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Introduction

Theextractionof featuresfrom digital imagesis oneof thecoreproblemsfacingcomputer
vision. For GIS applicationsoneof themostcritical featuresto beextractedis pathways:
roadsandtrails. To date,mostmethodsarenotgeneralpurpose;they areeitherapplication
or imagespecific.Oneof themoregeneralandpopularmethodsis thatof active contours
or snakesdueto Kasset al [2]. A snake is adeformablemodelthatusesenergy minimiza-
tion techniquesto find contoursin imagesandextract features. They have gainedwide
acceptanceandhavebeenbeenappliedto andmodifiedfor many problems.

A key weaknessof thesnakesmodelis thatthecontours(snakes)requireinitialization.
Typically initialization is doneby the user(by hand),or by eitherad hoc or application
specificmethods. We proposeusingGPSdataas initialization. Sinceeven recreational
GPSunitsaretypically accurateto within 5-6 meters [6] they provide anexcellentrough
estimateof apathway.

Thetraditionalsnake modelis designedto extract featuresgivenvariedinitializations.
Thispaperpresentsanew energy functionalthatexploitspropertiesof GPSdatato strengthen
theability of thesnake to extracta pathway.

Snake Energy Formulation

The energy functional of a snake is expressedin termsof internal and external energy
[2]. The internalenergy is dependentonly on theshapeandcharacteristicsof thecontour
while the external energy is derived from imageinformation. Let the snake be defined
parametricallyas ���������	��
��
��������������� . Then,thetotal energy of thesnake is definedas����������� ���! "$# �&%'�)(*�,+-����. �,���
�����0/ �1�,23(*��+-�)�4. ���5��������6�78� (1)

Internal Energy

Traditionally, the internalenergy is definedusingfirst andsecondordercontinuity con-
straints [2]. Theseconstraintscontroltheelasticityandstiffness(respectively) of thecon-
tourasit shrinksaroundanimageobject.Theinternalenergy is usedto controlandmodify
theoverallshapeof thecontour.

This definitionof internalenergy is not well suitedfor a snake formulationusingGPS
initialization. In fact, it hasbeenour experiencethat the initial shapeof the GPSdata
shouldbe preserved,not altered.Large differencesfrom the initial shapeshouldonly be



Figure1: DOQ [4] imagewith GPSdataplottedshowing 9 direction

allowedunderstrongimageevidence.Therefore,we definea new internalenergy termto
penalizedeviationsfrom the initial shape.Let :5;
<�= be thefixedparametriccurve defined
by theinitial GPSdata.Usingaconstanttuningparameter> , theinternalenergy is defined
as ?&@�ACB DFE'G)H5I >&J :5;�<�=LKNM�;
<�=�J O (2)

External Energy

Theexternalenergy is typically definedusingtheimageintensityfunctionandderivatives
of it. This attractsthesnake to areasof high intensityaswell asto edgesin theimage.We
includeanimageintensitytermbut havefoundedgesin imagesto beunreliable,especially
whenattemptingto extracttrailsof narrow width.

As seenin figure 1, a pathway will be locally maximalin thedirectionperpendicular
to the direction it is traveling. Due to GPSinitialization we know the overall structure
of the pathway beforehand.We can then precompute,for eachregion along the snake,
which orientationto usefor a checkof local maximality. We incorporatethis into our
externalenergy term.Let 9P;�<�= bedefinedastheanglebetweenareferenceline andtheline
perpendicularto : at < . Thentheexternalenergy is definedas:?&@,AQB D8R�S3H5IUTWV ;YXLZ�[P=5\^]`_ V_ 9P;�<�= (3)

Thefirst termin thesummationis simplytheimageintensitywith T , atuningparameter.
Thesecondterm is modifiedby the tuningparameter] . Its derivative is onedimensional
takenin thedirectionof 9P;�<�= , which is a fixedfunctioncomputedsolelyfrom : , theinitial
curve. Example9 directionsareshown in figure1.



The solutionof the active snake model is the curve, a , suchthat b1c,d�e�f�g is minimal.
Therefore,minimizing b&h�iCckj8g�l3m will movethesnake towardslocalmaximumsin thedirec-
tion of n . Minimizing thefirst derivative movestowardslocal maximaor minimaandtheoWp�q�rLs�tvu termwith o negativeensuresmaximaoverminima.

Implementation: Greedy approach

We have solved our snake formulationusingthe greedyapproachdescribedin [5]. We
chosethis approachfor easeof implementation,speedanddueto the inherentlocality of
correctionsin our problem.Othersolutiontechniquesfor energy functionalsof this form
includegradientdescentderivedfrom variationalcalculus [3] anddynamicprogramming
[1]. The former suffers from numericalinstability while the latter provides a globally
optimalsolutionat ahighcomputationalcost.

An iterationof thegreedyalgorithmproceedsby walking thelist of GPSpoints.Let wLx
bethe y -th pointof theGPStrack.Thealgorithmconsiderseachpixel in a z by z window
around w{x asa possibleposition to move w{x to. For eachlocation in the z window the
algorithmcomputesthechangein energy for w{x thatwill resultif wLx is movedto thatpixel.
Thepixel with theminimumenergy is chosenfor thenew locationof w{x .

Thecorrectionobtainedfor point w{x is usedto predictandpenalizecorrectionsfor pointw{x}|�~ . The distancefrom this predictedcorrectionis usedasa local approximationto the
internalenergy term. This hastheeffect of maintainingtheoverall shapeof theGPStrack
while allowing runsof local corrections.The externalenergy term is approximatedby a
measureof localmaximalityin the n direction.

Results

In practice,the greedyimplementationof our energy formulation performswell at cor-
rectingGPStracks.Figure2 shows a DOQ imagewith aninitial GPStrackandits snake
correctedresultplottedon it. We have testedthe codeon a variety of imagesof varying
terrain. We have found the resultsto be more thansatisfactory. Quite often, parameter
tuningwasnot necessary;thesamevaluesof theconstantsgivenin Figure2 workedwell.
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Figure2: GPStrackcorrectedby a singleiterationof thegreedyalgorithm. Theoriginal
trackis shown in emptycircles. �������'�8�3�������v�4�������'�����������


