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Abstract
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1 Intr oduction

Mathematicalmorphology, denotedMM hereafter, is a theorydevisedfor theshapeanalysisof
objectsandfunctions(Serra, 1982). Usualmorphological operatorsaremadeof two parts:(i)
a referenceshape,calleda structuringelementor function, that is translatedandcomparedto
theoriginal functionall over theplane,and(ii) a mechanismthatdetailshow to carryout the
comparison.Structuringelementwill beabbreviatedasSEhereafter.

MM hasbecomeincreasinglypopularover thelastfew years.Part of this successis dueto the
remarkableincreasein efficiency of many of theMM algorithms. Many MM operationswhich
usedto requireexpensivededicatedhardwareto run in reasonabletimescannow beperformed
onstandardworkstationor evenpersonalcomputers.In thispaper, wepresentsuchanalgorithm
well-suitedfor basicmorphological operationswith largearbitraryshapedstructuringelements.

Definitions and notations. We briefly recall thedefinitionsandnotationsusedin this paper.
We usethe Minkowsky addition definitionsas usedin (Haralick et al., 1987). Let

�
be a

functiondefinedon theEuclideanspace
� ���

(
��� � ��� � � �

),
� � � � �

a flat structuringelement
and

�"!#� � �%$&�'� �)(+* � thetranslatedof
�,� � � by * in

� ���
. Theerosion

� � �
(resp.dilation

� � �
)

of a function
�

by
�

maps
�

into anotherfunctiondefinedas:

�-� � � �.� � �%$0/+132!547698 �;:<!#� � �>= (1)�-� � � �.� � �?$@/BADC!5476E8 �D!#� � �>= (2)

where
/F1G2

and
/BADC

denoterespectively theminimumandthemaximumoperations.

Thesepastyears,considerableeffort hasbeenput into the developmentof fastandefficient
algorithms for complex MM operationson simple desktopworkstations. Algorithms for basic
operationslike theerosionanddilation with a largeSEarealsounderdiscussionin literature,
mainly becausetheseoperationsbelongto mostindustrial proceduresbasedon MM. Theaim
is to reducethe numberof stepsthat would be requiredin a direct implementation of defini-
tions1 and2. Thesimplestimplementation,calledthe trivial method in this article,consistsin
searchingfor eachpoint � theminimum value(in thecaseof anerosion)amongall thevalues�'� �%H�* � where* 	 �

. Thismethodis acceptablefor smallSEs,but leadsto verylongexecution
timesfor big SEs.A simpleexampleillustratestheinherentredundancy of thetrivial method.
Suppose

� $ 8"I �>* = and � $ �J( I H@* . Then
�5� � � �K� � �L$M/+132 8 �,� �+H I � � �'� �+HN* �#= and�5� � � �.� � �O$N/+132 8 �'� �PHQ* � � �'� �RHQ* �#= . �'� �PHS* � appearsin bothexpressions but should, in an

idealsituation, only bereferred to once.LargerSEsleadto evenmoreduplications. Until very
recently, no othersolution thanthe trivial method wasavailablefor operationswith SEsother
thansquaresor hexagons.

Commercialsoftwaresprovidethepossibility to erodewith asquareof size T �5U"V HXW �ZY[�5U\V HJW �^]
thatis obtainedby repeating

V
erosionswith a T`_ Y _ ] square.This methodis referred to asthe

linear decomposition method. Originatedby Pecht(1985)andenhancedby van denBoom-
gaard(1992),the logarithmic decomposition improves the linear decomposition by removing
someredundantcomputations. However, theprinciplecannot beextendedto arbitraryshaped
structuringelement.

In therestrictedcaseof binaryMM, Vincent(1991)proposedanefficientsolutionthatconsiders
only the pixelsof the edgeof the binary objects,andthenmovesalongthis contourpixel by
pixel,writing ontheoutputimageonly thosepixelsof theSEwhichcouldnotbereachedat the

3



precedentmove (thenon-overlappingpixels),or theentireSEat thebeginning. Thisallowsthe
codingof anefficientdilation. Theerosionwasobtainedby dilating thecomplementary image.
Still in thebinarycase,Lianget al. (1993)proposedanequivalentsolution to theproblemusing
ahierarchicalpyramiddatastructure.

