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Abstract

In real-timevision (e.g.,visualsurwillance) fastimagesey-
mentationis required.In this paper a fast unsupervised
artifact-rohust segmentationmethodis presentedWithin
this methodthe whole sgmentatiorprocesss divided into
simpletaskssothatcomplex operationsreavoided.

Herawith, thebasictaskis thebinarizatiorwhichaimsat
finding outsignificantlarge objectregions.In the papertwo
methodsfor binarizationare proposed:1) an interference-
invariantthresholdingfunction basedon a combinationof
local (histogram-basedind global (block-baseddecision
criteria.Suchabinarizationis suitableto segmentregionsof
low intensityvariations;2) anoise-rolustbinarizationbased
onhomogeneityestswhichimplicitly takeimagenoiseinto
accountThis methods designedo detectobjectswith high
variableintensity(texture).

Thepaperalsocontributesa novel formulationof binary
morphologicakrosionanddilation anda novel morpholog-
ical binary edgedetector

Simulationsshav the robustnesof the proposedneth-
odsevenin strongly corruptedimages.The algorithmsare
demonstratedn low and high variableintensity regions.
The sgmentatiorusesfew parametersvhich areautomat-
ically adjustedto the amountof noisein the image,to the
local averagecontrastandto thelocal standardleviation.

1 Intr oduction

Becausef its multiple visualapplicationge.g.,coding,re-
trieval, suneillance)image sgmentationis gaining more
and more importance.However, the demands(e.g, ro-
bustnesscompleity) are applicationdependentWhile in
someapplicationsexact sgments(e.g., in upcorversion)
are needed approximatesggmentsare satisactory for the
needsof otherapplicationge.g,retrieval). Anotherissueis
thatwithin a digital codingandstorageémagingsystemthe
performanceof the systems seggmentatiortechniquen the
presencef codingartifactsis animportantquestion[2. Fur
thermore the compleity of sggmentatiormethodss a key
issuesincethewide useof a sggmentatiortool stronglyde-
pendsonits computationaéfficiengy[7].

In this paperimage segmentatiordenoteghe technique
of extractionof imageentitiesor structuregregionsor ob-

jects)sothattheoutlinesof thesestructuresill coincideas
accuratelyaspossiblewith the physical2-D objectoutlines.
A 2-D objectis aprojectionof a3D real-world object(e.g.,a
tree)ontotheimageplane.An objectregion (e.g.,theleaves
of atree)is a setof imagepixelswhich aresimilar with re-
spectto ahomogeneitycriterionsuchastexture.

In general,image sggmentationmethodscan be dis-
tinguishedinto two groups, region and contouroriented
methods[13 5]. The adwantageof region-orientedmeth-
ods,e.g.,region growing techniquesis robustnessn noisy
images.However, they require high implementationcosts
which make them lesssuitablefor real-timevision appli-
cations.In general contourorientedmethodshave low cal-
culationcosts.Their maindisadwantagds howeverthe sen-
sitivity towardsdegradationof imagequality.

In this paper a fastun-
supervisedhybrid (contour
and region-based) image
segmentationmethodof re-
ducedcompleity aimed at
separatingsignificant large
objects is proposed. The
proposedimage seggmenta-
tion consistsof four tasks
(Fig. 1, Fig. 4(b)-4(d)):
separatiorof objectregions
(binarization) (Sec. 2,3),
morphological edge de-
tection (Sec. 3.5), contour
analysis ([11, 3]), and
object filling and recon-
struction([11, 3], Fig. 4(d)). In this paper contributionsare
introducedo binarizationandedgedetection.

The critical task of the segmentationis clearly the bi-
narizationwhich needsto provide a binary image B in
which smoothwhite regionsrepresentingmageobjectsare
separatedby black pixels representinghe object bound-
aries.Here two binarizationrmethodsareproposedThefirst
(Sec.2) aimsat detectingregions of low variationalinten-
sity. Thesecondnethod(Sec.3) is designedo deteciobject
regionswith high variationalintensity(i.e., texture).

