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Abstract

In real-timevision(e.g.,visualsurveillance),fastimageseg-
mentationis required.In this paper, a fast unsupervised
artifact-robust segmentationmethod is presented.Within
this methodthewholesegmentationprocessis dividedinto
simpletaskssothatcomplex operationsareavoided.

Herewith, thebasictaskis thebinarizationwhichaimsat
findingoutsignificantlargeobjectregions.In thepaper, two
methodsfor binarizationareproposed:1) an interference-
invariant thresholdingfunction basedon a combinationof
local (histogram-based)and global (block-based)decision
criteria.Suchabinarizationis suitableto segmentregionsof
low intensityvariations;2) anoise-robustbinarizationbased
onhomogeneitytestswhichimplicitly takeimagenoiseinto
account.Thismethodis designedto detectobjectswith high
variableintensity(texture).

Thepaperalsocontributesanovel formulationof binary
morphologicalerosionanddilationanda novel morpholog-
ical binaryedgedetector.

Simulationsshow the robustnessof theproposedmeth-
odseven in stronglycorruptedimages.The algorithmsare
demonstratedon low and high variable intensity regions.
Thesegmentationusesfew parameterswhich areautomat-
ically adjustedto the amountof noisein the image,to the
localaveragecontrast,andto thelocalstandarddeviation.

1 Intr oduction

Becauseof its multiple visualapplications(e.g.,coding,re-
trieval, surveillance) imagesegmentationis gaining more
and more importance.However, the demands(e.g, ro-
bustness,complexity) areapplicationdependent.While in
someapplicationsexact segments(e.g., in upconversion)
are needed,approximatesegmentsare satisfactory for the
needsof otherapplications(e.g,retrieval). Anotherissueis
thatwithin a digital codingandstorageimagingsystem,the
performanceof thesystem’s segmentationtechniquein the
presenceof codingartifactsis animportantquestion[2]. Fur-
thermore,thecomplexity of segmentationmethodsis a key
issuesincethewide useof a segmentationtool stronglyde-
pendson its computationalefficiency[7].

In this paper, image segmentationdenotesthetechnique
of extractionof imageentitiesor structures(regionsor ob-

jects)sothattheoutlinesof thesestructureswill coincideas
accuratelyaspossiblewith thephysical2-D objectoutlines.
A 2-D objectis aprojectionof a3Dreal-worldobject(e.g.,a
tree)ontotheimageplane.An objectregion (e.g.,theleaves
of a tree)is a setof imagepixelswhich aresimilar with re-
spectto ahomogeneitycriterionsuchastexture.

In general,image segmentationmethodscan be dis-
tinguishedinto two groups, region and contour-oriented
methods[13, 5]. The advantageof region-orientedmeth-
ods,e.g.,region growing techniques,is robustnessin noisy
images.However, they requirehigh implementationcosts
which make them lesssuitablefor real-timevision appli-
cations.In general,contour-orientedmethodshave low cal-
culationcosts.Their maindisadvantageis however thesen-
sitivity towardsdegradationof imagequality.

In this paper, a fast un-
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Figure1: Multilevel Segm.

supervisedhybrid (contour
and region-based) image
segmentationmethodof re-
ducedcomplexity aimed at
separatingsignificant large
objects is proposed. The
proposedimage segmenta-
tion consistsof four tasks
(Fig. 1, Fig. 4(b)–4(d)):
separationof object regions
(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
introducedto binarizationandedgedetection.

The critical task of the segmentationis clearly the bi-
narizationwhich needsto provide a binary image ; in
which smoothwhite regionsrepresentingimageobjectsare
separatedby black pixels representingthe object bound-
aries.Here,two binarizationmethodsareproposed.Thefirst
(Sec.2) aimsat detectingregionsof low variationalinten-
sity. Thesecondmethod(Sec.3) is designedto detectobject
regionswith highvariationalintensity(i.e., texture).

