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Abstract

Fineandsparsedetails,asde�ned in thisstudy, occurin severalapplicationswhere
imageprocessingcanbeapplied.Thede�nition of �ne andsparsedetailsis given
in the domainof gray level histogramsby establishingsuf�cient statisticalprop-
erties. In experiments,arti�cial datawasgeneratedfrom a modelbasedon the
de�nition, andseveral thresholdingmethodswerecompared.Basedon theexper-
imentson arti�cial data,it seemsthat the minimum error thresholdingby Kittler
andIllingworth outperformstheothermethods.Theresultwasveri�ed usingim-
agesfrom IGT picking paperprintability assessmentwheresmall surfacedefects
mustbedetected.Furthermore,imageenhancementandaminoradjustmentto the
minimumerrorthresholdingareintroducedto achieveoptimalperformancein IGT
pickingpaperprintability assessment.

1 Intr oduction

Binary thresholdingis oneof themostcommonlyusedandessentialoperationsin dig-
ital imageprocessing.In many imageprocessingapplications,thresholdingis usedat
somepointof thealgorithm.Althoughthethresholdingoperationitself is verysimple,
theproblemof estimatingtheoptimal thresholdvalueis not trivial at all. For a single
image,the optimal valuecanbe selectedmanually, but adaptive thresholdingmeth-
odsareneededto automaticallyestimatetheoptimalvalue. Dueto its importancethe
adaptive thresholdinghasbeenstudiedfor a few decades,anda wide varietyof differ-
entmethodshave beenproposed(seee.g. [7]). Theextensive work in thepastshould
haveresultedthat,for any problem,apropermethodshouldappearamongtheexisting
ones.However, new problemcharacteristicsarecontinuouslyencounteredin practical
problems,andthus,adaptive thresholdingstill remainsintensively studiedaftermore
than30years.

Mostof theexistingmethodsperformwell whentheimageforegroundandbackground
constituteareasof suf�ciently equalsizes,andthegraylevel valueshave substantially
non-overlappingdistributions[7]. However, wheneitheror bothof theassumptionsare
not met,majordif�culties canbeencountered.This is thecasein this studywherethe
motivationcomesfrom aproblemwheresmallpapersurfacedefectsmustbeautomat-
ically detected[2]. A possibleapplicationof this canbethe IGT picking assessment,
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which is adefactostandardfor paperprintability (runnability)evaluationin paperand
printing industry. The assessmentis basedon papersampleswhich are testprinted.
Thesesamplescanbe imagedinto a digital form wherelow intensitygray-level val-
uescorrespondto the papersurface,andhigh intensitygray-level valuescorrespond
to smalldefectson thesurface.Thenumberof defectsis typically very smallmaking
thegray-level histogramsalmostunimodal.Additionally, thegray-level valuesof both
defectsandsurfaceoverlapsigni�cantly. Thespatialdistribution of thedefectscanbe
consideredasrandom,andthus,thereis motivation to applygeneraladaptive thresh-
oldingmethodsbasedon thegray-level histogramfor detectionof such�ne andsparse
detailsin images.

In this study, the problemof adaptive thresholdingto bring up �ne and sparsede-
tails is assessed.To �nd the most suitablemethodfor the given task, well-known
andwell-performinggeneraladaptive thresholdingmethodsandmethodsspecialized
to unimodalhistogramswerecompared.In the presentedexperiments,the minimum
errorthresholdingby Kittler andIllingworthoutperformedtheothers.With aminorad-
justmentto the threshold,andproperimageenhancement,themethodcanaccurately
detect�ne andsparsedetailsfrom IGT picking images.

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

The motivationsandpossibleapplicationareasfor methodsto detect�ne andsparse
detailsareexplained�rst. In this particularcase,the problemwas to automatically
performthevisualassessmentof IGT picking samples.An IGT picking device prints
a testpatternon a paperor a boardsample.Thenumberof visible defects,e.g.,�ber
buf�ng or coattearing,is assumedto provide informationaboutprinting propertiesof
a particularpapertype(printability andrunnability). For moredetailsandreferences,
see[2].

