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This paperdescribesan approacto imagethresholdingthat combinesvariousmultiscaleand
morphologicalfeaturesjncludingtexture, shapeand edgefiltering, by usinggeneticprogram-
ming, to detectthe presencef landslidesandtheir actve sectorsn changedetectednultitem-
poralaerialimages.

1 Introduction

Detectinglandslidesand monitoring their activity is of greatrelevancefor natural
hazardassessmemnddisasteipreventionin hilly areasVery highresolutionoptical

satellitedatais now becomingavailable,andto evaluatethe potentialapplicationof

thesenew imagesto detectgroundsurfacechangessa resultof landsliding,in pre-

viouswork we developedandappliedchangedetectionandthresholdingnethodson

digital aerialphotographsverthe Tessindandslidein Veneto ltaly®. Thisis anearly
3-kmlong comple< landslideconsistingof rotationalslidesin its headanda mudflow

in the remaining,largestpart of the body. The landslidehasdevelopedin Eocene
flysch materialspartly coveredby colluvial andglacialtill sedimentsThelandslide
wasfirst triggeredin 1960andhassinceundegonea numberof reactivations. The

physicalsettingof the areaandlandslidedynamicsarefurtherdescribedn?:!.

Thelandslidecurrentlyaffectsanareaincludinga numberof smallvillagesand
mixed woodland-grasslanthndcover. It generallyappearsas a distinct bright fea-
ture on visible-wavelengthpanchromatidmagesbecausef outcroppingsoil under
disruptedvegetation(figure 1a&b).

This paperfocuseson applying geneticprogrammingtechniquego detectand
monitor landslidesfrom optical remotesensingdata. To this end,we have usedra-
diometricallymormalisedandorthorectifiedmultitemporalaerialphotographst 1m
groundresolutionover the Tessindandslideared .
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2 Genetic Programming

Geneticprogramming(GP) is an optimisationtechniquebasedon the conceptsof
Darwinian evolution®. A populationof individualsis created,eachrepresenting
potentialsolutionto the problem.The solutionofferedby eachindividualis assigned
afithessvaluewhich indicateshow well that solutionperforms. Over time the fitter
individualslive andreproducevhile the otherstendto die withoutreproducingsimu-
latingthe proces®f survival of thefittest. With eachgeneratiortheoverallpopulation
fitnessimproves,thusperformingoptimisation.

Whereagyeneticalgorithmsusuallycodesolutionsby fixed-lengthstringswhich
resultsin their solutionspacebeingconstrainedGP usesa treestructure.Theleaves
of thetree(calledterminals)represeninputvariablesor numericakonstantsinternal
nodes(calledfunctions)representarithmetic,mathematicalboolean etc. functions.
Individualsare evaluatedby traversingthroughthe tree, applyingfunction nodesto
their children,andso canbe consideredo represenprograms.The searchspaceof
GP is the setof all the possiblecompositionsof the functionsin the union of the
terminalandfunctionsets.

Theinitial populationis formedby constructingrandomtrees. Thereafterindi-
vidualsarechoserfrom the populationaccordingto the fitnessof their solutions.In
a similar mannerto geneticalgorithms,geneticoperatorsare appliedto thesetrees.
Many variationsof the operatorsxist, but the two mainonesareasfollows. In mu-
tation an individual receves a randomalteration. Either the value or variableat a
terminalis replacedpr anentiresubtreds replaced.In crossover two randomnodes
are selectedrom within eachof two parentindividualsandthenthe resultantsub-
treesare swappedgeneratingwo new child individualswhich typically replaceless
fit memberof the population.

3 Automatic Thresholding

Our previous work on changedetectionconsidereda variety of algorithms,based
on quite diverseprinciples,for determiningappropriateghresholddor differenceim-
ages'. Although someapproachesvere betterthan others,nonewere entirely sat-
isfactory on their own asthey tendedto pick up spuriousdetail arising from resid-
ual effectsof the radiometricnormalisation.In an attemptto overcomethis, a post-
processingtepwasincludedto reducehenoiseusingshapepropertieof thethresh-
oldedregions. Area, width, perimeter and rectangularityfilters were appliedand
wereshawn to provide significantimprovements.

In this paperan alternatve approachis taken. Ratherthan manually design
thresholdingalgorithms,onewill be learntusinggeneticprogramming.In this case
the desiredprogramis a binary classifier(althoughGP is moregeneralpurposeand
can also be appliedto generatemary othertypesof programs). Thatis, we wish
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to distinguishthe “change”and“no-change”classesn the scenedueto landsliding.
Variousschemesre possible. For instance previously we have usedGPsto gener
ateclassifieramadeup from individual compositionof functions,onetreeperclass.
Thesearethenrunin parallelandawinnertakesall stratgy usedto selecttheclass.