Furthermore,novel definitionsof morphologicalerosion
anddilation anda novel morphologicaledgedetectorwith
significantlyreducedcomputationsandequalperformance



comparedtostandardmorphologicaldetectorsareproposed.
The proposedsegmentationmethodhasshown robust-

nesswith respectto white andimpulsive noiseandcoding
(e.g.,MPEG-2) artifacts,haslow computationalcost,and
hasregularstructureof maincomponents(i.e., binarization
andmorphologicaloperators).Furthermore,thewholeseg-
mentationusesveryfew parameterswhicharethenautomat-
ically adjustedto theamountof noiseandto thelocal image
content.As aresultof thesegmentationprocess,a list of ob-
ject regionswith their featuressuchasarea(sizein pixels),
minimumboundingbox (MBB), shape,intensity, andposi-
tion is providedfor furtherobject-basedprocessing.

2 Binarization by thr esholding

2.1 Intr oduction

Thresholdingmethodscanbedividedinto global,local,and
dynamicmethods[6]. Hereby, dependingon a threshold< ,
eachpixel I(x,y) in the input (gray-level) image = (with >
columnsand ? rows) is classifiedasbelongingto anobject
andlabeledwhite in abinaryimage@ or to thebackground
andlabeledblack(Eq.1).

@�ACBEDGFIHKJ LNMPO =QACBEDRFSH�T�<U O =QACBEDRFSH�V�< (1)

In global methods,a gray-level image is thresholded
basedon a single threshold< which dependsonly on the
gray-level =WAXBEDRFIH . In local methods,theimageis portioned
into sub-imagesand eachsub-imageis thresholdedby a
singlethreshold< which dependson =QACBEDRFSH andthe local
propertyof its spatialneighborhood.In dynamicmethod,
each pixel is thresholdedbasedon a possibledifferent
thresholdfor eachpixel, thus < dependsonthespatialcoor-
dinatesof thepixel.

Dependingon the application, dynamic thresholding
shows high computationalcosts[6, 4]. Besides,becauseit
worksvery locally it is noiseandillumination-changesen-
sitive. For effective fast thresholddetermination,the com-
binationof global andlocal criteria is needed.In this sec-
tion, a thresholdingfunctionis presentedwhich is basedon
both global (block-based)and local (histogram-based)de-
cision criteria. Doing this, the thresholdis adaptedto the
imagecontentsandchanges(e.g.noisyimagesFig.4(e)and
MPEG-noisyimageFig. 4(f)).

2.2 Artifact-r obust adaptive thresholding

Fig. 2 givesan overview of the binarizationby threshold-
ing. As canbeseen,the imageis first dividedinto Y equal
blocks.In orderto take small regions,noise,andillumina-
tion changesinto account,a histogramfor eachof the Y
blocksis computed.This histogramis thendivided into Z

equalpartitions.For eachhistogrampartition,themostfre-
quentgraylevel [3\^]_DG`/a�b MKcdcdc Zfe is thendetermined.To
take moreglobal imagecontentinto the thresholdingfunc-
tion,anaveragegraylevel gihijkDG`�alb Mmcdcnc Zfe of eachblock
is calculated.Finally, thethreshold< (Eq.2)is calculatedby
averaging[ \ ] and g h j for all the Y blocks.Thisthreshold-
ing function(Eq.2) outstandsfor its interferenceinvariance.