TheIGT picking apparatusis a mechanicaldevice which doesnot produceany image
dataof thesamples.To get the imagedata,thestripsof paperandboardaredigitally
photographedunderoblique lighting (Fig. 1). In Fig. 1(b), the gray-level histogram
of thestrip canbeseen.A morethoroughdescriptionof papertestingandthe image
acquisitionprocedurecanbefoundin [2].

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

The separationof imageareasinto background(papersurface)and foreground(de-
fects)is moreunderstandablefrom Fig. 2. For furtherprocessing,however, a suitable
thresholdvalueatwhichdefectsonthepapersurfacebegin to appearin theforeground
mustbeselected.Basedon thesetof testsamples,it wasfoundout thattheproportion
of pixels representingthedefectswas0.5-3.0%of total imagingarea,andthey partly
sharedintensityvalueswith backgroundpixels. Thus,thebackgroundandforeground
arescrambledinto a nearlyunimodalgray-level histogrammakingtheselectionof the
thresholdvalueaverydif�cult problem.
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(a) (b)

Figure 1: (a) Imageof IGT picking sample(coatedboard)capturedunderoblique
lighting (in 3 piecesfor abetterpresentation;(b) Gray-level histogramof thesample.

Figure2: Enhancedimageof IGT pickingsample.

Thenatureof thedefects,andtheirpresencein thegivenproblemhavemotivatedusto
introducethenotionof �ne andsparsedefects. It shouldbenotedthat thewordsde-
tailsanddefectsareusedinterchangeablyin thisstudy. The�ne andsparsedefectsare
small(�ne) andisolated(sparse)signalpatchescomprisingonly aminority of thetotal
imagesize.Their intensitiesarecloseto or mixedwith thebackgroundintensityrange.
To studythe problemmoreanalytically, a statisticalmodelof sparsedefectsmustbe
derived�rst. Basedon thestatisticalmodel,arti�cial datacanbegeneratedfor method
comparisons,anda suitablethresholdingmethodcanbeselected.It mayalsobenec-
essaryto visualizethestatisticalmodelto assurethat thearti�cial datacorrespondsto
therealdata.

2.1 Model for �ne and sparsedetails

If thespatialrelationshipsareneglected,imagepixelscanbeconsideredasrealizations
of a randomvariable. For a suf�ciently large image,the gray-level histogramcorre-
spondsto the probability densityfunction of the randomvariable. In this case,it is
suf�cient to modeltheprobabilitydensityfunction(pdf) to modelthe �ne andsparse
details.

A noisy backgroundcanbe modeledwith a singleprobability densityfunction, and
foregrounddefectscanbe treatedasa mixture of probability densityfunctions. Fi-
nally, a pdf for �ne andsparsedetailsconsistsof a weightedsumof pdfs for both the
foregroundandbackground.

Intensitiesof backgroundpixelscanbemodeledby valuesof arandomvariablehaving
thenormaldistribution N (¹ b; ¾b) with themeanvalue¹ b, andstandarddeviation ¾b.
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Defectsappearrandomlyin thespatialdomain,andtheir graylevelscanalsobemod-
eledusinga singlepdf. Thus,eachdefectcanbemodeledby a low probability(low a
priori) randomvariablewhichadheresto thenormaldistribution

Pd(i )
1

p
2¼¾d(i )

e

¡ (x ¡ ¹ d(i ))2

2¾d(i )2
(1)

where¹ d(i ) and¾d(i ) denotethe intensitymeanvalueandstandarddeviation for the
i -th defect,andPd(i ) correspondsto the a priori probability to encounterthe defect.
However, sincea singledefectis highly localized(concentratednearto a singlespa-
tial location),thePd(i ) correspondsto a proportionalspatialsizeof thedefectrather
thana true a priori probability. Correspondingly, the proportionalspatialsizeof the
backgroundis

Pb = 1 ¡
X

i

Pd(i ) : (2)

