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This paperdescribesanapproachto imagethresholdingthatcombinesvariousmultiscaleand
morphologicalfeatures,includingtexture,shapeandedgefiltering, by usinggeneticprogram-
ming, to detectthepresenceof landslidesandtheir active sectorsin changedetectedmultitem-
poralaerialimages.

1 Introduction

Detectinglandslidesand monitoring their activity is of greatrelevancefor natural
hazardassessmentanddisasterpreventionin hilly areas.Very high resolutionoptical
satellitedatais now becomingavailable,andto evaluatethepotentialapplicationof
thesenew imagesto detectgroundsurfacechangesasa resultof landsliding,in pre-
viouswork we developedandappliedchangedetectionandthresholdingmethodson
digital aerialphotographsovertheTessinalandslidein Veneto,Italy

�
. This is anearly

3-kmlongcomplex landslideconsistingof rotationalslidesin its headandamudflow
in the remaining,largestpart of the body. The landslidehasdevelopedin Eocene
flyschmaterialspartly coveredby colluvial andglacial till sediments.The landslide
wasfirst triggeredin 1960andhassinceundergonea numberof reactivations. The
physicalsettingof theareaandlandslidedynamicsarefurtherdescribedin

��� �
.

Thelandslidecurrentlyaffectsanareaincludinga numberof smallvillagesand
mixed woodland-grasslandlandcover. It generallyappearsasa distinct bright fea-
ture on visible-wavelengthpanchromaticimagesbecauseof outcroppingsoil under
disruptedvegetation(figure1a&b).

This paperfocuseson applyinggeneticprogrammingtechniquesto detectand
monitor landslidesfrom optical remotesensingdata. To this end,we have usedra-
diometricallymormalisedandorthorectifiedmultitemporalaerialphotographsat 1m
groundresolutionover theTessinalandslidearea

�
.
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2 Genetic Programming

Geneticprogramming(GP) is an optimisationtechniquebasedon the conceptsof
Darwinianevolution

�
. A populationof individuals is created,eachrepresentinga

potentialsolutionto theproblem.Thesolutionofferedby eachindividual is assigned
a fitnessvaluewhich indicateshow well thatsolutionperforms.Over time thefitter
individualsliveandreproducewhile theotherstendto diewithoutreproducing,simu-
latingtheprocessof survivalof thefittest.With eachgenerationtheoverallpopulation
fitnessimproves,thusperformingoptimisation.

Whereasgeneticalgorithmsusuallycodesolutionsby fixed-lengthstringswhich
resultsin their solutionspacebeingconstrained,GPusesa treestructure.Theleaves
of thetree(calledterminals)representinputvariablesor numericalconstants.Internal
nodes(calledfunctions)representarithmetic,mathematical,boolean,etc. functions.
Individualsareevaluatedby traversingthroughthe tree,applyingfunction nodesto
their children,andsocanbeconsideredto representprograms.Thesearchspaceof
GP is the set of all the possiblecompositionsof the functionsin the union of the
terminalandfunctionsets.

The initial populationis formedby constructingrandomtrees.Thereafter, indi-
vidualsarechosenfrom thepopulationaccordingto thefitnessof their solutions.In
a similar mannerto geneticalgorithms,geneticoperatorsareappliedto thesetrees.
Many variationsof theoperatorsexist, but thetwo mainonesareasfollows. In mu-
tation an individual receivesa randomalteration. Either the valueor variableat a
terminalis replaced,or anentiresubtreeis replaced.In crossover two randomnodes
areselectedfrom within eachof two parentindividualsandthenthe resultantsub-
treesareswapped,generatingtwo new child individualswhich typically replaceless
fit membersof thepopulation.

3 Automatic Thresholding

Our previous work on changedetectionconsidereda variety of algorithms,based
on quitediverseprinciples,for determiningappropriatethresholdsfor differenceim-
ages

�
. Although someapproacheswerebetterthanothers,nonewereentirely sat-

isfactoryon their own asthey tendedto pick up spuriousdetail arisingfrom resid-
ual effectsof the radiometricnormalisation.In anattemptto overcomethis, a post-
processingstepwasincludedto reducethenoiseusingshapepropertiesof thethresh-
olded regions. Area, width, perimeter, and rectangularityfilters were appliedand
wereshown to providesignificantimprovements.

In this paperan alternative approachis taken. Ratherthan manually design
thresholdingalgorithms,onewill be learntusinggeneticprogramming.In this case
thedesiredprogramis a binaryclassifier(althoughGPis moregeneralpurpose,and
can also be appliedto generatemany other typesof programs). That is, we wish
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to distinguishthe“change”and“no-change”classesin thescenedueto landsliding.
Variousschemesarepossible.For instance,previously we have usedGPsto gener-
ateclassifiersmadeup from individual compositionsof functions,onetreeperclass.
Thesearethenrun in parallelandawinnertakesall strategy usedto selecttheclass

�
.

