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ABSTRACT

Sunwillanceof largeareaf the Earthssurfaceis oftenun-
dertalenwith low resolutionsyntheticaperturaadar(SAR)
imageryfrom eithera satelliteor aplane.Thereis aneedto
procesghesemageswith automatidargetdetection(ATD)
algorithms.Typically thetargetsbeingsearchedor areve-
hiclesor smallvesselswhich occupy only afew resolution
cells. Simplethresholdings usuallyinadequatdor detec-
tion dueto the high amountof noisein theimages. Often
the backgroundhasa discernibletexture, and oneform of
detectionis to searchfor anomaliesin the texture caused
by the presencef thetargetpixels. To performthis taska
texture model mustbe ableto model a variety of textures
at run time, and also modelthesetextureswell enoughto
detectanomalies.We accomplishthis with our multiscale
nonparametridMarkov randomeld (MRF) texturemodel.

1. INTRODUCTION

Defencereviews of Australia[l, 2] have consistentlyiden-
tied theneedfor airbornesuneillanceof remoteareasand
coastlinesof Australia. A speci c requirements for air-
bornesuneillancebasedn syntheticapertureaadar(SAR)
imageryand automaticprocessingof the imageryasit is
beingformed[1]. With currentresolvingpowers,andwith
vastarea®of terrain,modernSAR sensorganproducdarge
guantitiesof imageryin a shortspaceof time. The large
amountof datarequiring real time processingneansthat
a computersystemis neededto performthe searchedor
ary incursionsor in otherwordsperform”automatictarget
detection”(ATD). From previous work, it hasbeenmade
clearthatno singlealgorithmwill sufce, andthatnew ap-
proachesieedto be continuallysought3].

An advantageof usingSAR imageryis thatit is notim-
pededby cloud cover, haweverthe resolutionis lower than
that which can be obtainedfrom a photographicdmaging
system. In low resolutionsyntheticapertureradar (SAR)
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imagery targetsof interestmay only be a few imagepix-
elsin size,and may be buried in radarclutter plus terrain
texture. Conventionaltargetdetectionby radarrequiresthe
targetto have a much strongersignalthanthe background
texture andnoise,thusallowing a simplethresholdingpro-
cesdo extractthetargetfrom thebackgroundHoweverthe
natureof the noiseassociatedavith SAR, called“speckle”,
makesthresholdingvery susceptibleo high levels of false
target detection. Currenttarget detectionalgorithmshave
beencriticisedfor their very high falsedetectiorrates[3].

In thecurrentliteraturetherearetwo methoddor reduc-
ing thefalsedetectionrate. Firstly, the detectionalgorithm
itself canbedesignedo detectanomaliesn thebackground
texture causedby the presenceof the target pixels [4, 5].
The secondmethodfor reducingthe falsedetectionrateis
basedon sggmentingthe imageinto homogeneougexture
regionsprior to detection It hasbeenshavn thatby restrict-
ing the standardconstantfalsealarm-raterecever (CFAR)
detectorso homogeneoutextureregions,detectiorperfor
mancecanbeimproved[6].

Onepossibilityfor improving thefalsedetectiorratesis
to usea bettertexture model. We believe that our texture
model[7] will dojustthatby giving a betterstatisticalun-
derstandingf thebackgroundexture. In [7, 8], we demon-
stratedtheability of thetexturemodelto fully characterisa
multitudeof differenttexturesby usingthemodelto synthe-
sisevisually similar texture with regardto a setof training
textures,asshovnin Fig. 1.

For atexturemodelto detectanomaliesn differenttypes
of texture, it not only hasto model the texture well, but
also be able to delineatebetweensimilar texture and sig-
ni cantly differenttexture.In [9, 10] we shavedthe poten-
tial for our modelto be usedin our uniqueclassi cation
method called “open-ended”classi cation. Unlike other
texture classi cationmethodspur methoddoesnot require
anextensie library of prede nedtexturesto performnear
estneighbourtype measurementsinsteadour new classi-
cation methodusesthe underlying characteristicof the
textureto performagoodness-of- typemeasuremenBa-
sically we areableto identify speci ¢ texturesfrom a suite
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Fig. 1. SynthesiseisTex texturesusinga nonparametrienultiscaleMRF modelwith a
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neighbourhoodThe VisTex

texturesare: (a) Bark.0003;(b) Food.0010{c) Leaves.0016 Thelargerimagesarethe synthesisedextures

of texturesfor which prede nedmodelsdo not exist. This
is a signi cant advanceon all othertypesof texture clas-
si cation schemesandis whatis requiredto nd texture
anomalies.