<oJ p
qr_sut AQvqw sut AC[ \ ]RHixyg h j"HY c Zzx+Y (2)

with

g h j{J}|
q~ sut��W�q� sut AC=WAXBuDGFIHGH��� cn� (3)
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Figure2: Extractionof image-globalthreshold

Background adaptation: In well-known thresholding
methods[10, 1, 4, 6], significantobjectsareassumedto have
gray-levels greater than the determinedthreshold.How-
ever, usingonly onethreshold,no identificationif theback-
groundis brighter(darker) thantheobjectscanbeachieved
(Fig. 3(b), 3(c)).Therefore,a simpledetectionprocedureis
proposedwhich aimsat detectingif significantobjectsare
darker or brighterthanthebackground.This detectionpro-
ceduredeterminesfirst thenumberof bright pixels(greater
than the threshold < ) card[Br] and comparedit then to
thenumberof darkpixelscard[Dr] basedon thedetermine
globalthreshold< . Now, if thenumberof dark(bright)pix-
els is greaterthanthenumberof (dark)bright pixels in the
inputimage,thenadark(bright)backgroundis assumedand
all pixelsgreater(smaller)thanthedeterminedthreshold<
aresetto white in @ (Eq. 4). This assumptionis basedon
theobservationthat in many imagesespeciallyin industrial
applicationssuchasfactoryautomationanddocumentpro-
duction,eitherdarkobjectson bright backgroundor bright
objectson darkbackgroundareusuallyused.Furthermore,
this procedureassumesthat the areaof objectsis smaller



(a) Original
image
(observe the
noise&shading)

(b) Results
using[10]

(c) Results
using[1]

(d) Results
using the
proposed
method

Figure3: Adaptivebackgroundthresholding

thantheareaof thebackground.

if card[Br] � card[Dr]���C�E�G�I�K���N�P��� �C�E�R�S������ ��� �C�E�R�S�����
if card[Dr] � card[Br]���C�E�G�I�K� � � ��� �C�E�R�S������P��� �C�E�R�S�����

(4)

wherecard[� ] givesthe cardinalnumberof a set,
�'�

( � � )
is the set of bright (dark) pixels, and

� � � means
�

is
significantlygreaterthan

�
.

2.3 Experimental results

The presentedthresholdingmethodhasbeentestedin var-
ious imagesandresultshave beencomparedto frequently
usedmethods[10, 1]. The proposedthresholdingfunction
outstandsfor its interferenceinvariance.On average,the
algorithm needs

��� �k�
seconds1 for thresholding.Otsu[10]

methodneedsin average
��� �k�

and Abutaleb[1] algorithm
needs
�I� �k 

. Fig. 3 givescomparative resultsof thesemeth-
ods. As can be seen,the proposedmethodseparatesthe
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-basedobjectsegmentationwasverified in
many simulationsshowing thatit staysrobust,evenon very
low-bit-rateMPEG-2decodedimages(Fig.4(f), 2Mbit/sbi-
trate) andon heavy noisy images(Fig. 4(e),white andim-
pulsivenoiseadded).

1Time given in the paperis measuredin secondsby the ’clock’ com-
mandof ’C’ onaSUN4machinewith aSPARC 167Mhz processorfor one
singlestandardITU-R-601field ( ¡£¢_¤�¥¦¢_§_§ )

(a)Original image (b) Binary image

(c) Gap-freeedges (d) Reconstructedobjects of
theoriginal image

(e) Reconstructedobjects of
thenoisyoriginal image

(f) Reconstructedobjects of
the 2Mbit-MPEG-decoded
original image

Figure4:Artif act-robustsegmentationbasedonthresholding



3 Variation-adaptivebinarization

Theprincipaldisadvantageof thresholdingmethodsis that
they aredesignedfor specifictype of imagesandthat they
fail to detectobjectregionin caseof complex intensityvari-
ationsresultingin incompletesegmentation.In this section,
a binarizationmethodbasedon intensityhomogeneitytests
is proposedwhich aimsat detectingobjectregion with ho-
mogeneousintensity. Here,alsoregionswith high variable
(nonuniform) intensity(henceforthtexture)aredetected.

Thegoalof thebinarizationis to differentlylabelpixels
of theinputgray-level imagë whicharelocatedin texture-
homogeneousregionsandpixelsat its boundaries.

