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ABSTRACT

In this paperwe proposea modified versionof the classical
explicit snale (active contour)approactHor the sgmentation
of irregularobjectshapédn videoimages.In the classicalap-
proachtheexternalevolutionforceis computedisingthegra-
dientof theimageor the region information. In our original
proposednethodthe externalforceis computedusingthere-
gioninformationwith two windows aroundthe contourpoint.
This new approachmproves the speedof convergenceand
alsothe quality of segmentationespeciallyfor irregular ob-
jectsshape(objectwith sharpcorners,deepconcae/corvex
shape) As thecontourpointsareattractedo thediscontinuity
of form, themodifiedsnale is called”cornertracker snale”.

Index Terms— Imagesegmentationpbjectdetection.

1. INTRODUCTION

Oneprincipal objective in imageprocessings the segmenta-
tion of the imageto recover the shapeof objects. Sincethe
work of Kassandal. [1] extensve researcton snales (ac-
tive contours)was developedwith this objectve. The first
approache§l][2] minimizedanenegy functionto move the
active contourtowards edges. Later, anotherstratgly was
developed, using region information [3] to overcomesome
problemsinherentof the edgeapproach. In this paperwe
areinterestedn developinga region basedsnale methodin
theMDL (Minimum DescriptionLength)frameavork with the
constrainbf computatiortime. Thereis actuallyagreatinter
estin level setmethodshut thedravbackof theseapproaches
istheprocessingime evenwith thefastmarchingmethod4].
For this reasonwe useexplicit snale (polygonal). The prob-
lem encounteredn the classicalsnale is the smoothnessf
the contourdueto theinternalforce andthe difficulty in this
caseto adaptthe snale to high curvaturecontour Increas-
ing the numberof contourpoint reduceghe effect, but it still
presentand increaseghe computationtime. The proposed
methodmodifiesthe expressionof the external force using

two windows aroundthe contourpoint to estimatewo forces
(Fieft, Frignt). Also, thenumberof contourpointsis adapted
usingMDL approachTheclassicabpproachearepresented
in section2, our methodis developedin section3. Experi-

mentalresultsare provided in section4 on syntheticimages
andin section5 onrealimages.

2. CLASSICAL APPROACHES

A parametricsnaleis acuneT'(s) = [z(s), y(s)],s € [0, 1],
which minimizesan enegy functionalby moving throw the
spatialdomainof animage:

E[L(s)] = Eint[[(s)] + Eext[T'(s)] @)

Theenepgy consistof two enegiesinternalandexternal. The
internalforce preseresthe smoothnesgnd continuity The
externalenepy is derived from the informationin theimage
1. A typical enegy for a snale using gradientof imageis,

[2]:

1 - o
Bl = f {5 )+ a1 - x[9r-91] b
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(2)
wherel', = (i(s),9(s)), ['ss = (i(s),i(s)) anda, 8, X are
positive coeficients. For asnale usingtheregioninformation
in theimagebasen MDL (Minimum descriptiorlength)we

have [3]:
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where R, is the sggmentedregion i, y is the codelengthfor
unit arc length, M is the numberof regionsand «; the pa-
rametersof the distribution describingthe regioni. X is the
codelengthneededo describethedistribution andcodesys-
temfor region R;. The externalforce is processedisinga



window W, .,y of m pixels aroundthe control point. Then
the equationis now:

M
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If we assumehateachpixel (z,y) hasa multiplicative mix-
turedistribution we obtain:

BN (o)) = nf ds (5)
M
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Themotionequationfor pointv = (z,y) is

di _ OE[, {a}]
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Usingequation(3):
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wherery, () is the cunature, iy g is the unit normalto 'y,
atpoint 7. In the following sectionwe presentour approach
basednthis method.

3. CORNER TRACKER SNAKE

The proposedexternalforce attractsthe contourpoints ¢ to
theimagecontourwith a high curvature. Actually, using(4)
the contourpointsareattractedo region which maximisethe
contrastbetweentwo regions;,,, Q..: (if we useonly one
active contour)but not especiallyto region of high curvature.
This is dueto the internal force and also the methodusing
windows W,y aroundcontourpointsv to calculatethe ex-
ternalforce. We modified the expressionof the forceto im-
prove theevolution of the snales:

dv ) Sleft
E = Z {logP(](“'leftﬂ)left)|ak)nk( %)
kEQ ()
+ 10g P(Iuri_qhtyvright) |O‘k)ﬁzl(g})lt} (8)
whereﬁleft is the normalunit vector of the left segmentof
k(v)

thecontourpoint & andﬁg(%’)” is thenormalunit vectorof the

right segmentof the contourpoint v. In factthe new forceis

composedf two forces:

-

Frew = Fleftilelt 4 prightgright Egchforceis estimated
usingawindow of sizem, W/’" andW !, seefigure 1.

(4) As the contourpoint is attractedto the areawith greatcon-

trastandstrongcurvaturewe have removedtheinternalforce
basednthecurvaturewhichis opposedo ourobjective. The
new enepgy criterionis:
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In the MDL Framevork [5] the criterion is composedof 2
terms. Thefirst oneis the descriptionlength,andthe second
theinformationrequiredto representhe modelparameters:

E = L(Ig,)|0) + L(¢)
with ¢ = {¢1, ...

ponents.