Theproblemis moredifficult whendealingwith gray-level functions. Meyer proposeda bet-
ter solution than the trivial approachin (Meyer, 1990),basedon hierarchicalqueues,which
also took advantageof the overlapping parts of SEs when consideringneighboringpoints.
Gratin et al. (1993)proved that the Meyer methodindeedcouldbeusedwith flat SEsof any
shape.They proposedto replaceMeyer’s hierarchicalqueueswith a simple sortingof all the
pixels of the image,which proved significantly faster. It wasshown in the samepaperthat
the complexity of the Gratin/Meyer algorithmwas the sameas the complexity of the trivial
method(i.e. linearwith theareaof thestructuringelement),but thatit wasupto 50timesfaster
dependingon thestructuringelementandthecontentof theimage.

Thekey ideain theseapproachesis that,in mostcases,it is redundantto completelyre-compute
a minimum for all possibletranslations vectors * 	 �

whenthe erosionof two neighboring
pointsof the imageis to be determined.Indeed,for two suchpoints, the setson which the
minimum mustbe computeddiffer only by a contourwhich is onepixel wide, regardlessthe
needfor a hierarchicalor sortingapproachto the problem,aswith Meyer’s method. Many
authorshave appliedthis idea of a “sliding window” in order to computerank-orderfilters
(seeChaudhuri(1990),Gil et al. (1993)andHuanget al. (1979)). However, they have only
proposedmethodsfor rankfilterson rectangularwindows. In thefield of MM, theshape of the
SEis extremelyimportant.

In thenext section,we extendthesliding window principleto SEsof any shape,andshow that
thismethodleadsto amoreefficientandfasteralgorithmthantheGratin-Meyeralgorithm.

2 Algorit hm description

2.1 Basicprinc iple

In the following, for the sake of simplicity, we will only presentthe caseof erosionwith flat
structuringelements.The caseof the dilation is obtainedby duality, andthe caseof non-flat
structuringelementsis discussedin section3. It is alsoassumedthat

�
containstheorigin for

simplicity.

In orderto determine
�-� � � �.� � � , theminimum of

�
insidethe“window”

�ba
hasto beknown.

This computationmusttake placefor all thepixelsof
�
, andcanbedoneusinga regularscan-

ningfrom pixel to pixel. For exampleonarandomline of
�
, thescanningcanbedonefrom left

to right andcorrespondsto a small translation of
�

in thesamedirection.This is thesituation
depictedin figure 1, where

�ca
is a givenposition of the SE and

�ed
is the next translatedSE.

Theneighboringvalue
�-� � � �K� � � is theminimumof

�
inside

�fd
after the translation�P(g� .

From
�-� � � �.� � � , thevaluesof

�
inside

�Ra 
 �hd
arealreadyknown. To obtaintheminimum

inside
�bd

, we thereforeonly needto considerthevaluesof
�

which locationsarefilled with ‘-’
and‘+’ symbolsin figure1. If �i(B� is smallcomparedto thesizeof

�
, thepartsto beremoved

from or to be addedto
�9d

arealsosmall. In the digital case,where �j(k� is onepixel long,
thesepartsareonly onepixel thick andcorrespondto a subsetof thecontourof

�
. Fromthe

computer’s point of view, thesepartscanbe efficiently accessed,andthe costto computethe
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minimuminside
�Ld

is only a fractionof whatit wouldhavebeenif wehadnot takenadvantage
of ourknowledgeof

�
inside

�Ra
. A similar localadaptationis doneaftereachtranslation.

To beableto computetheminimum of
�

inside
�ld

, it is sufficient to memorizeonly thegray-
level histogram of all thepointsof

�
inside

�ma
, thento countthepointswhichappearandthose

which disappearin the histogram during the translationtowards
�fd

. Theminimumvaluecan
beobtainedfrom thenew gray-level histogram,which is indeedthehistogramof thevaluesof�

inside
�bd

. It is a lot moreefficient to work with thehistogramthanto searchtheminimum
valueaftereachtranslation.

2.2 Algorithm complexity

As the time neededto computethe minimum valuein a histogramdoesnot dependuponthe
numberof pointswhich form thishistogram,but dependsonly on thenumberof possiblegrey-
levelsin theimage,wecanderive thetheoreticalcomplexity of theproposedalgorithm.