3.1 Detectionof homogeneousregions

Let ¨ representtheinput(gray-level) imagewith © columns
and ª rows andlet « denotethebinary imageof thesame
size.Let ¬{­ betheblockof size ®o¯$® centeredatposition°X±u²G³I´

. Let the eightneighboringblocksof ¬{­ correspond-
ing to the eight directions( µ¶¯ horizontal, µi¯ vertical, ·u¯
diagonal,Fig. 5) of the samesize be ¬%¸ ²d¹d¹n¹d² ¬»º . Let the
distance(in pixels) betweenthe centralpixel of block ¬¦­
andthe centersof the 8 blocksbe ¼ . Note that in this pro-
cessingstep¼�½o® (Fig. 5).

A pixel ¾¿½ °C±E²G³I´ of ¨ is labeledwhite in « if ¬{­ is
locatedin a texture-homogeneoussector ÀEÁÃÂÄÀ , with À�½Å ÀÇÆCÈ ² ÀiÉÊÈ ² À¶ËÍÌ ² À¶ÎÐÏ ² ÀEÑ�É ² ÀiÉÊÏ ² ÀiËÍÏnÒ asdefinedin Table1 and
shown in Fig. 5. À Á is texture-homogeneousifÓ ÔiÕiÖm×ÄÔiÕ¶ØdÓÚÙ)Û¶Ü ÝÓ Þ�ÕiÖ�×ÄÞQÕ¶ØdÓÚÙ�ÛÇßÇ² à ¬{ÌáÂ
ÀEÁ (5)

where
Ô Ì and

Þ Ì denotethemeanandstandarddeviation of¬»Ì , Û¶Ü ½ãâ °äÞ�å�´ , and
Û¶ß ½çæ °äÞQè�é�êë´ (Eq.6). Both â °C±W´ andæ °X±W´ arestrictly monotonicfunctions.

Sector consistsofÀ ÆCÈ “horiz. top” ¬ ­ , ¬ ¸ , ¬¦ì , ¬{í , ¬{î , ¬»ïÀ ÉÊÈ “horiz. bottom” ¬ ­ , ¬ ¸ , ¬%ï , ¬{ð , ¬{ñ , ¬ ºÀ ËÍÌ “vert.right” ¬ ­ , ¬ ¸ , ¬¦ì , ¬{í , ¬{ñ , ¬ ºÀ ÎÐÏ “vert. left” ¬ ­ , ¬»í , ¬»î , ¬»ï , ¬{ð , ¬{ñÀ Ñ�É “diag. above” ¬ ­ , ¬¦ì , ¬»í , ¬{î , ¬»ï , ¬{ðÀiÉÊÏ “diag. below” ¬¦­ , ¬%¸ , ¬ ì , ¬ ð , ¬ ñ , ¬{ºÀ¶Ë£Ï “rect.“ ¬¦­ , ¬%¸ × ¬{º
Table1: Sectorsof thetextureanalysis

This detectionis donehierarchically, i.e., the labeling
startswith a blocksize ®�¯�® (Fig. 6(c)) ( ®+½òµ"ó ×�ô , óõÂö ² óÄ÷)µ ) andthentheblocksizeis setto

° ® × µ ´ ¯ ° ® × µ ´ .
This is repeateduntil theblock sizeis ø (Fig. 6(d),7(b)).In
eachstep,non-labeledpixels areexaminedandeventually
setto white.As canbeenseenin Fig. 6(d), in this step,the
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Figure5: Directionsof thetextureanalysis

interiorof eachregion is detectedandsetto white.Observe
that the smallestblock is ø , i.e., the smallestsurrounding
areaÀ ËÍÏ is ù andthatalarge ¼�½ã® is takenin thisstep.This
conservativesetting,which is necessaryto preventincorrect
regionmerging,doesnotallow pixelswhicharelocatedata
region’sboundariesto belabeled.