2. NONPARAMETRIC MULTISCALE MRF MODEL

ThenonparametricultiscaleMRF model,aspresentedh [7,
8], is basedon probability density estimationof a multi-
dimensionahistogram. This multi-dimensionahistogram
is producedfrom recordingthe frequeng of a setof grey
level co-occurrencedetweena pixel and its neighbours,
which are de ned througha neighbourhood. The size of
theneighbourhoodetermineshedimensionalityof thehis-
togram. The estimatedprobability function over this his-
togramis called the local conditional probability density
function (LCPDF).

Thedomainof themulti-dimensionahistogranmdomain
is equalto the numberof differentgrey levelsin theimage
to the power of the numberof neighboursn the neighbour
hood. With a regular neighbourhoodand 256 grey
levels,a homogeneouslyexturedimagewould
only I of thedomainspace.Thismeanghatthere
is very little datato producea properLCPDFE Whenthe
sampledatais sparselyandthinly dispersedverits domain
(asin our case) nonparametriestimateof the probability
functiontendto bemorereliablethantheir parametricoun-
terpartsif thetrue underlyingdistribution is unknown [11].
This is onereasorwhy we have optedto usethe nonpara-
metric multiscaleMRF model. Anotherreasonis that we
canarbitrarily vary the statisticalorderof the modelwhile
notbeingrestrictedby anunderlyingparametridunction.

To testthe ability of our texture modelto adequately
modelarbitrary textures,we usedour modelto synthesise
various naturaltextures. The synthesisealgorithmis for-
malisedin [8]. In Fig. 1 trainingtexturedimages
wereusedo synthesise synthetidexturedimages.
A subjectve comparisorof the training and synthetictex-

turedimagesshavs thatthenonparametrienultiscaleMRF
modelis ableto capturethe unique characteristicof the
trainingtextures.

3. OPEN-ENDED TEXTURE CLASSIFICATION

To identify a targetwe will look for anomaliesn the back-
groundtexturefor whichwewill useouropen-endetexture
classi er [9, 10]. Open-endedexture classi cationis per
formedby identifyingapopulationof statisticghatuniquely
identi es a particulartexture andmakinga goodness-of- t
comparisonbetweenit and an unknown texture. As our
nonparametrienultiscaleMRF modelis ableto synthesise
highly representatie texturesof a training texture, we are
ableto saythattherespectre LCPDF containsinformation
thatis uniqueto that texture. By comparingthe popula-
tion of probabilitiesthatareobtainedoy placingthe LCPDF
over the backgroundexture to the populationof probabili-
tiesthatareobtainedby placingthe LCPDF over thetarget
texture, we are able to perform a goodness-of- ttest be-
tweenthe two populations.If the goodness-of- tis signi -
cantly high thenwe cansaythatthe targettextureis thatof
thebackgroundextureandis notatarget.

4. TARGET DETECTION

For tamet detectionwe have slightly modi ed the open-
endedtexture classi er. First, the classi er is being used
on pre-sgmentedimagesof possibletargets,asdisplayed
in Figs.2 and3. This groundtrutheddataconsistsof 76032
imageswherethe possibletargetis in themiddle of

eachimage. Of theseimagesonly have true tamgets.
Theaim of algorithmis to dramaticallyreducethe number
of falsetargets,while retainingcloseto all of the true tar-

gets.Sincewe know thatthetargetis in the middle of each
image,we de ne the targetregion as beingin the middle
andeverythingelseasbackgroundexture.



Fig. 2. Truetargetsdisplayedin the centreof these4 SAR
imagesements.

Fig. 3. Falsetargetsdisplayedn the centreof these4 SAR
imagesegments.

Fig. 4. The percentagef targetsdetectedor MRF model
n1cOtOwe.