Herehowever, sinceonly two classesarepresenta simplerstrategy is sufficient and
wasfound to work better. Programsaregeneratedthat take for eachpixel a setof
propertyvaluesandcomputea single real value. Pixels areassignedto the appro-
priateclassaccordingto whethertheir evaluationby theGPis a positive or negative
value.

Thefunctionsetwasmadeupof asmallsetof standardoperators:thearithmetic
ones:*, +, -, /; aswell asabsolute, sigmoid, minimum, andmaximum. Theterminal
set is morecrucial andneedsto be chosenwith somecare. In addition to random
ephemeralconstantsand the differenceimagefurther input is requiredto enablea
goodclassifierto beconstructed.Whereasourpreviouswork appliedpost-processing
to the thresholdedimageit is desirableto retainthe intensityinformationaslong as
possiblebeforebinarising.Thisis analogousto fuzzyreasoningwherethedatais only
“crispened”at the endof processingchain. As alreadynoted,muchof the spurious
detail wasat a large scale,which suggeststhat providing coarserscaleinformation
couldbehelpful. To this endmorphologicalopeningandclosingwereappliedovera
rangeof scalesto thedifferenceimageto remove thebright anddarkdetailsrespec-
tively. (SeeStringa

�
for the useof mathematicalmorphologyin changedetection).

Anothertechniquefor incorporatingscaleis to simplysmooththeimage,whichagain
wasappliedover a rangeto provide a multiscaleimagerepresentation.Thespurious
detailmight show a distinct texture,andsosometexturemapswereincludedto en-
abletheir identification. Laws’

�
texture energy approachinvolving the convolution

of masksfor detectingspots,edges,lines,V’s,etc.wasused.

Finally, a modifieddistancetransformwasappliedto theinverteddifferenceim-
age. The standarddistancetransformis appliedto a binary imageand efficiently
computesthedistanceat eachpixel to thenearestfeaturepixel

	
. While straightfor-

ward for binary data,it is more difficult for grayscaledatawhich generallyneeds
to be thresholded,bringing usbackto our thresholdingproblem. Oneapproachhas
beensuggestedfor incorporatingintensity informationfor edge-like features



. An

alternative wasdevelopedherefor arbitrarygrayscaleimagesin which the imageis
thresholdedat all possiblelevels. The distancetransformis appliedto this image
setandtheresultscombinedby addingthemtogetherandrescaling.Theeffect is to
incorporatesomecoarserspatialinformationwhile retaininggraylevel information.
This is donewithout arbitrarily thresholdingthe image,andalsowithout distorting
the imageby blurring. Low valuesareproducedin the distancetransformedimage
asa functionbothof theintensityof theinput image(i.e. thedarker theinverteddif-
ferenceimage,the darker the transformedimage)andalsoof the proximity to dark
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(a)1988 (b) 1994 (c) differenceimage (d) groundtruth

Figure1: Imagesof Tessinabeforeandafterthelandslidereactivation.

(a) ���� opening (b) ��������� opening (c) ����� closing (d) ��������� closing

Figure2: Mathematicalmorphologyoperationsappliedto differenceimage

pixels(i.e. thecloserthey are,thedarker thetransformedimage).

4 Results

Figure1a&bshowsorthorectifiedandradiometricallynormalisedimagesof theTessina
areacoveringtheperiodbeforeandafter themostrecentmajor landslidemovement
in 1992. The landsliderunsfrom nearthe top right cornerto the centrebottomleft
of the images;the thinnersectorrepresentsthemudflow. After somecroppingtheir
sizeis �������������! �� . The differenceimage(figure 1c; black indicateshigh change,
whitelow change)is calculatedby takingtheabsolutedifferenceof thepixel intensity
valuesover thetwo dates.

Variouscategoriesof changecan be specified. We have taken the headscarp
andupperaccumulationareaof the landslideasgroundtruth (figure 1d) asit gives
a reasonablysubstantialsetof trainingdatafor bothclasses(changeandno-change),
but futurework will look atthesmallerreactivationareaasdefinedin

��� �
. Theselected

areaof changemakesup about3% of the image,while the reactivationareais only
0.3%. Figures2–5 show the variousfeaturesextractedfrom the differenceimage.
For reference,the result that we previously obtainedusing the cornerthresholding
method

�
is givenin figure6.