Now, theresultinghistogramof �ne andsparsedefectson a non-texturednoisyback-
grounddependssolelyon thesetof parametersf ¹ b; ¾b; ¹ d(i ); ¾d(i ); Pd(i )g. Finally,
the compositeprobability densityfunction which de�nes the expectedshapeof the
histogramis

f (x) = Pb
1

p
2¼¾b

e

¡ (x ¡ ¹ b)2

2¾2
b +

X

i

Pd(i )
1

p
2¼¾d(i )

e

¡ (x ¡ ¹ d(i ))2

2¾d(i )2
: (3)

To compareexisting thresholdingmethods,differenttypesof histogramsof sparsede-
fectscanbegeneratedby varyingtheparameters¹ b, ¾b, ¹ d(i ), ¾d(i ) andPd(i ). One
moreconsiderationis thedistributionof ¹ d(i ) and¾d(i ). Probablythesimplestclassof
sparsedefects,which is actuallysimilar to theonesencounteredin picking images,has
a uniform distribution ¹ d(i ) » U(a;b) or normaldistribution ¹ d(i ) » N (¹ ¹ d ; ¾¹ d ),
andstandarddeviation ¾d(i ) » N (¹ ¾d ; ¾¾d ). Differentparametersto generatesparse
defects,andresultswith variousmethodson thesecasesareconsideredin Section4.

2.1.1 Model visualization

For thevisualization,amodelin thespatialdomainthatcorrespondsto themodelin the
domainof gray-level histogramsmustbede�ned. This modelincludesthehistogram,
andamappingfrom thehistogramto thespatialplane.Thespatialmodelmustbecon-
sistentwith thehistogrammodel,andhave thesameparameters;theresultingarti�cial
imagepossessesthesamehistogramasobtainedvia thehistogrammodel.

First, the imagebackgroundis generatedusinga randomvariablewith the samedis-
tribution andparameters¹ b and¾b asdescribedfor the histogrammodel. Next, the
defectsarerandomlyseededon thenoisybackground.For eachdefect,theareais de-
rived in accordancewith the total imagesize,andthe proportionaldefectsizePd(i ).
Finally, eachdefectareais alteredwith valuesof thecorrespondingrandomvariable,
N (¹ d(i ); ¾d(i )) . To vary also the sizesof defects,the proportionalareacanbe de-
rived from Pd(i ) = N (¹ Pd ; ¾Pd ). It shouldbenoted,however, that if a certainfore-
ground/backgroundratio is required,theproportionalsizesPd(i ) mustbenormalized
to achieve therequestedratio.
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Now, usingthe histogrammodelandthe visualizationmethod,arti�cial imageswith
�ne andsparsedetailscanbegenerated.An exampleof anarti�cial imageis shown in
Fig. 3.

Figure3: An arti�cial imagewith �ne andsparsedetailsgeneratedusingthe visual-
ization of the histogrammodel(¹ b = 0:3, ¾b = 0:055, i = 1; : : : ; 50, ¹ ¾d = 0:01,
¾¾d = 0:002, foreground/backgroundratio = 0:015, ¹ Pd = 5, ¾Pd = 3).

3 Candidate thr esholdingmethods

Thresholdingmethodsarebasedon the assumptionthat the gray levels of pixels be-
longingto objects(foreground)aresubstantiallydifferentfrom thegraylevelsof pixels
belongingto thebackground.However, characteristicsof thehistogram,andthespatial
distributionof objectsmakesomethresholdingmethodsmoresuitableto speci�c tasks
thanothers.

Propertiesof the histogramsof �ne andsparsedetailson a non-texturedbackground
weredescribedin theprevioussection.Basedon thede�nition, suitablethresholding
methodsweresearchedfrom literature. First, the mostpopularandwell-performing
general-purposethresholdingmethodswere applied,and secondly, several methods
designedspeciallyfor unimodalhistogramswerestudied.