2.2.1 Worst casescenario

Theworst-casescenariohappenswhentheSE beingusedis suchthat thereis no intersection
betweentheSEat a givenpositionandits subsequentposition on thegrid afteronly onetrans-
lation. In thiscase,thealgorithmwill examineall thepointsin theSEfor everymove. In other
words,thecomplexity of thealgorithmin this caseis thesameasfor thetrivial method,which
is proportionalto thearean of theSE.

Examplesof suchstructuringelementsarelinessegments not orientedin thetranslationdirec-
tion, or onepixel thick SE(thin rings).

2.2.2 Bestcasescenario

Thebest-casescenariohappenswhenthenumberof pixelswhich aremodifiedduringa trans-
lation stepis very small comparedwith the total numberof pixel of the SE. In this case,for
a granulometrymadeof suchSE(Matheron,1975),thecomplexity of theproposedmethodis
constantor almostconstant.

This is in particular the casefor line segmentsorientatedin the propagation direction: the
complexity of theproposedalgorithmandthecomputing time areindependentof thelengthof
thesegment.

2.2.3 Typical scenario

Typically, SEhaveaperimetermuchsmallerthantheirarea.This is in generalincreasinglytrue
with thesizeof theSE.For sucha typical SE,thesetof pixelsmodifiedduringonetranslation
stepof the SE is includedin the perimeterof theSE,which is asymptotically proportionalto
thesquarerootof theFerretdiameterof theSE.

For example,if we considera squareSE, the pixels modifiedduring onetranslationstepare
thosealongtheedgeof theSEperpendicularto thetranslationdirection,asin figure2. If n is
theareaof theSE,thenthecomplexity of themethodis in

�B��o n � .
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2.3
p

Implementation issues

In thedigital case,weneedto beableto dealwith onepixel long translations of theconsidered
SE alonga subsetof the principal directionsof the underlying grid; examplesof subsetsare
givenin figure3.

We alsoneedto starttheprocessby calculatingonce(and,if possible,only once)thecomplete
histogramunderoneposition of theSE(for examplethetopmost,leftmostposition of theSE),
and then proceedwith size 1 translationsof the SE following the methodsdescribedin the
previoussection,in orderto cover theentireimage.

We know it is sufficient to dealwith the pointswhich are includedin the partsto be added
or removedduringsize1 translationsof theSE.We cancall thesepointscritical points. The
critical pointsdependon the shapeof the SE andon the directionof translation.Thereare3
translationdirectionsin the caseof the squaregrid (0, ()qsr U and q ) and4 in the caseof the
hexagonalgrid (0, (tqsr _ , q and ( U qsr _ ). Thesepointsareincludedin thecontourof theSEand
arethereforefew in numberfor mostSEs.

During scanning,andin thecaseof pureMM operators(otherrankorderfilters excluded)we
shallkeepa variablewhich holdstheposition in thehistogramwe areinterestedin: minimum
in the caseof an erosion,maximumin the caseof the dilation. This value is readonceper
translation(thatis the“output” value)andis in practiceseldommodified.Althoughthisnotion
is difficult to demonstrate,theargumentgoesthus: this relevanthistogramvaluechangesonly
whena pixel with a lower (erosion)or higher(dilation) valueis introducedin the histogram,
in which casethemodificationis immediate,or whenthecorrespondingfrequency in thehis-
togramcomesto 0, indicating that thereis no longera pixel underthe SE which holds this
value, in which casea scanningof the histogram is necessary. This approacheliminatesthe
necessityto actuallylook into thehistogramaftereachtranslation. Finally, evenin thecaseof a
very noisyimagewheretheextremalvaluewould changeoften,thescanningof thehistogram
occursin constanttimeandthisoperationdoesnotaffect thecomplexity of thealgorithm.

Beforestartingtheoperation,ananalysisof theSEis necessaryto find thecritical pointsonthe
contourof theSE. In practicewe canhold thesepointsin arraysof 2D vectors,thesevectors
beingthepositionof thecritical pointsrelativeto theorigin of theSE.Onearraywill containthe
positionof thepointsto beremoved, anotherthepositionof thepointsto beadded.Theseeasily
accessedarraysarefilled only onceat the beginning of thealgorithm,andareonly consulted
afterwards.Theanalysisof theSEcanbedoneby effectively makingtherelevant translations
andfinding the points that changewith logical operations.This allows to processeasily the
complex cases(SEswith holes,non-connectedSEs,etc).