Herehowever, sinceonly two classesrepresenta simplerstratey is sufficientand
wasfound to work better Programsare generatedhat take for eachpixel a setof

propertyvaluesand computea single real value. Pixels are assignedo the appro-
priateclassaccordingto whethertheir evaluationby the GP is a positive or negative
value.

Thefunctionsetwasmadeup of asmallsetof standardperatorsthearithmetic
ones:*, +, -, /; aswell asabsolute, sigmoid, minimum, andmaximum. Theterminal
setis more crucial and needsto be chosenwith somecare. In additionto random
ephemeratonstantsand the differenceimagefurther input is requiredto enablea
goodclassifierto beconstructedWhereasur previouswork appliedpost-processing
to the thresholdedmageit is desirableto retainthe intensityinformationaslong as
possiblebeforebinarising.Thisis analogouso fuzzy reasoningvherethedatais only
“crispened”at the endof processingchain. As alreadynoted,muchof the spurious
detail was at a large scale,which suggestghat providing coarserscaleinformation
couldbe helpful. To thisendmorphologicalbpeningandclosingwereappliedover a
rangeof scalego the differenceimageto remove the bright anddark detailsrespec-
tively. (SeeStringa® for the useof mathematicamorphologyin changedetection).
Anothertechniquéor incorporatingscaleis to simply smooththeimage whichagain
wasappliedover arangeto provide a multiscaleimagerepresentationThe spurious
detail might shav a distincttexture, and so sometexture mapswereincludedto en-
abletheir identification. Laws’” texture enegy approachinvolving the corvolution
of masksfor detectingspots,edgeslines,V's, etc. wasused.

Finally, a modifieddistancetransformwasappliedto the inverteddifferenceim-
age. The standarddistancetransformis appliedto a binary image and efficiently
computeghe distanceat eachpixel to the nearesfeaturepixel®. While straightfor
ward for binary data, it is more difficult for grayscaledatawhich generallyneeds
to be thresholdedbringing us backto our thresholdingoroblem. Oneapproachhas
beensuggestedor incorporatingintensity informationfor edge-like features. An
alternatve wasdevelopedherefor arbitrarygrayscalemagesin which theimageis
thresholdedat all possiblelevels. The distancetransformis appliedto this image
setandtheresultscombinedby addingthemtogetherandrescaling.The effectis to
incorporatesomecoarserspatialinformationwhile retaininggraylevel information.
This is donewithout arbitrarily thresholdingthe image,and alsowithout distorting
theimageby blurring. Low valuesareproducedn the distancetransformedmage
asa functionboth of theintensityof theinputimage(i.e. thedarker the inverteddif-
ferenceimage,the darker the transformedmage)andalso of the proximity to dark
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(a) 1988 (b) 1994 (c) differenceimage (d) groundtruth

Figurel: Imagesof Tessinebeforeandafterthelandslidereactvation.
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(a) 3 x 3 opening (b) 31 x 31 opening (c) 3 x 3 closing (d) 31 x 31 closing

Figure2: Mathematicamorphologyoperationsppliedto differenceimage

pixels(i.e. thecloserthey are,thedarkerthetransformedmage).

4 Results

Figurela&bshavsorthorectifiedandradiometricallynormalisedmagesof the Tessina
areacoveringthe periodbeforeandafterthe mostrecentmajorlandslidemovement
in 1992. The landsliderunsfrom nearthe top right cornerto the centrebottom|left
of theimages;the thinnersectorrepresentshe mudflow. After somecroppingtheir
sizeis 2703 x 2590. The differenceimage(figure 1c; black indicateshigh change,
white low change)s calculatedy takingtheabsolutaifferenceof thepixel intensity
valuesoverthetwo dates.

Various categoriesof changecan be specified. We have taken the headscarp
and upperaccumulatiorareaof the landslideas groundtruth (figure 1d) asit gives
areasonablyubstantiaketof training datafor both classegchangeandno-change),
but futurework will look atthesmallerreactivationareaasdefinedn?:!. Theselected
areaof changemakesup about3% of theimage,while the reactvation areais only
0.3%. Figures2-5 show the variousfeaturesextractedfrom the differenceimage.
For reference the resultthat we previously obtainedusingthe cornerthresholding
method' is givenin figure6.