3.1 Generalgray level thr esholdingmethods

Generalthresholdingmethodsshouldperformwell when(i) theforegroundobjectsand
backgroundconstituteproportionallysamesizesin an image,and(ii) the gray-level
valuesof objectsand backgroundpossesssubstantiallydistantand non-overlapping
distributions. Whentheserestrictionscanbemet,oneof themostpopularmethodsis
Otsu's method[5], andfurthermore,methodsby Kittler et al. [4] andKapuret al. [3]
have beenshown to outperformmany othersin comparisons[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 a thresholdvaluethatmin-
imizesthe within-classvarianceof resultingforegroundandbackgroundclasses[5].
Thus,theoptimalthresholdT is calculatedby minimizing thecriterionfunction

J (T) =
P1(T)¾2

1(T) + P2(T)¾2
2(T)

¾2 (4)
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where¾2 is thegray-level total varianceestimatedfrom thehistogram.

Otsu's thresholdingis one of the most widely usedand cited thresholdestimation
method. The methodis very robust, and it provides thresholdingresultsof consid-
erablequality in a vastvarietyof cases.However, themethodusuallyfails to �nd an
appropriatethresholdvalueif thenumberof foregroundpixels is lessthan5% of the
total imagesize.

3.1.2 Kapur' smethod

A thresholdingmethodbasedon entropy hasbeenproposedby Kapuret al. [3]. The
methodmaximizesclassentropies,whichcanbeinterpretedasmeasuresof classcom-
pactnessandseparability. In this case,thecriterionfunctioncanbegivenas

J (T) = ¡
TX

g=0

h(g)
P1(T)

log
µ

h(g)
P1(T)

¶
¡

nX

g= T +1

h(g)
P2(T)

log
µ

h(g)
P2(T)

¶
(5)

wheren is themaximumlengthof ahistogram.J (T) is maximizedto obtainmaximum
informationbetweentheobjectandbackgrounddistributionsin theimage.Thediscrete
valueT, whichmaximizesJ (T), is thethresholdvalue.

3.1.3 Kittler' smethod

Kittler and Illingworth have proposeda thresholdingalgorithmwhosecost function
to be optimizedis basedon the Bayesianclassi�cationrule [4]. In this method,it is
assumedthat componentsin the bi-modal histogramin a gray-level imageh(g) are
normally distributed. Normal distributions are de�ned by their means¹ i , standard
deviations¾i , anda priori probabilitiesPi . For a caseof two differentclasses(i =
1; 2), thebackgroundandforeground,andgivena thresholdT, theparameterscanbe
estimatedfrom thefollowing:

Pi (T) =
bX

g= a

h(g)

¹ i (T) =
1

Pi (T)

bX

g= a

h(g)g

¾2
i (T) =

1
Pi (T)

bX

g= a

(g ¡ ¹ i (T))2h(g)

(6)

where

a =

(
0 i=1
T + 1 i=2

andb =

(
T i=1
n i=2

: (7)

Now, thecriterionfunctioncanbecalculatedas

J (T) =1 + 2[P1(T) log¾1(T) + P2(T) log¾2(T)]

¡ 2[P1(T) logP1(T) + P2(T) logP2(T)] ;
(8)

andtheminimumerrorthresholdcanbecomputedby minimizing thecriterionJ (T).
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3.2 Unimodal histogram thr esholdingmethods

As alreadydiscussed,most thresholdingmethodswork in the generalcaseof bi- or
multi-modalgray-level histograms.In suchcases,all modesin thehistogramarecon-
sideredto representdifferentobjects,or thebackground.However, in thecaseof �ne
and sparsedetails, thereare only few foregroundpixels, and backgroundand fore-
groundpixels sharea wide rangeof intensityvaluescausinga substantialoverlapto
the histogram.Thesepropertiesmake the imagesto have a distribution of gray-level
valuescloseto unimodal,thus,theinformationavailablefor distinguishingthedetails
is hidedsomewherethatlookslike normalbackgroundnoise.Fortunately, this is not a
new problemin the�eld of thresholdingbut severaldifferentmethodshave 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 motivationandformal mathematicalcon�rmation to actually�nd anoptimal
thresholdvalue.

