatwerenot detectedand(b) proportionof
pixelsthatwerefalselydetectecasbackgroundpixels.

histogramswith morethan256 bins. However, certainimagetransformationssuchas
aconvolution ltering in the oating pointform, candramaticallyincreasehe number
of intensitylevelsandproducdargerhistogramavhich allow amoreprecisethreshold
estimation.

It is clearthat certainimage enhancementechniquesmay lead to a more accurate
thresholdingesultssincesub-lesel accuray is achiered. With ne andsparsedetails,
it canbe bene cial to Iter theimagewith a spotdetectionlter. By ltering with a
simplen £ n lter, thenumberof distinctintensitiesn animagecanincreasaip to the
factorof n? times. Suchimagepreprocessingeforeconstructinghe histogramagrees
with theresultspresentedh [1]. In thecaseof IGT picking imagesthefollowing spot
detectionlter wasused:
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4.2.2 Image examples

In Fig. 9 areshavn two IGT picking imagestheir enhancedersions,andthe results
for all vethresholdingnethods.Theresultswith therealimagescorrespondetb the
resultswith the arti cial data: two of the mostpromisingmethodswere Rosin's and
Kittler's. However, asit waswith thearti cial imagesRosin's methoddetectednore
foregroundpixels, but alsofalselydetectedh large amountof backgroundixels. This
is evidentin Fig. 6 andin Fig. 9. Thus,Kittler's methodcorrespondednore precisely
whatis wantedto be detectedrom the originalimages.

11



4.2.3 Adjustment to Kittler' sthresholding

In this application,even Kittler's methodis too optimistic to detectthe foreground.
From a practical point of view, it is more bene cial to missfew surface defectsto
preventary backgroungixelsto beassignedsdefects.Thisrisk termcouldhave been
embeddedhto Kittler' sandlllingw orth's minimumerrorformulationin [4] but sinceit
would beimpossibleto de ne thepricesof risks,therisk termcanalsobeimplemented
asanadditive or multiplicative con dencefactor® for thethresholdvalue¢,. Since,in
this casethefalsedetectionof backgroundixelsmustbe prevented® , 1. Example
imagesareshavnin Fig. 10. Thechangds notdramatic andthe useis motivatedonly
by thegivenapplication.

5 Conclusions

In this study a modelfor imageswith ne andsparseadetailswasgiven basedon the
statisticsin theimagegray level histogramdomain. Arti cial datawerederivedfrom
themodel,andseveralwell-knowvn andwidely usedthresholdingnethodsverestudied
to experimentallyevaluate,which methodsare the mostpromisingto be usedin the
detectionof ne andsparsaletails.

The proposednodelwas aimedto explain characteristicef the real problemwhere

surfacedefectsmustbe detectedrom digital imagestaken from IGT picking assess-
mentsamplesVisualizationof themodelapproximatelycorrespondetb therealdata,

andtheresultswith realimagesveri ed the behaior with the generatedlata. Based

ontheconductedxperimentsKittler's andlllingw orth's minimumerrorthresholding
wasselectedasthe mostsuitablemethodfor the giventask,andin addition,a proper

imageenhancemergrocedureandan adjustmenfactorto the minimum error thresh-

oldingwereproposedo achieze morereliableresultsin thedetectiorof surfacedefects
from IGT picking images.In the future,anautomaticlGT picking sampleevaluation

systemwill beimplementedhasedn theresultsin this study
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Figure9: Two examplesof IGT picking images andthethresholdingresults.Images

from thetop arethe alignedimage(top), enhancedmage,resultafter Rosin's, Tsai's,
Otsu's, Kapur's, andKittler's method(bottom).
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Figure 10: Effect of the thresholdfactor ® for Kittler's method: (a) ® = 1.0; (b)
®= 1.1.
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