As only one imageis available it hasto be usedboth for training and testing.
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(a) "�#%$ (b) "�#&�(' (c) ")#+*,' (d) ")#%-.'
Figure3: Smoothedversionof thedifferenceimage

(a)horiz. edge (b) vert. edge (c) horiz. line (d) vert. line (e)spot

Figure4: Textureenergiesof thedifferenceimage

About 2700trainingpixelsweresampledfrom theimage(i.e. about4% of thedata)
for training the classifierwhich is thentestedby applyingit to the full image. For
someclassifiers,applyinganevensamplingof theimagesuchthatthenumberof class
samplesis proportionalto thesizeof theclassbuilds into theclassifierexpectations
of theclasslikelihoods.This is thecasefor theclassifierin this paperasthefitness
function is thepercentageof correctclassification.While it is desirableto usethese
expectationsit wasfound to sometimesleadto problemsdueboth to the largerno-
changeclassdominatingthe optimisationcriterion, and also becauseof the small
numberof changeclasstrainingpixels.

TheGPwasrun with a populationof 20,000treeswhich wereallowedto grow
to a maximumdepthof 7. For eachexperiment10 runswith differentrandomini-
tialisationsweremade,with eachpopulationundergoingabout200-300generations.
Substantialcomputingpoweris requiredfor suchdevelopmentaseachruntakesabout
4 daysto completeon a SunUltra-5 workstation.Thefollowing figures(7-12)show
theresultsusingeitherrepresentationalsampling(left image)or quasi-equalsampling
(right image).

Theproblemwith a largevariationin classsizesis demonstratedwhentheclas-
sifier is trainedwith just thedifferenceimage(figure7). Whenrepresentationalsam-
pling is usedit is found that the bestclassificationis obtainedby simply blanking
the image. Although the changeclassis almostcompletelywrongly classifiedthe
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Figure 5: Summeddistancetransformover all
thresholds

Figure6: Thresholdingthedifferenceimageus-
ing thecornermethod

Figure 7: Training using the differenceimage
alone

Figure 8: Training using the differenceimage
plusopeningandclosing

remaining97%of theimageis correct,andsotheGPsolutionobtainedahighfitness
score.Takingequal(or at leastroughlyequal)numbersof samplesavoids this triv-
ial solution,althoughthereis not enoughinformationavailableto the GPsystemto
generatea solutionbetterthana standardthresholdingmethod.

Incorporatingthe datafrom the filtered imagesproducesa noticeableimprove-
ment. Combiningthe differenceimagewith its openedandclosedversionsenables
thecoarsestructureof thelandslideto beidentifiedeventhoughmuchresidualnoise
is still pickedup (figure8). Adding textural informationto thedifferenceimagegave
extremelypoor results(figure 9), and its addition to the mathematicalmorphology
filtering alsoprovidesnobenefit(figure10).

The smoothedimagesprovide muchcoarserscalespatialinformation than the
openedandclosedimages(figure11). This is evidentwhenthey augmentthediffer-
enceimageasonly afew large-scaleblobsareextracted,andthemajorityof noisehas
beeneliminated.Includingopeningandclosingandthedistancetransformedimage
providessomefurther improvementso that the result in figure12 is gettingclosein
sizeandshapeto thegroundtruth.

Thefittest individual foundwith representationalsamplingthatwasexecutedto
producefigure12aisshownbelow (writtenasaprefixexpression)wheretheterminals
s5, etc. arethedifferenceimagesmoothedby /102� etc.,o15 is the imageopened
with a 34�5��3�� mask,anddt is thedistancetransformedimage.
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Figure 9: Training using the differenceimage
plustexture

Figure 10: Training using the differenceimage
plusopening,closing,andtexture

Figure 11: Training using the differenceimage
plussmoothing

Figure 12: Training using the differenceimage
plus opening,closing, and smoothing,and dis-
tancetransform

(+ (minimum (minimum (- (- s10
(* difference

(+ s20 s20))) dt)
(maximum (maximum dt

(- s40 dt))
(* (- s10 dt) s40)))

(minimum (* (- o15 s10)
(sigmoid (* difference

(+ s20 s20))))
(maximum (minimum (+ -0.74079 s20)

(- (absolute difference)
(* s40 s10)))

(- (* s10 o15) s20))))
(- (* (+ s20 s10)

(* s40 s10))
(maximum (- (* (absolute difference)

(* (+ s20 s10)
(* s40 s10)))

(maximum (* (* s10 o15)
(- s40 dt))

(- s40 s10)))
(maximum (* (- s10 dt) s40)

(maximum (- (absolute difference)
(* s40 s10))

(- s40 dt))))))
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5 Conclusions

Our experimentsshowedthatsimpleperpixel thresholdingwasnot entirelysatisfac-
tory on its own in providing a goodsegmentationof a differenceimage(obtained
from time-separatedacquisitions)for detectinglandslideoccurrenceand/orreactiva-
tion. Utilising coarserscaleinformationaswell astexture,shape,andedgefiltering
provideda setof additionalfeatures.Thesewerecombinedusinggeneticprogram-
ming,andformeda new classifierthatprovidedbetteridentificationof activesectors
within a landslidebody.
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