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Feature Selectionfor ERS-1/2InSAR Classification: High Dimensionality Case
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A systematicway of selectionand assessmentof the per-
formanceof a largenumberof texture featuresextractedfrom
spaceborneinterferometricSAR dataand classifiedwith dif-
ferenttypesof classifiersis presented.Multi-seasonalERS–1
andERS–2SAR dataof the CzechRepublicis usedto clas-
sify into four differentland–coverclasses.A multistagesearch
methodin thespaceof all possiblefeaturesubsetstaken from
local statistics,fractal analysisandco–occurrencematricesis
proposedandtested.In theearlystagesof themethod,features
arerankedaccordingto its discriminatorypower measuredby
a ranking coefficient basedon subsetperformancemeasured
by Jeffreis–Matusita–distance.Best ranked featuresarecho-
senanda new setis formedandevaluatedusingthehold–out
methodemploying maximum–likelihood,nearestneighborand
multilayerperceptronclassifiers.

INTRODUCTION

Featureselectionfor SARandInSARdata,i.e. theselection
of asubsetof featuresproviding themostdiscriminativepower
out of thenumerouspossiblefeatures,is addressedin this pa-
per. We formulatethe problemof featureselectionasfinding
a mappingfrom the initial, possiblyvery high–dimensional,
featurespaceof dimension� to a 	 –dimensionalsubspace,
where 	�
�� . Consideringall possiblesubsetsof an initial
featurespaceof dimension� requires�� evaluationsof fea-
ture subsets.This canbe donemoreefficiently usingsearch
techniques[1]. Firstly, suchmethodsdo not guaranteeto find
theoptimalsolution,especiallywith thegivenInSAR dataset,
sowe areleft with evaluationof theperformancemeasurefor
all possiblesubsets.Secondly, we are interestedon classifier
performanceon new data. The hold–outmethodusinga data
set which is independentfrom that usedfor training accom-
plishesthis [2].

Thestudyareais locatedin theCzechRepublicnearthecity
of Olomouc,useddatasetsareERS–1/2tandemdatafrom De-
cember1995andERS–2datafrom July 1996. The datahas
beengeocodedto grid sizeof 25mandcovers �������� km. The
four basicland–coverclassesto beidentifiedfrom theSARand
InSARdataarewater, forest,built-up areaandopenarea.

EXTRACTION OFFEATURES

Weextracted36differentfeatures,threeof whichwecall pri-
maryfeatures.Theprimaryfeaturesare � � themeanbackscat-
ter of the ERS–1/2tandemmissionfrom December1995, � �
thebackscatterof theERS-2passin July1996andtheinterfer-
ometriccoherence��� takenagainfrom thewinter tandempair.
Theextractedsecondaryfeaturesaremeasuresof fractalnessof
thedigital elevationmodel(DEM), featuresof first orderlocal
statisticsandco–occurrencematrix featuresof � � and ��� . All
threesingle–lookSAR imagesare multi–look processedand
scaledto a dynamicrangeof 8 Bit anda specklefiltering algo-
rithm wasapplied[3].

Grey-level co-occurrencematricesGLCM arederivedfrom
pair-wise pixel intensity statistics[4]. Each entry ����� of a
GLCM is derivedfrom thegrey-level imageastheexpectation
for theprobabilityfor two pixelshaving grey-value � and� and
being  pixelsseparatedin angledirection ! . We usea single
GLCM for ! of �#"%$'&#"%(�� and )*�'& degreesand  ,+-) andextract
thefollowing featuresfrom this undirectedGLCM (see[5] for
anexhaustivelist anddefinitionof GLCM features):�/. Energy ��0 Correlation��1 Entropy � ��2 Clustershade��3 MaximumProbability � ��� Clusterprominence��4 Contrast � �5� InformationcorrelationI��6 Homogeneity � � � InformationcorrelationII

The features� � . to � � � arederived from � � as �/. to � � � are
extractedfrom � � .

Featuresderivedfromlocalstatisticsdescribethetexturalap-
pearanceof thesurroundingof apixelby calculatingfirst–order
statisticalparametersin a smallestimationwindow centeredat
the pixel 798*: . For 7 �;�=< � � we extract the following features
(see[6] for definition):� � . Localmean � � 4 Kurtosis� � 1 Coefficientof variation � � 6 Contrast� � 3 Skewness � � 0 Homogeneity



Table 1: Multi-stagefeatureselectionby JMD andhold–outperformanceranking.

stage group selectedfeatureandrank

1 >@? � 4 � 6 � � 6 � �52 � � ��BA;C�C �#A�CD) �BA;CE) �#A�C/$ �BA;C�&>GF � � . � � 1 ��� 2 ��� ��BA (�( �#A H�I �BA I'& �#A H��
2 >@J � � � � � 4 � 6 � � 6 � � � � � . � � 1 � � 2 � � ��BA;C�$ �#A;&�$ �BA;C�& �#A I�& �BA &�H �#A;&�$ �#A;&�C �BA H�� �#A (�� �BA &�(
3 MLP � � � 4 � � � � � 1 � � 2�BA;C�� �#A (#) �BA H' �#A H'C �BA;C�I

ML � � ��4 � � 6 � � 1 ��� 2�BA H�I �#A (� �BA H�� �#A�C�� �BA;C�C
NN � � � � ��4 � � 6 � � . ��� 2�BA H�� �#A H� �BA I�I �#A H� �BA;C�� �#A I'C

The features� � 2 to � � 1 for coherencedataarederived in the
samefashionby setting7 �;�K< ��� .