3.2.1 Tsai'smethod

Tsaihasintroducedtwo similarapproachesto imagethresholdingusingsmoothedhis-
tograms,oneof which is especiallyintendedfor unimodalhistograms[8].

The�rst approachlooksfor peaksandvalleys in thehistogramsmoothedwith aGaus-
siankernel.Thesmoothinglevel is adjustedto makethesmoothedhistogramto contain
exactly the samenumberof peaksasthe desirednumberof thresholdinglevels. The
valleys betweenthepeaksareselectedasthe thresholdvalues. In thecasewherethe
numberof peaksis lessthanthedesirednumberafterusingthesmallestpossibleGaus-
siankernelfor smoothing,additionalthresholdvaluesareselectedasthemaximumsof
curvatureof thehistogram.

Thesecondapproachutilizing curvatureis intendedespeciallyfor unimodalhistograms,
andrepresentsacustomcaseof the�rst approach.In thecasewhereonly onepeakcan
befoundin thehistogram,which is theunimodalcase,thethresholdvalueis selected
as the intensity value at which the histogramreachesits maximumcurvature. The
curvaturevaluesarecalculatedfrom [8]

K t =
1
R

RX

j =1

jÃt + j ¡ Ãt ¡ j j (9)

where

Ãt =
1
R

RX

j =1

hk (t + j ) ¡ hk (t ¡ j )
2j

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

arethe smoothedhistogramvalues. This de�nition actuallydiffers from the formula
for anarbitrarycurvecurvature.

3.2.2 Rosin'smethod

Rosin's thresholdingis anothermethodfor thebinary thresholdingin thecaseof uni-
modalhistograms[6]. Thealgorithmfor �nding thethresholdvalueis extremelysim-
ple:
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Algorithm 1 Rosinthresholding
1: A line is drawnfromthemaximumof thehistogramto thelastnon-zero elementof

thehistogram: (argmax
i

H i ; max
i

H i ) ! (argmax
i

[H i = 0 and H i ¡ 1 6= 0] ; 0),

whereH i is thei -th elementof thehistogram.
2: Theoptimalthresholdvalueis selectedastheintensityvaluewhich maximizesthe

perpendiculardistancebetweentheline andthehistogram.

This methodde�nitely lacksintuitive motivation.Thetheoreticalmathematicalanaly-
sisshows thatthemethodis almostinsensitive to foregroundpixels,andit actuallyde-
terminesthethresholdvalueusingonly informationaboutthedominatingbackground
[6].

4 Experiments

The following experimentswere conductedto examinewhich one of the described
methodswouldbethemostsuitablein thedetectionof �ne andsparsedetails.Theex-
perimentswereconductedusingbotharti�cial dataderivedfrom thestatisticalmodel
andrealdataof IGT picking images.Using thearti�cial data,it waspossibleto pro-
ducequantitative resultsby computingproportionsof detailsnot detectedandfalsely
detectedbackground.For therealdata,thecomparisonwasdoneby visually compar-
ing theresultimages.

4.1 Arti�cial data derived fr om the model

With arti�cial datageneratedfrom themodelin Section2.1,it waspossibleto evaluate
how methodswould performin separatingdetailsfrom background.Sincethedistri-
butionsof both foregroundandbackgroundwereknown, it waspossibleto calculate
proportionsof both distributionsthat fall into the incorrectsideof a given threshold
value.

To mimic the behavior on real datathe experimentson arti�cial datawerebasedon
propertiesmanuallyderived from a setof IGT picking images.The mostsigni�cant
�nding is thatstatisticalpropertiesof thedetailschangealongthesamplestrips. The
changecanbemodeledasanincreasein apriori probabilityto encounteradefectPd(i )
asdemonstratedin Fig. 4 wheretheshapesof defecthistogramsremainthesamebut
escalating.