It is alsocritical to processcorrectlytheedgesof the image.Thebestpracticeis to addedges
of sufficient sizeto the original image. The sizeof the edgesareeasyto determine:they are
equivalentto thoseof theboundingboxof theSE,asin figure4.

2.4 Algorithm implementation

Hereis now thecompletepseudo-codeof thealgorithmin thecaseof anerosionby aflat SEon
asquaregrid.
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Algori thm: Erosion by a structuring element u
v Declaration of data

- imIn, theoriginal image w .
- imOut, theoutput image.
- u , thebinary imagecontaining theSE.
- histo, thehistogramv Initializ ation
Findingof theborderpointsof u in eachdirection usingtranslations
Filling of thehistogramfor thefirst position of uv Main loop
For eachevenline x of imIn

For eachpoint y of line x
Translateu onepixel to theright andadaptthehistogram;z|{+}i~���� y.��x3��� {jz|�s����z-���5�D�

;
EndFor

Translateu onepixel to thebottom andadaptthehistogram;

For eachpoint y of line x��k�
Translateu onepixel to theleft andadapt thehistogram;z|{+}i~���� y.��x<�k����� {jz|�s����z-�������

;
EndFor

EndFor

To implementa dilation, it is sufficient to replacethe �E� V'�5� operatorby a � I � �5� . Figure5
representsthe resultof a numericalopening, that is an erosionfollowed by a dilation, by a
structuringelementresemblinga face,of thefamous“Mona Lisa” painting.Thisallowsto find
thelocationof thefaceof MonaLisaon thepainting.

2.5 Resultsand discussion

Let usnow considerthecomputingtime on a sampleimage.We have considereda � W U[Y � W U
squaregrid imageon whicha seriesof erosionshave beenperformed.Thestructuringelement
was a standardsquareso that the methodscan be comparedwith the linear decomposition
method.

Thefollowing methodswerecompared:

1. The trivial method, consisting in a comparisonof all thepixelsof theinput imageunder
theSEfor all thepositionsof theSE.

2. TheGratin-Meyer method whichconsistsin ahierarchicalapproach.

3. The proposedmethodpresentedabove andmentioned asTalbot-Van Droogenbroeck on
thegraph.

4. And a referencetechnique:the linear decomposition method thaterodesan imageby a
T`� Y � ]

( � mustbeodd)squareby repeating
� � (�W � r U erosionsby a T`_ Y _ ] square.
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Figure
�

6 presentsthe resultsin a log-log scalegraph. Computing timeswereobtainedon a
NeXT 6804025 MHz workstation(equivalent to a SunSparcStationI) with thegcc compiler
andthegprof profiler.

We canseewith this resultthat the trivial method yieldsextremelylong computingtimes.For
anerosionwith a T`� W Y � W ] square,thecomputing time is closeto 45minutes.

Thelinear decomposition method yieldsthebestresult,albeitcloselyfollowedby theproposed
method. The key point hereis that the decomposition methodcanbe usedonly with a lim-
ited numberof SEs,like squaresin this case,whereastheproposedmethodcanbe usedwith
arbitrarySE.

By construction,the decomposition methodhasa complexity in
o n , n beingthe numberof

pixels in the SE. Indeed,the numberof loopswith the unit squareSE neededto computean
erosionwith a squareSEcontainingn pixel is proportional to thelengthof theedgeof sucha
square,which is equalto

o n . The fact thatour methodfollows socloselythedecomposition
methodin termsof computingtime shows that thecomplexity estimatein

o n for our method
wascorrect.

TheGratin-Meyer method givesmuchbettercomputingtimesthanthetrivial method,but this
methodis inferior to theproposedmethod.TheGratin-Meyer method is alwaysslowerthanthe
proposedmethod,andbecauseof thelower complexity of theproposedmethod,thedifference
in computingtime increasesquickly with thesizeof theSE.

It must be noted that the comparisonbetweenthe Gratin-Meyer method and the proposed
methodextendsto shapesmorecomplex thansimplesquares.For example,nearly identical
resultsareobtainedwhenusingaseriesof scaledSEssimilar to theoneusedin Fig. 5.