To describethe roughnessof the observed land surfacewe
employ the ideaof fractal dimension.For local estimationof
theHurstparameterL themethodpresentedin [7] isemployed.
Therelationshipbetweenthefractaldimension� andtheHurst
parameterL is definedas: � � 3M+N��+O��PQL

SELECTIONOFFEATURES

A widely usedmeasureto measuretheseparabilitybetween
two distributionsis the Jeffreis–Matusita–distance(JMD) [8].
For multivariateGaussiandistributionstheaverageJMD for R
classesis givenby:SUT �V+ RXWYRZP[)]\ ^_ ��` � �ba

�_�%` � S ��cE" S ��c�+d#W5)ePgf aihkj�l \m"
in which n ��c (Battacharyya–distance)is givenby

no�pcq+ )I Wr	s�kPg	sc�\ut5v a � Wr	s�wPg	sc�\wx )�ypz { | }~|| v � |��� | v c |���i�
and v[+ } � x } c A

Onepossibleselectionby the JMD criterion is selectionof a	 elementssub–setproviding thelargestaveragedistancebe-
tweenpairs of classes. For any possible 	 normally all �
featureswill be selectedashaving the highestaverageJMD,
a propertyknown as monotonicity. In the casethat the best
subsetin termsof overallaccuracy doesnotobey amonotonic-
ity propertysuboptimalsolutionsbasedon stepwiseselection
or rejectionof individual featuresdependingon increaseor de-
creaseof JMD areemployed[1].

Weproposetheuseof theaccumulatedhistogramof features
presentin sub-setsranked from higher to lowest JMD as an

indicatorof discriminatingpower for features.Therefore,we
definea rankingfunctionrank�M<�� �#"�A*A�A*"�)�� for eachfeature�
by

rank�U+ )TO� K�q� �_�%` �q� �;�� where
T +d � "

� ���M+
�_cm` � ����c����pcq+V� ) if featurei in rankedsubsetk,� else.

Mostfeaturesusedin thisstudyarenotGaussian,but still JMD
canbeusedasa tool basedon secondorderpropertiesof data
andits easeof use.Despiteof its computationalefficiency, it’s
is practicallyimpossibleto applyexhaustiveJMD computation
to a featurespaceof ��+O��H . Therefore,amultistageselection
schemeis proposed:

1. Select best feature subset > ? from co-occurencefea-
tures �/� . "�A*A�A�"�� � �/� and >@F from local statisticsfeatures�/� � . "*A�A�A*"���� 1 � by JMD ranking.

2. Select best feature subset >@J from >G?���> F ��/� � "�� � "�� � "�� � 3�� by JMD ranking.

3. Selectbestfeaturesubsetfrom >GJ by hold–outmethod.

RESULTS

Table 2: Classifierperformanceof MLP, ML and1–NN.

Classifier Overallaccuracy Kappa Tau

MLP 0.84 0.66 0.78
ML 0.82 0.63 0.76

1–NN 0.80 0.60 0.73



Figure 1: Ground–truthmapandMLP classification

Table1 summarizesthe selectedfeaturesfor eachgroupof
featuresandstagetogetherwith the featuresrank. In thefirst
stageweselectedfive featuresfrom >G? andfour featuresfrom>@F . Theinput to thesecondstageconsistsof )]� features,)*� of
which areselectedasinput to the third stage.The third stage
takes the selectedfeaturesand evaluatesthe performanceof
subsetson a specificclassifierby the hold–outmethod. Re-
sults for the hold–outmethodusinga onehiddenlayer mul-
tilayer perceptron(MLP) classifier[2] trainedfor ������ epochs
by resilientbackpropagation(RPROP)[9] onatrainingsetcon-
taining ������ exampleswith equalclassfrequency are given.
Resultsarealsoshown for a multivariateGaussianmaximum–
likelihood(ML) [8] andanon–parametricnearestneighbor(1–
NN) [8] classifierbasedon the sametraining set. The rank-
ing functionmeasuresrankedoverallaccuracy onthevalidation
set,seeTable1, stage� . Validationsetsizeis ������ examples
andequalclassfrequency. Theresultof theMLP classification
is shown togetherwith the ground–truthin Fig. 1, accuracy
measuresaregivenin Table2.

DISCUSSION

Theresultsof theproposedselectionschemeshowedthata
smallnumberof featuresis sufficientfor theclassificationtask,
resultingin a speed–upin featureextractionandclassification

andthat theselectedfeaturesaredifferentfor differentclassi-
fiers.Normally, theoriginalbackscatterdata,oneor two texture
featuresandcoherencearecontainedin theclassifiersbestfea-
turessubset.Theachievedclassificationaccuracy mightbefur-
therincreasedby contextualmethodswhichareableto correct
misclassificationsby incorporationof prior classprobabilities
for specificspatialneighborhoods[10].

ACKOWLEDGMENTS

L.V. Dutra is gratefulto Dr. JõaoMoreiraof Aero–Sensing
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