As only oneimageis availableit hasto be usedboth for training and testing.
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(@o=5 (b)e =10 (c)o =20 (d)o =40

Figure3: Smoothedrersionof thedifferenceimage

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

Figure4: Textureenepgiesof thedifferenceimage

About 2700training pixelsweresampledrom theimage(i.e. about4% of the data)
for training the classifierwhich is thentestedby applyingit to the full image. For
someclassifiersapplyinganevensamplingof theimagesuchthatthenumberof class
sampless proportionalto the size of the classhuilds into the classifierexpectations
of the classlikelihoods. This is the casefor the classifierin this paperasthe fitness
functionis the percentag®f correctclassification.While it is desirableto usethese
expectationdt wasfoundto sometimedeadto problemsdue both to the larger no-
changeclassdominatingthe optimisationcriterion, and also becauseof the small
numberof changeclasstraining pixels.

The GPwasrun with a populationof 20,000treeswhich wereallowed to grow
to a maximumdepthof 7. For eachexperimentl10 runswith differentrandomini-
tialisationsweremade with eachpopulationundegoingabout200-300generations.
Substantiatomputingpoweris requiredfor suchdevelopmentaiseachruntakesabout
4 daysto completeon a SunUIltra-5 workstation. The following figures(7-12) shav
theresultsusingeitherrepresentationalampling(left image)or quasi-equasampling
(rightimage).

The problemwith alargevariationin classsizesis demonstratesvhenthe clas-
sifieris trainedwith justthe differenceimage(figure 7). Whenrepresentationaam-
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 Figure6: Thresholdingthe differenceimageus-
thresholds ing thecornermethod

Figure 7: Training using the differenceimage Figure 8: Training using the differenceimage
alone plusopeningandclosing

remaining97%of theimageis correct,andsothe GP solutionobtaineda high fithess
score. Taking equal(or at leastroughly equal)numbersof samplesavoids this triv-

ial solution, althoughthereis not enoughinformationavailableto the GP systemto

generatea solutionbetterthana standardhresholdingnethod.

Incorporatingthe datafrom the filtered imagesproducesa noticeableimprove-
ment. Combiningthe differenceimagewith its openedand closedversionsenables
the coarsestructureof thelandslideto beidentifiedeventhoughmuchresidualnoise
is still pickedup (figure 8). Adding textural informationto the differencemagegave
extremely poor results(figure 9), andits additionto the mathematicamorphology
filtering alsoprovidesno benefit(figure 10).

The smoothedmagesprovide much coarserscalespatialinformationthanthe
openedandclosedimages(figure 11). Thisis evidentwhenthey augmenthe differ-
enceimageasonly afew large-scaldlobsareextracted andthe majority of noisehas
beeneliminated.Including openingandclosingandthe distanceransformedmage
providessomefurtherimprovementso thatthe resultin figure 12 is gettingclosein
sizeandshapeo thegroundtruth.

Thefittestindividual found with representationadamplingthatwasexecutedto
produceigure12ais shavn below (writtenasaprefix expressionvheretheterminals
s5, etc. arethedifferenceimagesmoothedy o = 5 etc.,015 is theimageopened
with a15 x 15 mask,anddt is thedistancearansformedmage.



Figure 9: Training using the differenceimage

plustexture

Figure 11: Training using the differenceimage
plussmoothing

(+ (mnimm((mnimm(- (- sl1l0
(* difference

Figure 10: Training using the differenceimage
plusopening closing,andtexture
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Figure 12: Training using the differenceimage
plus opening,closing, and smoothing,and dis-
tancetransform

(+ s20 s20))) dt)

(maxi mum (maxi mum dt
(- s40 dt))

(* (- s10 dt) s40)))

(mnimum (* (- o015 s10)
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(maxi mum (m ni mum (+ -0. 74079 s20)
(- (absolute difference)
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(- (* (+ s20 s10)
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(* s40 s10))

(- s40 dt))))))
7

e difference)



5 Conclusions

Our experimentsshovedthat simpleper pixel thresholdingvasnot entirely satishc-

tory on its own in providing a good segmentationof a differenceimage (obtained
from time-separatedcquisitions¥or detectinglandslideoccurrenceand/orreactva-

tion. Utilising coarserscaleinformationaswell astexture, shape andedgefiltering

provided a setof additionalfeatures. Thesewere combinedusinggeneticprogram-
ming, andformeda new classifierthatprovidedbetteridentificationof active sectors
within alandslidebody.
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