Furthermorenovel definitionsof morphologicakrosion
anddilation anda novel morphologicaledgedetectorwith
significantly reducedcomputationsand equal performance
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comparedo standardnorphologicabletectorareproposed.

The proposedsggmentationmethodhas showvn robust-
nesswith respecto white andimpulsive noiseand coding
(e.g.,MPEG-2) artifacts,haslow computationakost,and
hasregular structureof main componentgi.e., binarization
andmorphologicaloperators)Furthermorethe whole seg-
mentatiorusesveryfew parametersrhich arethenautomat-
ically adjustedo theamountof noiseandto thelocalimage
contentAs aresultof the segmentatiorprocessallist of ob-
jectregionswith their featuressuchasarea(sizein pixels),
minimum boundingbox (MBB), shapejntensity andposi-
tion is providedfor furtherobject-basegrocessing.

2 Binarization by thresholding

2.1 Intr oduction

Thresholdingnethodscanbedividedinto global,local,and
dynamicmethods[§ Hereby dependingon a thresholdT’,
eachpixel I(x,y) in the input (gray-level) image! (with X
columnsandY rows)is classifiedasbelongingto anobject
andlabeledwhitein abinaryimageB or to thebackground
andlabeledblack(Eq. 1).

1 : I(z,y)>T

In global methods,a gray-level image is thresholded
basedon a single thresholdT” which dependsnly on the
gray-level I(z,y). In local methodstheimageis portioned
into sub-imagesand eachsub-imageis thresholdedby a
singlethresholdI” which depend®n I(z,y) andthelocal
property of its spatialneighborhoodln dynamic method,
each pixel is thresholdedbasedon a possible different
thresholdfor eachpixel, thusT' depend®nthespatialcoor
dinatesof the pixel.

Dependingon the application, dynamic thresholding
shavs high computationalkcosts[6 4]. Besides,becausat
worksvery locally it is noiseandillumination-changesen-
sitive. For effective fastthresholddeterminationthe com-
binationof global andlocal criteriais neededIn this sec-
tion, athresholdingunctionis presentedvhich is basedn
both global (block-basedjandlocal (histogram-basedje-
cision criteria. Doing this, the thresholdis adaptedto the
imagecontentsaandchangege.g.noisyimages-ig. 4(e)and
MPEG-noisyimageFig. 4(f)).

2.2 Artifact-r obust adaptive thresholding

Fig. 2 givesan overview of the binarizationby threshold-
ing. As canbe seentheimageis first dividedinto N equal
blocks.In orderto take small regions, noise,andillumina-
tion changesdnto account,a histogramfor eachof the N
blocksis computedThis histogramis thendividedinto M

equalpatrtitions.For eachhistogrampartition, the mostfre-
quentgraylevel Gp,,i € {1--- M} is thendeterminedTo
take moreglobalimagecontentinto the thresholdingfunc-
tion, anaveragegraylevel up, ,i € {1--- M} of eachblock
is calculatedFinally, thethresholdl" (Eq.2)is calculatedby
averagingG p, andu g, for all the N blocks.Thisthreshold-
ing function(Eq.2) outstandsor its interferencenvariance.
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Background adaptation: In well-known thresholding
methods[101, 4, 6], significantobjectsareassumedo have
gray-levels greater than the determinedthreshold.How-
ever, usingonly onethreshold no identificationif theback-
groundis brighter(darker) thanthe objectscanbe achieved
(Fig. 3(b), 3(c)). Therefore a simpledetectionproceduréds
proposedwvhich aimsat detectingif significantobjectsare
darlker or brighterthanthe backgroundThis detectionpro-
ceduredeterminedirst the numberof bright pixels (greater
than the thresholdT’) card[Br] and comparedit then to
the numberof dark pixels card[Dr] basedon the determine
globalthresholdI’. Now, if the numberof dark (bright) pix-
elsis greaterthanthe numberof (dark) bright pixelsin the
inputimage thenadark(bright) backgrounds assumeénd
all pixelsgreater(smaller)thanthe determinedhresholdl’
aresetto whitein B (Eq. 4). This assumptioris basedon
the obsenationthatin mary imagesespeciallyin industrial
applicationssuchasfactoryautomatioranddocumenfro-
duction, eitherdark objectson bright backgroundr bright
objectson dark backgroundareusuallyused.Furthermore,
this procedureassumeghat the areaof objectsis smaller
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thantheareaof thebackground.