Fig. 5. The percentagef targetsdetectedor MRF model
n3c2tlw4.

Secondin de ning theLCPDFof themulti-dimensional
histogram,we found that we got the bestresultsif we did
notusethe Gaussiarkernelfunction,but simply aminimum
distancemeasureasdescribedn [7]. Themostlikely rea-
sonfor this failure of Gaussiarkernelfunctionwould bean
inability to nd theappropriatevindow width or smoothing
parametefl11]. Not usingoneat all wasbetterthanusing
thewrongwindow width.

Third, we modi ed the open-endedexture classi er by
improving the way multiple setsof probability characteris-
tics were combined. In [7] we simply did a goodness-of-
t testfor eachsetof probability characteristicsandthen
addedthe resultsto obtainan overall result. In this paper
we did a two passapproach. Oneto get the probability
characteristic$or eachclique andquad-tredevel. Thena
secondpasso getthe probability of obtainingthe speci ed
setof probability characteristic$or eachpixel. Finally the
goodness-of- ttestwasdoneon the resultingprobabilities
for eachpixel in thetexture.



Table 1. Maximum Separatiorof Truefrom FalseTargets

MRF Model % True % False | Difference
Targets Targets
nlcOtow2 95.7831 | 49.1141 46.6690
nlcOtOw4 98.1818 | 48.6900 49.4918
nlcOtOw6 98.1818 | 40.8977 57.2841
nlcOtlw2 61.9171| 32.1006 29.8165
nlcOtlw4 81.8653 | 37.4280 44.4373
nlcOtlw6 81.3472| 35.1727 46.1745
nlc2tow2 100.0000| 87.5660 12.4340
nlc2tow4 100.0000| 85.7598 14.2402
nlc2tOw6 100.0000| 74.9797 25.0203
nlc2tlw2 53.2951 | 32.8751 20.4200
nlc2tlw4 69.2308 | 18.2420 50.9888
nlc2tlw6 76.3533 | 29.2877 47.0656
n3c0tow2 96.0784 | 56.3422 39.7362
n3cOtow4 99.3421 | 68.5711 30.7710
n3cOtow6 98.6842 | 63.9889 34.6953
n3cOotlw2 54.9479 | 21.6457 33.3022
n3cOotlw4 729167 | 23.5184 49.3983
n3cOotlw6 92.4479 | 57.3799 35.0680
n3c2tow2 100.0000| 98.1185 1.8815
n3c2tow4 100.0000 | 98.3405 1.6595
n3c2tow6 100.0000| 93.7550 6.2450
n3c2tlw2 54.7059 | 23.6806 31.0253
n3c2tlw4 81.1765| 19.4171 61.7594
n3c2tlw6 88.3721 | 35.5536 52.8185

Figs.4 and5 showv the goodness-of- toutputfor two
differentMRF models.Thekey to themodelsis asfollows:
'n' refersto the neighbourhood;l for nearesteighbour
hoodand3 for neighbourhoody' refersto theclique
size,0 for no cliquesand2 for pairwisecliques;'t' refers
to the quad-treeheight, 0 for just original image,and1 for
level 0 and1 of theimagequad-tree;w' refersto size of
sizetargetregion, 2 for a region etc.

Fromtablel it is clearthat, at their bestgoodness-of-
t thresholdthe modelsn1cOtOw6andn3c2tlw4gave the
greatestliscriminationbetweerrecognisingruetargetsand
removing falsetargets. However it is modeln1cOtOwe6that
retainedhegreatespercentagef truetargetsof 98%while
removing nearly60% of thefalsetargets.

5. CONCLUSION

Currenttarget detectionalgorithmsfor SAR imagessuffer
greatlyfrom too mary falsedetections.As a steptowards
improving the detectionrates,we have proposedisingour
open-endedexture classi er. Targetdetectionis achieved
by modellingthe backgroundexture and determiningthe
goodness-of- thetweerthe targetandthe backgroundex-
ture. Targetsaredetectedf the goodness-of- tis low. Us-
ing this methodwe wereableto greatlyreducethe number
of falsetargetswhile retainingnearlyall of thetruetargets.
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