3 Extensions

It is possible to extendthepresentedalgorithmin at leastfour differentways:

3.1 Non-flat structuring elements

Supposethatfunction � � � �c� � � � � � �
only takesnon-zerovalueson � . Thegray-scaleerosion

anddilation of
�

by anon-flatstructuringelement� arerespectively definedby

�5� � � �.� � �%$N/F1G2� 4��m8 �,� �fH¡  � ( � �   �#= (3)�5� � � �.� � �?$@/BADC� 4��B8 �,� �+(Q  � H � �   �#= (4)

A non-flatSE (so-called3D SE for 2D images)is like a structuring function non necessarily
constanton its definition interval. It shouldnot be mistaken with 3D SEsfor 3D images.On
digital images,computinga basicMM operationwith sucha SE is equivalentto computing a
weightedextremum.

The methodpresentedin this paperappliesequallywell to non-flatSEs. The sameprinciple
applies:pointsin the SE that do not changeduring a one-pixel translationdo not needto be
re-examinedduringthis very translation. However, in thegeneralcase,thesetof pointswhich
do changeduringone-pixel translations is not a subsetof thecontourof theSE:dependingon
thegeometryof theSE,somepointswithin theSEmight needto beconsideredaswell.
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In
¢

amorespecificmanner, if duringthetranslationof theSEfrom aposition to anadjacentone,
theweightof a givenpixel on theimage

�
remainsthesame,thenit is not necessaryto update

thegray-level histogramundertheSEfor thatposition. If, on theotherhand,theweightdoes
vary, thenwemustconsiderthispositionmuchin thesamewaycontourpixelswereconsidered
in theflat case.

3.1.1 Algorithm complexity

Flat structuringelementsareactuallya subsetof non-flatstructuringelements.Thesamedis-
cussionpresentedin section2.2alsoappliesto non-flatstructuringelements.

In thecommoncaseof realnon-flatSEs,a largeproportionof theSEneedsto beupdatedfor
eachtranslation.This proportion is usuallyindependentof thesizeof theSE.This meansthat
thecomplexity of themethodin thatcasewill be thesameasof the trivial method.However,
sincenot all pointsneedto be updated,contraryto the trivial method,a substantial gain in
computing time canbeexpected,asshown in table1. In this table,computing time areshown
for both the proposedmethodandthe trivial methodin the caseof the erosionof the image
of MonaLisa (figure5) by thevery commonspherical“rolling ball” structuringelement(ie: a
circularSEwith weightsarrangedasto describeahemispherein grey-level). In thiscase,which
is quite typical, a computing time gainof nearly50% canbe obtainedby usingthe proposed
method.

3.1.2 Implementation

The implementationof the algorithmfor 3D SE is almostthe sameas for flat SE. The only
partwhich changesis thenecessityto applythecorrespondingweightsto thepointsthatenter
andleave thehistogramcalculation.In practice,this managementtakesa negligible amountof
computing time.

It is possibleto actuallyimplementthecaseof theflat SEasa subsetof thegeneralcase.As a
result,thetotal computing time is directly proportionalto thenumberof pointswhich needto
beupdatedwith eachtranslationof theSE,regardlessof whethertheSEis flat or not,asshown
in figure7.

3.2 3D images

Thesamemethoddescribedaboveappliesto 3D images.Oneneedsto considera largernumber
of scanningdirections(in the caseof the cubic lattice, for example,we needto consider5
scanningdirections).

Thesetof critical positionsin theSEwill have thedimensionof aunit thick surface.

3.3 Rank order filters

It is alsopossible to realizerankfilters on non-rectangularwindows with this method.Instead
of lookingfor aminimum or amaximumin awindow, wejustneedto look for themedianvalue
(for example) of thegray-level histogramof thepointsof the image

�
undertheSE

�
. Since
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this
£

histogramis readily availablefor all the positionsof
�

, this extension comesat no extra
cost.

3.4 Optimization of the dir ection of translation

Thedirectionin which thetranslationof theSEis mademakesnodifferenceto thefinal result.
However, thedirectionsin which theSEaretranslatedcanmake a differencein termsof com-
putingspeed,dependingon the SE’s shape.It is betterto choosea translation directionsuch
that the width of the SE in the perpendiculardirectionis minimal, if sucha directionexists.
Thismakesa dramaticdifferencefor line SEfor example.