3.2 Completing object boundaries

Becauseof thebeforementionedlargemasks,pixelswhich
arelocatedat a region’s boundariesarenot labeled.In this
step,suchpixels arecompletedusingthe samestrategy as
describedabovebut with variable¼ú½òø ² µ ²nô . However, be-
foresettingpixels,a testis madeif thissettingwouldmerge
two regions.Only pixelswhich lay at objectboundariesor
lay insideabinaryregionareset.Thusaregion’sseparation
is preservedbut boundariesandsmallholesarecompleted.

3.3 Adaptation to imagechanges

Becauseof noiseand otherartifacts,homogeneitiescould
be lost, and thereforethe thresholds

Û¶Ü
and
ÛÇß

shouldbe
adaptedto theamountof noisepresentin the image,to the
localaveragecontrast,andto thelocalstandarddeviation.

First white Gaussiannoiseis estimated.Then,
Û¶Ü

andÛ¶ß
areadaptedasfollows: let a “clean” region ¬{­ bea set

of pixels
± Ì with the mean

ÔiÕiÖ
andvariance

Þ íÕiÖ . If noise
(with estimatedvariance

Þ íå ) is addedto that“clean” region
and if we assumethat thereis no correlationbetweenthe
noiseandtheimagesignal,thenthenew meanandvariance
of theregion are:

Ô Õ¶û ½ Ô Õ Ö�ü�Ô å and
Þ íÕ¶û ½ Þ íÕ Ö ü)Þ íå .

In thispaper, theadaptationfunctionsare:Û¶Ü ½þý üõÿuÞ íå ² Û¶ß ½�� ü��¶Þ íè é�ê
(6)

with ý ²Rÿm²�� ² � Â�� ,
ÿ ½ â °CÞ å��
	�� ´ , � ½ æ °CÞ è é�ê �
	�� ´ ,Þ å��
	��

(
Þ è é�ê �
	��

) is the maximum assumednoise (local
standarddeviation), and ý and � arethe minimum thresh-
olds. Currentresearchis aimedat enhancingthis artifact-
adaptationfunction,e.g.,throughstatisticaltests.



(a)Original image (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
�
���
�
��������

(e) Original image

(f) Diffusion of 6(e) by[12]. Note the
inter-region (grassandobject)blurring
makingregionseparationdifficult

Figure6: HierarchicalBinarization:results& comparison

(a)Original image
(observe thenoise
andshading)

(b) Binarization,
block sizes
�
���
�
��������

Figure7: Binarizationresults

3.4 Experimental resultsand discussion

The proposedbinarizationmethodwas verified by simu-
lation with imagesundergoing noiseand artifacts. It was
shown to be noise-robust. Fig. 6 shows a segmentationof
a naturalimage.Althoughthis imageis overlaidwith noise
(about � � dB PSNR), thehandandboth ringsareseparated
from thebackground.Also in texturedimages,thesegmen-
tation yields comparablebasicresultsto high-performance
imagesegmentationalgorithms[13]. On theotherhand,the
proposedmethodneedssignificantlylesscomputations.

Note that all the resultsareobtainedwith the samepa-
rametersetting.No image-wisemanualadjustmentwasun-
dertaken.Notethatthemaingoalof theproposedmethodis
to detectandseparaterobustlyobjectregions.Theemphasis
is herenot on detectedpreciseregionboundaries.Although
theboundariesof thedetectedobjectregionsaremorethan
one-pixelwide(asit is thecasein[13]), suchresultsareuse-
ful in applicationswhereapproximatesegmentsaresatisfac-
tory suchasin object-basedretrieval applications.

Furthermore,this binarizationmethodhad beencom-
paredwith abinarizationbasedonanisotropicdiffusionfol-
lowed by thresholding[12], Fig. 6(b). A basicproblemof
usinganisotropicdiffusionis thatwhile it sharpensedgesit
blurssmall discontinuities(like theonesbetweenthe large
ringandthehandin Fig.6(a),Fig.6(b)).It failsalsotodetect
texturedregions(notethe backgroundin Fig. 6(b)). These
propertiesquestiontheuseof diffusion-basedsegmentation
especiallyin thepresenceof nonuniform gray-level or tex-
turedimageregions.Furthermore,anisotropicdiffusionis a
computationalexpensivemethod.