In our approactthe parametersire: ¢ = {~, v}, where~ is
the vector of parameterslescribingthe distribution of gray
level intensityin theregion. The codelengthto describethe
distributionis A usedin thepreviouscriterion,seeEq.(4). The
codelengthdescribinghe contouris relatedto the numberof
contourpointsn; for eachcontour For onepointthedescrip-
tion lengthin animageof dimensionM « M is [6]:

M

(10)

, ¢} the vectorof parametersvith & com-

‘Cpoint = 10g2 ? (11)
wheree representtheresolution.
Finally, thenew enepy criterionis:
El{as}] = (12)
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Thenumberof contourpointscanbe adaptediuringthe con-
vergenceof thealgorithm. Generally the numberof pointsis
proportionalto thelengthof thesnale (ds = cst)[2].

3.1. Contour points adaptation

We propose&o addcontourpointsif:
ds > €5 and E, e, < Eolg

Usingthe MDL approachye adda contourpointonly if the
distancebetweer? contourpointsis superiono a constant;,



andonly if theenegy with theaddedcontourpointis inferior
to theenegy withouttheaddedpoint. We proposeto remove
apointif:

arctan (717t "9") < €5 and Epew < Eog

We remove a contourpoint only if the angleformed by the
vectorsfteft and 79" is inferior to a constantey, (this is

the casewhenthreecontourpointsarealigned)andif theen-
ergy decreases.

In thefollowing sectionwe presensomeresultsusingclassi-
cal methodandour corner tracker snake on syntheticimages
toillustratethe performances.

Fig. 1. Thesnale with theleft (yellow) andright (cyan)win-
dows andthe estimatedorces.

4. RESULTS ON SYNTHETIC IMA GES

In this sectionwe presentin first somecriterion of perfor

manceandin secondesultson syntheticimages.We cannot
compareheperformancesf methodsn termonly of enegy

evolution dueto the differencesof enegy expression.Then
we proposethe following criteriaif we have only oneactive

contourseparatingwo regions:

card{Qi N}
card{Q,}

card{Q, N A}

7Cfalse = Ca’l“d{Qb}

C(good =
where();,, is theinternalregion of thesnale, €2, theregion of
theobjectto detect);, theregionof thebackgroundThefirst
resultis presente@n synthetiamagewithout noisewith high
contrast. The numberof contourpoint is increasingpropor
tionally to thelengthof the snale in this demonstrationWe
obtainbetterresultwith our method,seefigure 2, thanwith
classicaimethodwith a numberof contourpoint proportional
to thelength(ds=60).To understandhe differenceof results
betweenthe two methodswe have zoomedon the figure 2
whenthe algorithmshave corverged,seefigure 3. The prob-
lem of corvergenceencounteredbr theclassicalegion snale

is correctedwith the corner tracker snake. In this approach
the numberof contourpointsis not optimal to describethe
contourof the structuredobject, thenwe proposeto usethe
methodpresentedn 3.1 for the corner tracker snake. The
secondresultis presentedor anirregular objectshapewith
noise,seefigure 4. We comparethe corner tracker snake ap-
proach,the minimal descriptionlengthcorner tracker snake,
andthe classicalsnale. To obtainthe samekind of perfor

Fig. 2. In greenthe corner tracker snake, in red dashedhe
classicakegionsnale.
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Fig. 3. (a)theclassicalegionsnalein dashededandthewin-
dows aroundcontourpointsin yellow,(b) the corner tracker
snake in greenandthe left windows in yellow andthe right
windowsin cyan.

mancewith the classicalapproachseetablel, we musthave
alot of contourpoints. Evenwith this improvementthe clas-
sical approachgiveslower resultsdue to the smoothnessf
thecontour

5. RESULTS ON REAL APPLICATION

Theapplicationconcernghe EuropearprojectPEGASE(he-
licoPterandaEronefhaviGationAirborneSystenExperimen-
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Fig. 4. (a) classicalregion snale with 100 contourpoints,
(b) the corner tracker snake with 28 contourpoints, (c) the
corner tracker snake with minimundescritionlengthwith 13
contourpoints.

snaleMethod | Cyood | Craise | time | time90% | iter. 90%
cornertr. 98,59% | 0.46% | 4,5s 0,89s 8

cornertr. MDL | 98,42% | 0.43% | 7,28s 1,53s 9
classical 96,67% | 0.64% | 7,89s 2,25s 11

Table 1. Resultsof classification.We presenthe processing
timefor 30iterationstheprocessingime (MATLAB) andthe
numberof iterationsto obtain90% of goodclassification We
have improvedthe classificatiorandthe processindime with
thecornertracker snales.

tation). The objectve is to track a detectedunway in a se-
quenceof visible or infrared imagesto control the landing
of awing aircraft. In the proposedapproachthe runway is
parametrisetly two parallellinesusedasimagefeaturesThe
corner tracker snake appeargo bewell adaptedor this kind
of problem,becausehe projectionof the runway in the im-
ageis a corvex quadrangle. The tracking methodmust be
fastdueto the constraintof realtime. For this applicationwe
proposeo usea shale with only four contourpoints. With a
classicalregion snale this numberof contourpointswill not
be enough.Theresultsarepresentedn the following figures
5,6,7. The snale is initialized roughly, in the centerof the
objectto track,in thefirstimage,in the following imageswe
usethe previous position asinitial position. The runway is
correctly detectedand tracked throughthe sequenceén real
time.

Fig. 5. FramelO

Fig. 7. Frame270

6. CONCLUSION

In this papewe have presente@noriginalandefficientsnale
approachto segmentimagesof irregular object shape. We
have shavn theimprovementof performancén termsof com-
putationandseggmentationrcomparedo classicaimethod(re-
gion basedsnale).Theapproachhasbeenalso usedon real
Imageswith satisactoryresults.In thefuture,wewill develop
a multi-snale approachalongwith a methodto initialize the
positionof thesnalein theimage.
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