Basedon the resultdemonstratedin Fig. 4 is wasmotivatedto inspectaccuraciesof
thedifferentmethodsasfunctionsof foreground/backgroundratio thatcorrespondsto
the IGT picking images(0:1% ¡ 5:0%). Thestatisticalmodelparametersusedin the
experimentwere ¹ b = 0:30, ¾b = 0:055, i = 1; : : : ; 50, ¹ d(i ) » U(0:50; 0:80),
¾d(i ) = N (¹ ¾d ; ¾¾d ) = N (0:01; 0:002), and the foreground/backgroundratio was
variedbetween0:001and0:050. Examplesof arti�cial histogramsandimagesfor two
extremeforeground/backgroundratiosareshown in Fig. 5.

Surprisinglyachangein theapriori valuedoesnot induceany signi�cant changeto the
performanceof themethodsasshown in Fig.6. Thebehavior is naturalfor themethods
basedon the bi-modality assumption(Kittler andRosin). Otsu's methodcompletely
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Figure4: Histogramsof manuallymarkeddefects.
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Figure5: Model-generatedhistogramsandthecorrespondingarti�cial images:(a),(c)
foreground/backgroundratio0:001; (b),(d)0:05.

failed by detectingmost of the backgroundas foreground(Fig. 6(b)), and Kapur's
methodfailedby missingasigni�cant amountof foregrounddefects(Fig. 6(a)).These
two generalthresholdingmethodsseemnot to be applicableto the given problem.
Tsai's methodperformedwell for smallamountsof defectsbut becameunstablewhen
theforeground/backgroundratioapproachedto 0:05(Figures6(a)and6(b)). Two most
successfulmethodswereKittler' sandRosin'smethods.

Defectsin the IGT picking samplescanbe modeledas normal distribution (Figs. 4
and7). Sincethe histogramin Fig. 7 possesa clearly unimodalhistogramit is mo-
tivatedto examinehow the methodsperform as a function of unimodal level. The
unimodaltolerancecanbe testedby varying locationof the foregrounddistribution,
thatis, theotherparametersremain�x ed,but themeanof foregrounddistribution was
variedbetween0:36 and0:56. Fromtheresultsin Fig. 8 it is evident thatall methods
performedequallyin detectionof defects,but Kittler' s methodoutperformedtheoth-
ersbeingmoreselectiveandnotdetectingmany backgroundpixelsasforeground(note
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Figure6: Detectionresultsfor arti�cial data:(a)proportionof notdetectedforeground
pixels,and(b) proportionof falselydetectedbackgroundpixels.
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Figure7: Histogramsof manuallymarkedIGT picking defectsandbackground.Fore-
ground/backgroundratio is 0.005,backgroundmeanis 0.345andstandarddeviation
0.011.Foregroundmeanis 0.372andstandarddeviation0.037.

thatKapur'smethodis hereomitted).

Basedon the two conductedexperimentsit canbe statedthat the Kittler' s methodis
themostapplicablefor detectingsmalldetailsasde�ned in this study. Theresultwas
veri�ed with realdataasdescribednext.

4.2 IGT picking images

A setof IGT picking imagescapturedunderobliquelighting wereusedastherealtest
setfor thecandidatemethods.As a precedingstepto thresholding,animageenhance-
mentprocedurewasappliedto theimages.

4.2.1 Imageenhancement

In practice,input imagesoftenhave or they have beenderivedfrom imageswith only
8 bits per pixel, i.e., 256 intensity levels, thus, thereis little motivation to generate
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Figure8: Detectionresultsfor arti�cial dataasfunctionsof defectdistribution mean
¹ ¹ d : (a) proportionof foregroundpixels thatwerenot detected,and(b) proportionof
pixelsthatwerefalselydetectedasbackgroundpixels.

histogramswith morethan256bins. However, certainimagetransformations,suchas
aconvolution �ltering in the�oating point form, candramaticallyincreasethenumber
of intensitylevelsandproducelargerhistogramswhichallow amoreprecisethreshold
estimation.