if card[Br]>> card[Dr]
1 I(z,y)>T
B(ﬂc’y)_{ 0 : I(xy <T
(4)
if card[Dr]>> card[Br]
_J o I(z,y)>T

wherecard[] givesthe cardinalnumberof a set, Br (Dr)
is the setof bright (dark) pixels,andz > y meansz is
significantlygreaterthany.

2.3 Experimental results

The presentedhresholdingnethodhasbeentestedin var-

ious imagesandresultshave beencomparedo frequently
usedmethods[10 1]. The proposecdthresholdingfunction

outstandsfor its interferenceinvariance.On average,the

algorithm needs0.05 seconds for thresholding.Otsu[1Q

methodneedsin average0.05 and Abutaleb[] algorithm
needs).67. Fig. 3 givescomparatie resultsof thesemeth-
ods. As can be seen,the proposedmethod separateshe

bright backgroundand dark objects. On the other side,
in Fig. 4(b), the algorithm detectsthat the objectshave

brighter gray levels than the background.Furthermore,
the thresholding-basedbjectsegmentationwasverified in

mary simulationsshowing thatit staysrobust,evenonvery
low-bit-rateMPEG-2decodedmagegFig. 4(f), 2Mbit/s bi-

trate) andon heary noisyimages(Fig. 4(e), white andim-

pulsive noiseadded).

1Time given in the paperis measuredn secondsy the 'clock’ com-
mandof'C’ onaSUN4machinewith aSPARC 167Mhz processofor one
singlestandardTU-R-601field (720 x 288)
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Figure4: Artif act-rohustsegmentatiorbasedn thresholding



3 Variation-adaptive binarization

The principal disadantageof thresholdingmethodss that
they aredesignedor specifictype of imagesandthatthey
fail to detectobjectregionin caseof comple intensityvari-
ationsresultingin incompletesegmentationln this section,
a binarizationmethodbasedon intensityhomogeneitytests
is proposedvhich aimsat detectingobjectregion with ho-
mogeneouintensity Here,alsoregionswith high variable
(nonuniform) intensity (henceforthitexture)aredetected.
Thegoalof thebinarizationis to differentlylabel pixels
of theinputgray-levelimagel which arelocatedin texture-
homogeneouregionsandpixelsatits boundaries.

3.1 Detectionof homogeneousegions

Let I representheinput(gray-level)imagewith X columns
andY rows andlet B denotethe binaryimageof the same
size.Let R, betheblock of size L x L centeredat position
(z,y). Let the eightneighboringblocksof R, correspond-
ing to the eight directions(2x horizontal,2x vertical, 4 x
diagonal,Fig. 5) of the samesizebe Ry, -- -, R;. Let the
distance(in pixels) betweenthe centralpixel of block R,
andthe centersof the 8 blocksbe d. Note thatin this pro-
cessingstepd = L (Fig. 5).

A pixel p = (z,y) of I is labeledwhite in B if R, is
locatedin a texture-homgeneoussectorS, € S, with § =
{StosSboy SrisSie, Sab, Sve, Sre } @sdefinedin Tablel and
shavnin Fig. 5. S, is texture-homogeneous

<T, A
<T,,

|uR, — LR
lor, — OR;

VR; € S, ®)

wherep; ando; denotethe meanandstandardieviation of
R;, T, = ¢(on), andT, = ¢(os,.) (EQ.6). Bothey(z) and
¢(z) arestrictly monotonicfunctions.