3.5 Proposedmorphologicaloperations

3.5.1 Preliminaries

Morphologicaloperationsarevery effective for edgedetec-
tion of binaryimages,wherewhitepixelsdenoteuniformre-
gionsandblackpixelsdenoteregionboundaries[8, 9]. Usu-
ally, thefollowing detectorsareused:

!#"%$'&)(+*�, &.-0/21436573 8:9:-
!<;=$>&)(@?A, &B-0/C143D573�8�E (7)

where
&

denotesthebinaryimage,
!

denotestheedgeim-
age,

*
(
?

) denotestheerosion(dilation)operator,
/ 3D573

de-
notestheerosion(dilation) F�GHF kernelused,and

(
denotes

theset-theoreticalsubtraction.
Standardmorphologicalerosionanddilationaredefined

aroundanorigin, whereits positionis crucial for thedetec-
tion. For eachstepof anerosion(dilation),only onepixel is
set(at a time) in

&
. To achieve preciseedgeswith single-

pixel width, I2GJI kernels(definedaroundthe center)are
used:whena IKGLI crosskernelis used,anincompletecorner
detectionis obtained(Fig. 8(a));a I�G%I squarekernelgives
completeedgebut requiresmorecomputation(whichgrows
rapidly with increasedinput data,Fig. 9(a));andtheuseof
a MNG2M kernelwill produceincompleteedges(Fig. 8(b)).

To avoid thesedrawbacks,new operationalrulesfor edge
detectionby erosion(dilation) are proposedwhich use a
fixed sized(squareMAGOM ) kernelandsetall four pixels of
the kernelat a time in

&
. For edgedetectionbasedon the

novel rules,accuratecompleteedgesareachieved andthe
computationalcostis significantlyreduced.Sincethewide
useof imagesegmentationstronglydependson its compu-
tationalefficiency, this is a key point[7].

3.5.2 Efficient erosionand dilation

Proposederosion: if all four binary-image pixels inside
the M%G2M kernelare white, thenall four pixelsin theoutput
image are set (at a time) to white, if they were not eroded
in a previousstep.If at leastoneof the four binary-image
pixelsinsidethe kernel is black, thenall the four pixelsin
theoutputimageareset(at a time)to black.

Proposeddilation: If at leastoneof thefourbinary-image
pixelsinsidethekernelis white, thenall thefourpixelsin the
outputimageareset(at a time)to white.

Set-theoretical formulation: An advantageof the pro-
posedoperationsis thatthey canbeformally definedbased
onset-theoreticalintersection,union,andtranslationin anal-
ogy to the formal definitionsof the standardoperation[8].
Thestandarderosionanddilation satisfythefollowing two
properties[8]: 1) theerosionof animageby theunionof ker-
nels is equivalentto erosionby eachkernel independently

ErosionOriginal image Proposed detection Standard detection

(a)Erosionby a P�Q�P crosskernel

Standard detectionOriginal image Proposed Dilation

(b) Dilation usinga R�QSR squarekernel,origin
at left upperpixel

Figure8: Proposedversusstandardoperations

and then intersectingthe result (Eq. 8); 2) the dilation of
an imageby theunionof kernelscorrespondto dilation by
eachkernelandthenperformingunionof the resultingim-
ages(Eq.9). GivenimageT andkernels

&
and U in VBW ,

*YXZ, T -[&�\ U 9]$^*YX_, T -0&�9a`b*YX_, T - U 9
(8)

? X , T -0&c\ U 9d$^? X , T -[&S9e\B? X , T - U 9 (9)

where
* X

(
? X

) denotesthe standarderosion(dilation). The
proposederosionanddilationarethendefinedby:

*gfh, T -0/
W
5
W
9i$'* X , T -[jdk 5 kl9i$

* X , T -[/@mon
W
5
W
\A/@m_p

W
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W
\A/qnrn

W
5
W
\A/qnsp

W
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W
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W
5
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W
5
W
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W
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W
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W
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(11)
where

* f
(
? f

) denotestheproposederosion(dilation),
j k 5 k

isa I�G�I squarekernel,and
/vmon
W
5
W is a M
GwM kernelwith origin

at theupperleft (equivalentlyupperright, lower left, lower
right) corner.