The actualtranslation canbe achieved eitherby a prior rotationof the image(which is exact
only in a limited numberof directions),or by usingactualtranslation of the SE,alongeither
Bresenhamor periodiclines,asdefinedby (Soille et al. 1996).

4 Conclusions

A new methodallowing thecomputation of basicmorphological operationswith arbitrary flat
structuringelementson2D gray-level imageshasbeenpresented.

It wasshown thatthismethodis lesscomplex, moreefficientandfasterthanall existingmethods
for thecomputationof suchoperations.

Extensionsof thismethodto non-flatstructuringelements,3D imagesandrank-orderfiltersare
alsopossible.

Besidestraditional applicationof morphological operatorslike patternmatchingwith arbitrary
shapesor filtering with isotropic structuringelements,this methodhasalsobeenusedto com-
puteisotropicgray-level granulometriesin reasonablecomputing times.
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List of Figureand TableCaptions

Table1: Comparingcomputingtime(in seconds)for theproposedmethodvs. thetrivial method
in thecaseof anerosionby a rolling ball SE.

Fig. 1: Effectsof asmalltranslationof thestructuringelementduringanimagescan.Thegray
areaof theright handfigurerepresentslocationsof valuesbothconsideredfor

�5� � � �K� � � and�5� � � �.� � � .
Fig. 2: A differentlocal histogramis associatedto eachlocationof thewindow. Theonepixel
to theright translationof thesquarewill affect theminimumgivenin theright handhistogram.
Fig. 3: Proposedtranslations onadigital grid.
Fig. 4: Additional edgeto beaddedto theoriginal imageduringtheoperation.
Fig. 5: Patternrecognitionusinganopeningwith a face-like structuringelement.
Fig. 6: Computingtime. Erosionby squaresona T¥� W UbY � W U"] squaregrid image(log-logscale).

Fig. 7: Computing timesfor erosionsby variousSE on a given image. Both flat andnon-flat
SEarehandledin thesameway. Thecomputingtime is proportionalto thenumber of points
whichneedto beupdatedat eachtranslation.
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Radiusof theSE(pixel) Proposedmethod(s) Trivial Method(s)
5 11 13
10 28 50
15 70 128
20 140 230
30 330 557

Table1:

¦�¦�¦�¦K¦¦�¦�¦�¦K¦¦�¦�¦�¦K¦¦�¦�¦�¦K¦¦�¦�¦�¦K¦¦�¦�¦�¦K¦¦�¦�¦�¦K¦¦�¦�¦�¦K¦

¦K¦�¦�¦�¦¦K¦�¦�¦�¦¦K¦�¦�¦�¦¦K¦�¦�¦�¦¦K¦�¦�¦�¦¦K¦�¦�¦�¦¦K¦�¦�¦�¦¦K¦�¦�¦�¦¦K¦�¦�¦�¦

¦�¦K¦�¦�¦�¦�¦K¦�¦�¦�¦�¦K¦�¦�¦�¦�¦�¦K¦¦�¦K¦�¦�¦�¦�¦K¦�¦�¦�¦�¦K¦�¦�¦�¦�¦�¦K¦¦�¦K¦�¦�¦�¦�¦K¦�¦�¦�¦�¦K¦�¦�¦�¦�¦�¦K¦
§�§�§�§�§K§�§�§�§�§�§K§�§�§�§§�§�§�§�§K§�§�§�§�§�§K§�§�§�§§�§�§�§�§K§�§�§�§�§�§K§�§�§�§§�§�§�§�§K§�§�§�§�§�§K§�§�§�§§�§�§�§�§K§�§�§�§�§�§K§�§�§�§§�§�§�§�§K§�§�§�§�§�§K§�§�§�§§�§�§�§�§K§�§�§�§�§�§K§�§�§�§§�§�§�§�§K§�§�§�§�§�§K§�§�§�§§�§�§�§�§K§�§�§�§�§�§K§�§�§�§§�§�§�§�§K§�§�§�§�§�§K§�§�§�§§�§�§�§�§K§�§�§�§�§�§K§�§�§�§§�§�§�§�§K§�§�§�§�§�§K§�§�§�§§�§�§�§�§K§�§�§�§�§�§K§�§�§�§§�§�§�§�§K§�§�§�§�§�§K§�§�§�§§�§�§�§�§K§�§�§�§�§�§K§�§�§�§
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(a) Original image (b) structuring element (c) Final result
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