Sector consistof
Sto “horiz. top” R.,Ry,R1,R2,R3,R4
Syo | “horiz. bottom” R.,Rq,R4,R5,R¢,R7
SM' “vert. right” RC,RO ,R1 ,R2 ,R(; ,R7
Sie “vert.left” R.,Ry.R3,R4,R5,Rs
Sab “diag. above” R.,R{,Rs,R3,R4,R5
Sbe “diag. belon” R.,Ry,R1,R5,R¢,R7
Shre “rect.” R..Ry — Rr

Tablel: Sectorsof thetextureanalysis

This detectionis done hierarchically i.e., the labeling
startswith ablocksizeL x L (Fig.6(c))(L =2n —1,n €
N,n > 2) andthentheblocksizeis setto (L —2) x (L —2).
Thisis repeatedintil the block sizeis 3 (Fig. 6(d),7(b)).In
eachstep,non-labeledpixels are examinedand eventually
setto white. As canbeenseenin Fig. 6(d), in this step,the
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Figure5: Directionsof thetextureanalysis

interior of eachregionis detectecandsetto white. Obsene

that the smallestblock is 3, i.e., the smallestsurrounding
areaS,. is9 andthatalarged = L istakenin thisstep.This

consenrative setting,whichis necessarjo preventincorrect
region meming,doesnotallow pixelswhich arelocatedata

region'sboundarieso belabeled.

3.2 Completing object boundaries

Becausef the beforementionedarge masks pixelswhich
arelocatedat a region’s boundariesare not labeled.In this
step,suchpixels are completedusing the samestrateyy as
describedhbove but with variabled = 3, 2, 1. However, be-
fore settingpixels,atestis madeif this settingwould memge
two regions.Only pixelswhich lay at objectboundariesor
lay insideabinaryregionareset.Thusaregion’s separation
is preseredbut boundarieandsmallholesarecompleted.

3.3 Adaptation to imagechanges

Becauseof noiseand other artifacts,homogeneitiezould
be lost, and thereforethe thresholdsl’, and T, shouldbe
adaptedo the amountof noisepresenin theimage,to the
local averagecontrastandto thelocal standardieviation.

First white Gaussiamoiseis estimated.Then, T, and
T, areadaptedasfollows: let a “clean” region R. be a set
of pixelsz; with the meanug, andvariancecr%c. If noise
(with estimatedzariances2) is addedo that“clean” region
andif we assumehat thereis no correlationbetweenthe
noiseandtheimagesignal,thenthenexs meanandvariance
of theregionare:ug, = pr, + pn andoy, = o, + o2
In this papertheadaptatiorfunctionsare:

T, = a+ fo?, T,=6+v0%,  (6)
with a,8,7,6 € R, B = ¢(Onpna.) ¥ = 8(0s,.,...):
Onmas (0S,.,,..) IS the maximum assumednoise (local
standarddeviation), anda andé arethe minimum thresh-
olds. Currentresearchs aimedat enhancingthis artifact-
adaptatiorfunction, e.g.,throughstatisticaltests.



(a) Originalimage (b) Diffusion of 6(a) by [12].
Note the blurred boundaries
and the non-uniform back-
grounddiffusion (seetext)

(c) Binarization, block size (d) Binarization, block sizes
11 x 11 11 x11 —-+3x3

(e) Originalimage

(f) Diffusion of 6(e) by[12]. Note the
interregion (grassand object) blurring
makingregion separatiordifficult

Figure6: HierarchicalBinarization:results& comparison

(a) Originalimage (b) Binarization,
(obsere the noise block sizes
andshading) 11x11 —-3x3

Figure7: Binarizationresults

3.4 Experimental resultsand discussion

The proposedbinarizationmethodwas verified by simu-
lation with imagesundegoing noise and artifacts. It was
shavn to be noise-rolust. Fig. 6 shavs a segmentationof
a naturalimage.Althoughthis imageis overlaidwith noise
(about30dB PSNR), the handandbothrings are separated
from the backgroundAlso in texturedimagesthe sgmen-
tation yields comparabléasicresultsto high-performance
imageseggmentatioralgorithms[13 Onthe otherhand,the
proposednethodneedssignificantlylesscomputations.