3.5.3 Novel morphologicalbinary edgedetection

In this section,theneedof usingtwo operations(Eq.7) for
a binarymorphologicaledgedetectionis questioned.When



detectingbinaryedges,erosionandsubtractioncanbeper-
formedimplicitly which would furtherreducethecomplex-
ity of morphologicaledgedetection.Suchanimplicit detec-
tion is proposedasfollows: if at leastoneof thefour binary-
imagepixelsinsidethe xLy�x kernelis black, thensetall four
pixelsof the kernel (at a time) to white if they are white in
thebinaryimage. Thusif the x#yNx kernelfits in awhitearea
it is implicitly erodedbutedges(kerneldoesnotfit) arekept.
Fig. 9(b) givesa complexity comparisonof thenovel direct
edgedetection,edgedetectionusing the proposederosion
andedgedetectionusingstandarderosion(a zCy+z square
kernel).As canbeseen,thecostof edgedetectionis signifi-
cantlyreduced.

3.5.4 Discussion

The proposed edge detectors have been compared to
gradient-basedmethods(e.g.,Canny, Fig. 10(b),edge link-
ing is necessary)showing higherdetectionaccuracy (e.g.,
gapfree edges,Fig. 10(c)) andsignificantlylower compu-
tations.Comparedto standardmorphologicaldetectors,the
proposedmorphologicaledgedetectorsachieve the same
performance.On the otherhand,Fig. 9(a) givesa compu-
tationcomparisonof theproposedandstandardmorpholog-
ical erosionappliedto variousnaturalimagedata.As canbe
seen,thecomputationalcostusingthestandarderosionwith
z2yJz squarekernelgrows rapidly with the amountof in-
putdata,while thecostof theproposederosionstaysalmost
constant.The computationscanbe further reducedby ap-
plying thenovel morphologicaledgedetectionwith implicit
erosion(Fig. 9(b)).

4 Conclusion

In this paper, a four-step(binarization,edgedetection,con-
tour analysis,and filling) imagesegmentationof reduced
computationsaiming at detectingsignificantlarge objects
is presented.The proposededgedetectorshave beencom-
paredto gradient-basedmethodsshowing higherdetection
accuracy (e.g.,gap-freeedges)andsignificantly lesscom-
putations.Two binarizationmethodsareproposed:thefirst
is athresholdingwhichshowsverynoise-robustnessbyvari-
oussimulations;thesecondbinarization1) separatestexture
homogeneousregionsbasedonthemeanandstandarddevi-
ation,2)isnoiserobust,and3) hasregularstructureandlow
computations.Therobustnessis dueto theadaptationto the
amountof noiseandto localandglobalimagecontent.

However, for complex intensityvariation,themeanand
standardvariationalonearenot sufficiently discriminatory.
In future work, other discriminationfactorswill be intro-
duced,e.g.,the correlationfunction of the block of pixels.
Furtherresearchis orientedat introducinglocal andglobal
contextual criteria suchasedgecontinuities.Furtherwork
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Figure9: Computationalefficiency comparison



(a)Binary image

(b) Canny edge detection (Thresholds:1.20,0.20,0.60):
edgeswith gaps,edgelinking is necessary, seealso[12]

(c) Morph.edgedetection:goodregionseparation,one-pixel
wide,gap-freeedges

Figure10:Edgedetectioncomparison

is also aimed at enhancingthe noise adaptationfunction
throughstatisticaltests.
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