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I ntroduction

Theextractionof featuredrom digital imagess oneof the coreproblemsfacingcomputer
vision. For GIS applicationsone of the mostcritical featureso be extractedis pathways:

roadsandtrails. To date,nostmethodsarenot generabpurposethey areeitherapplication
or imagespecific. Oneof the moregeneralandpopularmethodss thatof active contours
or snalesdueto Kassetal [2]. A shaleis adeformablemodelthatusesenegy minimiza-

tion techniquedo find contoursin imagesand extract features. They have gainedwide

acceptancandhave beenbeenappliedto andmodifiedfor mary problems.

A key weaknes®f thesnalesmodelis thatthe contourgsnales)requireinitialization.
Typically initialization is doneby the user(by hand),or by eitherad hoc or application
specificmethods. We proposeusing GPSdataasinitialization. Sinceeven recreational
GPSunitsaretypically accurateo within 5-6 meters [6] they provide anexcellentrough
estimateof a pathway.

Thetraditionalsnale modelis designedo extractfeatureggivenvariedinitializations.
Thispapermpresentsnew enegy functionalthatexploits propertieof GPSdatato strengthen
theability of the snale to extracta pathway.

Snake Energy Formulation

The enepgy functional of a snale is expressedn termsof internal and external enegy
[2]. Theinternalenegy is dependenobnly on the shapeandcharacteristicef the contour
while the external enegy is derived from imageinformation. Let the snale be defined
parametricallyasv(s) = (x(s), y(s)). Then,thetotal enegy of the snale is definedas

Esnake - /Ol{Einternal(U(s)) + Eexte'rnal(v(s))}ds (1)

Internal Energy

Traditionally, the internalenegy is definedusingfirst and secondorder continuity con-
straints [2]. Theseconstraintcontrolthe elasticityandstiffness(respectiely) of the con-
tourasit shrinksaroundanimageobject. Theinternalenegy is usedto controlandmodify
the overall shapeof the contour

This definition of internalenepy is not well suitedfor a snale formulationusingGPS
initialization. In fact, it hasbeenour experiencethat the initial shapeof the GPSdata
shouldbe presered, not altered. Large differencedrom the initial shapeshouldonly be



Figurel: DOQ [4] imagewith GPSdataplottedshaowning € direction

allowed understrongimageevidence. Therefore we definea new internalenegy termto
penalizedeviationsfrom the initial shape.Let g(s) bethe fixed parametriccurve defined
by theinitial GPSdata.Usinga constantuningparametef3, theinternalenegy is defined
as

Egps—int = 6|g(8) - U(S)|2 (2)

External Energy

The externalenegy is typically definedusingthe imageintensityfunctionandderivatives
of it. This attractsthe snale to areasof high intensityaswell asto edgesn theimage.We
includeanimageintensitytermbut have foundedgesn imageso beunreliable especially
whenattemptingto extracttrails of narrov width.

As seenin figure 1, a pathway will be locally maximalin the directionperpendicular
to the directionit is traveling. Due to GPSinitialization we know the overall structure
of the pathway beforehand.We can then precomputefor eachregion alongthe snale,
which orientationto usefor a checkof local maximality. We incorporatethis into our
externalenegy term.Let #(s) bedefinedastheanglebetweerareferencdine andtheline
perpendiculato g ats. Thentheexternalenegy is definedas:

ol
Egpsfezt = LUI(.’E, y) + Cag—(s) (3)
Thefirsttermin thesummations simplytheimageintensitywith w, atuningparameter
The secondermis modifiedby the tuning parametet. Its derivative is onedimensional
takenin thedirectionof 6(s), whichis afixedfunctioncomputedsolelyfrom g, theinitial

curve. Examplef directionsareshavn in figure 1.



The solution of the active snale modelis the curve, v, suchthat E,,, ... IS minimal.
Thereforeminimizing Ey,, .. Will movethesnale towardslocal maximumsn thedirec-
tion of #. Minimizing the first derivative movestowardslocal maximaor minimaandthe
wl(z,y) termwith w negative ensuresnaximaover minima.

I mplementation: Greedy approach

We have solved our shale formulation usingthe greedyapproachdescribedn [5]. We
chosethis approachfor easeof implementationspeedanddueto the inherentlocality of
correctionsn our problem. Othersolutiontechniquedor enegy functionalsof this form
includegradientdescentlerived from variationalcalculus [3] anddynamicprogramming
[1]. The former suffers from numericalinstability while the latter provides a globally
optimalsolutionat a high computationatost.

An iterationof thegreedyalgorithmproceed®y walking thelist of GPSpoints.Let P,
bethei-th point of the GPStrack. Thealgorithmconsidersachpixel in a A by A window
aroundP; asa possiblepositionto move P; to. For eachlocationin the A window the
algorithmcomputeshechangen enegy for P; thatwill resultif P, is movedto thatpixel.
Thepixel with theminimumenegy is choserfor thenew locationof P;.

Thecorrectionobtainedor point P; is usedto predictandpenalizecorrectiondor point
P;1. Thedistancefrom this predictedcorrectionis usedasa local approximatiorto the
internalenegy term. This hasthe effect of maintainingthe overall shapeof the GPStrack
while allowing runsof local corrections. The externalenegy termis approximatedy a
measuref local maximalityin theé direction.

Results

In practice,the greedyimplementationof our enegy formulation performswell at cor
rectingGPStracks. Figure2 shovs a DOQ imagewith aninitial GPStrackandits snale
correctedresultplottedon it. We have testedthe codeon a variety of imagesof varying
terrain. We have found the resultsto be more than satisctory Quite often, parameter
tuningwasnot necessarythe samevaluesof the constantgjivenin Figure2 workedwell.
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Figure2: GPStrack correctedby a singleiterationof the greedyalgorithm. The original
trackis shavn in emptycircles.f = 1.5, = 10,w = 0.5, A = 10