Notethatall the resultsare obtainedwith the samepa-
rametersetting.No image-wisananualadjustmentvasun-
dertalen.Notethatthe maingoalof the proposednethodis
to detectandseparat@obustly objectregions. Theemphasis
is herenot on detectedpreciseregion boundariesAlthough
the boundarie®f the detectedbjectregionsaremorethan
one-pielwide (asit is thecasen[13]), suchresultsareuse-
ful in applicationavhereapproximatesegmentsaresatishc-
tory suchasin object-basedetrieval applications.

Furthermore this binarizationmethodhad beencom-
paredwith abinarizationbasedn anisotropiadiffusionfol-
lowed by thresholding[1P Fig. 6(b). A basicproblem of
usinganisotropiddiffusionis thatwhile it sharpengdgest
blurs small discontinuitieqlik e the onesbetweerthe large
ring andthehandin Fig.6(a),Fig. 6(b)). It failsalsoto detect
texturedregions (note the backgroundn Fig. 6(b)). These
propertiegquestionthe useof diffusion-basedegmentation
especiallyin the presencef nonuniform gray-level or tex-
turedimageregions.Furthermoreanisotropiadiffusionis a
computationaéxpensve method.



3.5 Proposedmorphological operations
3.5.1 Preliminaries

Morphologicaloperationsarevery effective for edgedetec-
tion of binaryimageswherewhite pixelsdenoteuniformre-
gionsandblackpixelsdenoteregion boundaries[89]. Usu-
ally, thefollowing detectorsareused:

E¢ :B_g[BaK(an)]a (7)

Ep =B - D[BaK(nxn))
whereB denoteghe binaryimage,E denoteshe edgeim-
age £ (D) denotesheerosion(dilation) operatoy K, «,, de-
notestheerosion(dilation)n x n kernelused and— denotes
the set-theoreticadubtraction.

Standardnorphologicakrosionanddilation aredefined
aroundan origin, whereits positionis crucialfor the detec-
tion. For eachstepof anerosion(dilation), only onepixel is
set(atatime)in B. To achiese preciseedgeswith single-
pixel width, 3 x 3 kernels(definedaroundthe center)are
usedwhena3 x 3 crosskernelis used anincompletecorner
detectioris obtained(Fig. 8(a));a3 x 3 squaekernelgives
completeadgebut requireamorecomputatior(which grows
rapidly with increasednput data,Fig. 9(a)); andthe useof
a2 x 2 kernelwill producencompleteedgeqFig. 8(b)).

To avoid thesedrawvbacksnew operationaftulesfor edge
detectionby erosion(dilation) are proposedwhich use a
fixed sized(square2 x 2) kernelandsetall four pixels of
the kernelat atime in B. For edgedetectionbasedon the
novel rules, accuratecompleteedgesare achieved and the
computationatostis significantlyreduced Sincethe wide
useof imagesementationstronglydependsn its compu-
tationalefficiency, thisis a key point[7].

3.5.2 Efficient erosionand dilation

Proposederosion: if all four binary-image pixelsinside
the2 x 2 kernelare white thenall four pixelsin the output
image are set(at a time) to white, if they were not eroded
in a previousstep.If at leastone of the four binary-image
pixelsinsidethe kernelis bladk, thenall the four pixelsin
theoutputimage are set(at a time)to bladk.

Proposedilation: If atleastoneofthefour binary-image
pixelsinsidethekernelis white thenall thefour pixelsin the
outputimage are set(at a time)to white

Set-theortical formulation: An adwantageof the pro-
posedoperationss thatthey canbeformally definedbased
onset-theoreticahtersectionunion,andtranslatiorin anal-
ogy to the formal definitionsof the standardoperation[$.
The standarderosionanddilation satisfythe following two
properties[& 1) theerosionof animageby theunionof ker-
nelsis equivalentto erosionby eachkernelindependently

Original image Erosion Proposed detection Standard detection

(a)Erosionby a3 x 3 crosskernel
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(b) Dilation usinga2 x 2 squarekernel,origin
atleft upperpixel

Figure8: Proposediersusstandardperations

and then intersectingthe result (Eq. 8); 2) the dilation of
animageby the union of kernelscorrespondo dilation by
eachkernelandthenperformingunion of the resultingim-
ageg(Eq.9). GivenimageA andkernelsB andC in R?,
E[A,BUC] =€,