It is clear that certain imageenhancementtechniquesmay lead to a more accurate
thresholdingresultssincesub-level accuracy is achieved. With �ne andsparsedetails,
it canbe bene�cial to �lter the imagewith a spotdetection�lter . By �ltering with a
simplen £ n �lter , thenumberof distinctintensitiesin animagecanincreaseupto the
factorof n2 times.Suchimagepreprocessingbeforeconstructingthehistogramagrees
with theresultspresentedin [1]. In thecaseof IGT picking images,thefollowing spot
detection�lter wasused:

f =

0

B
@

¡ 1 ¡ 1 ¡ 1 ¡ 1 ¡ 1 ¡ 1 ¡ 1
¡ 1 0 0 0 0 0 ¡ 1
¡ 1 0 1:5 3 1:5 0 ¡ 1
¡ 1 0 3 6 3 0 ¡ 1
¡ 1 0 1:5 3 1:5 0 ¡ 1
¡ 1 0 0 0 0 0 ¡ 1
¡ 1 ¡ 1 ¡ 1 ¡ 1 ¡ 1 ¡ 1 ¡ 1

1

C
A : (11)

4.2.2 Imageexamples

In Fig. 9 areshown two IGT picking images,their enhancedversions,andtheresults
for all � ve thresholdingmethods.Theresultswith therealimagescorrespondedto the
resultswith the arti�cial data: two of the mostpromisingmethodswereRosin's and
Kittler' s. However, asit waswith thearti�cial images,Rosin's methoddetectedmore
foregroundpixels,but alsofalselydetecteda largeamountof backgroundpixels. This
is evident in Fig. 6 andin Fig. 9. Thus,Kittler' s methodcorrespondedmoreprecisely
whatis wantedto bedetectedfrom theoriginal images.
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4.2.3 Adjustment to Kittler' s thr esholding

In this application,even Kittler' s methodis too optimistic to detectthe foreground.
From a practicalpoint of view, it is more bene�cial to miss few surfacedefectsto
preventany backgroundpixelsto beassignedasdefects.Thisrisk termcouldhavebeen
embeddedinto Kittler' sandIllingworth'sminimumerrorformulationin [4] but sinceit
wouldbeimpossibleto de�ne thepricesof risks,therisk termcanalsobeimplemented
asanadditiveor multiplicativecon�dencefactor® for thethresholdvalue¿. Since,in
this case,thefalsedetectionof backgroundpixelsmustbeprevented,® ¸ 1. Example
imagesareshown in Fig. 10. Thechangeis notdramatic,andtheuseis motivatedonly
by thegivenapplication.

5 Conclusions

In this study, a modelfor imageswith �ne andsparsedetailswasgivenbasedon the
statisticsin the imagegray level histogramdomain.Arti�cial datawerederivedfrom
themodel,andseveralwell-known andwidely usedthresholdingmethodswerestudied
to experimentallyevaluate,which methodsarethe mostpromisingto be usedin the
detectionof �ne andsparsedetails.

The proposedmodelwasaimedto explain characteristicsof the real problemwhere
surfacedefectsmustbe detectedfrom digital imagestaken from IGT picking assess-
mentsamples.Visualizationof themodelapproximatelycorrespondedto therealdata,
andthe resultswith real imagesveri�ed thebehavior with thegenerateddata. Based
on theconductedexperiments,Kittler' s andIllingworth's minimumerrorthresholding
wasselectedasthemostsuitablemethodfor thegiven task,andin addition,a proper
imageenhancementprocedureandanadjustmentfactorto theminimumerror thresh-
oldingwereproposedto achievemorereliableresultsin thedetectionof surfacedefects
from IGT picking images.In the future,anautomaticIGT picking sampleevaluation
systemwill beimplementedbasedon theresultsin this study.
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(a)

(b)

Figure9: Two examplesof IGT picking images,andthethresholdingresults.Images
from thetop arethealignedimage(top), enhancedimage,resultafterRosin's, Tsai's,
Otsu's,Kapur's,andKittler' smethod(bottom).
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(a) (b)

Figure 10: Effect of the thresholdfactor ® for Kittler' s method: (a) ® = 1:0; (b)
® = 1:1.
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