[4, BN &[A,C] (8)

©)

where&; (D;) denoteghe standarderosion(dilation). The
proposecerosionanddilation arethendefinedby:

D,[A, B U C] = D,[A, B]UD,[A,C]

gp[AaKZXZ] = ES[A, S3><3] =

ES[A, K;iz U K;>T<2 U Kélxz U Kgm] =

g [A K2><2] N g [A K2><2] N gS[AaKéZXQ] N ES[AaKéQQ]
(10)
DplA, Koxo] = D4[A, S3x3] =

Ds[A, K350 U K35 U Kl 5 U K] =

Ds[A, K3%5] UDs[A, K355 U Ds[A, K, 5] UDs[A, (K%z]
where&, (D,) denotesheproposedtrosion(dilation), Sz 3
isa3x 3 squarekernel,andK 4 , is a2 x 2 kernelwith origin
atthe upperleft (equivalentlyupperright, lower left, lower
right) corner

3.5.3 Novel morphological binary edgedetection

In this section the needof usingtwo operationgEq. 7) for
a binarymorphologicalkedgedetectionis questionedWhen



detectingbinary edgesgrosionandsubtractioncanbe per
formedimplicitly whichwould furtherreducethe complex-
ity of morphologicakdgedetection Suchanimplicit detec-
tionis proposeasfollows:if at leastoneof thefour binary-
image pixelsinsidethe2 x 2 kernelis bladk, thensetall four
pixelsof the kernel (at a time) to whiteif they are whitein
thebinaryimage. Thusif the2 x 2 kernelfits in awhite area
it isimplicitly erodedout edgegkerneldoesnotfit) arekept.
Fig. 9(b) givesa compleity comparisorof the novel direct
edgedetection,edgedetectionusing the proposederosion
and edgedetectionusing standarderosion(a 3 x 3 square
kernel).As canbeseenthe costof edgedetectionis signifi-
cantlyreduced.

3.5.4 Discussion

The proposededge detectorshave been comparedto
gradient-basethethodge.g.,Cantry, Fig. 10(b), edee link-
ing is necessaryyhaving higher detectionaccurag (e.g.,
gapfree edges/Fig. 10(c)) andsignificantlylower compu-
tations.Comparedo standardnorphologicaldetectorsthe
proposedmorphologicaledgedetectorsachieve the same
performanceOn the otherhand,Fig. 9(a) givesa compu-
tationcomparisorof the proposedndstandardnorpholog-
ical erosionappliedto variousnaturalimagedata.As canbe
seenthecomputationatostusingthe standarderosionwith
3 x 3 squarekernel grows rapidly with the amountof in-
putdata,while thecostof the proposecderosionstaysalmost
constant.The computationscan be further reducedby ap-
plying the novel morphologicakdgedetectionwith implicit
erosion(Fig. 9(b)).

4 Conclusion

In this paper a four-step(binarization,edgedetectioncon-
tour analysis,and filling) image segmentationof reduced
computationsaiming at detectingsignificantlarge objects
is presentedThe proposededgedetectorshave beencom-
paredto gradient-basedhethodsshaving higher detection
accurag (e.g.,gap-freeedges)andsignificantlylesscom-
putations.Two binarizationmethodsare proposedthe first
is athresholdingvhichshavsverynoise-rolustnes$y vari-
oussimulationsthesecondinarizationl) separatetexture
homogeneouregionsbasednthe meanandstandardievi-
ation,2)is noiserobust,and3) hasregularstructureandlow
computationsTherobustnesss dueto theadaptatiorto the
amountof noiseandto local andglobalimagecontent.
However, for comple intensityvariation,the meanand
standardvariationalonearenot sufficiently discriminatory
In future work, other discriminationfactorswill be intro-
duced,e.g.,the correlationfunction of the block of pixels.
Furtherresearchs orientedat introducinglocal andglobal
contetual criteria suchas edgecontinuities.Furtherwork
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is also aimed at enhancingthe noise adaptationfunction
throughstatisticaltests.
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