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Feature Selectionfor ERS-1/2InSAR Classification: High Dimensionality Case
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A systematicway of selectionand assessmentf the per EXTRACTION OF FEATURES
formanceof a large numberof texture featuresextractedfrom
spacebornénterferometricSAR dataand classifiedwith dif- We extracted36 differentfeaturesthreeof whichwe call pri-

ferenttypesof classifierss presented Multi-seasonaERS—1 maryfeatures.The primaryfeaturesare f; the meanbackscat-
and ERS-2SAR dataof the CzechRepublicis usedto clas- ter of the ERS-1/2tandemmissionfrom Decemberl1995, f,
sify into four differentland—cwerclassesA multistagesearch thebackscatteof the ERS-2passn July 1996andtheinterfer
methodin the spaceof all possiblefeaturesubsetdakenfrom ometriccoherencef; takenagainfrom thewinter tandempair.
local statistics,fractal analysisand co—occurrencenatricesis Theextractedsecondaryeaturesaremeasuresf fractalnes®f
proposedandtested.In theearlystageof themethod features thedigital elevationmodel(DEM), featureof first orderlocal
areranked accordingto its discriminatorypower measuredy statisticsand co—occurrencenatrix featuresof f, and f3. All
a ranking coeficient basedon subsetperformancemeasured threesingle—lookSAR imagesare multi—look processeand
by Jefreis—Matusita—distanceBestranked featuresare cho- scaledo adynamicrangeof 8 Bit anda speckldfiltering algo-
senanda new setis formedandevaluatedusingthe hold—out rithm wasapplied[3].

methodemploying maximum-—likelihood,nearesheighborand

. o Grey-level co-occurrencenatricesGLCM arederived from
multilayer perceptrorclassifiers.

pairwise pixel intensity statistics[4]. Eachentry g;; of a
INTRODUCTION GLCM s derygdfrom thegrey—levd imageasthe e_xpect.atlon

for theprobabilityfor two pixelshaving grey-valuei and;j and

_ , . beingd pixelsseparatednh angledirectiona. We useasingle
Featureselectiorfor SAR andInSAR data,i.e. the selection GLCM for a 0f 0, 45,90 and135 degreesandd = 1 andextract

of asubsebf featuresproviding themostdiscriminatve power y,q to|10wing featuresfrom this undirectedsLCM (see[5] for
out of the numerougossiblefeaturesjs addresseth this pa- anexhaustie list anddefinitionof GLCM features):
per. We formulatethe problemof featureselectionasfinding '

a mappingfrom the initial, possiblyvery high—dimensional, .
featurespaceof dimensionD to a m—dimensionakubspace, /4 EN€0Y fo Correlation

wherem < D. Consideringall possiblesubsetf an initial /5 ENtropy _ fio Clustershade
featurespaceof dimensionD requires2” evaluationsof fea- Jf6 MaximumProbability fi; Clusterprominence

ture subsets. This can be donemore efficiently usingsearch /7 contrast fi2 Informationcorrelationl
techniquegl]. Firstly, suchmethodsdo not guarantedo find /s Homogeneity fi3 Informationcorrelationl

the optimal solution,especiallywith the givenInSAR dataset,

sowe areleft with evaluationof the performanceneasurdor The featuresf;4 to fo3 aredervedfrom f; as fy to fi3 are
all possiblesubsets.Secondly we are interestedon classifier extractedfrom fs.

performanceon new data. The hold—outmethodusinga data
setwhich is independenfrom that usedfor training accom-
plishesthis[2].

Featureslervedfrom local statisticalescribehetexturalap-
pearancef thesurroundingf apixel by calculatingfirst—order
statisticalparameteri a smallestimationrwindow centerecht

Thestudyareais locatedin the CzechRepublicnearthecity thepixel p.,. Forp;; € f» we extractthe following features
of Olomouc,useddatasetsareERS—1/2andemdatafrom De-  (S€€[6] for definition):
cemberl995and ERS—2datafrom July 1996. The datahas
beengeocodedo grid sizeof 25mandcovers30 x 20 km. The fo4 Localmean fo7 Kurtosis
four basicland—cwerclasseso beidentifiedfromtheSARand fs5 Coeficientof variation f2s Contrast
INSAR dataarewater, forest,built-up areaandopenarea. f26 Skewness f29 HOomogeneity



Table 1: Multi-stagefeatureselectiorby JIMD andhold—outperformanceanking.

| stage| group |

selectedeatureandrank |

1 Fe fr fa | fis | f20 | fo3
0.77 1 0.71 | 0.71 | 0.74 | 0.75
Fyr, foa | fos | fao | fa
0.99 | 0.68 | 0.85 | 0.63
2 Fy fi fo fr /8 fis | fas | foa | fos | fa0 | fa
0.74 | 0.54 | 0.75 | 0.85 | 0.56 | 0.54 | 0.57 | 0.63 | 0.90 | 0.59
3 MLP | £ fr | fes | fo5 | fao
0.70 | 0.91 | 0.62 | 0.67 | 0.78
ML f1 fr | fis | fo5 | fao
0.68 | 0.92 | 0.63 | 0.70 | 0.77
NN fi fo fr | fis | foa | fa0
0.63 | 0.62 | 0.88 | 0.62 | 0.73 | 0.87

The featuresfsg to f35 for coherencelataarederivedin the
samefashionby settingp;; € fs.

To describethe roughnes®f the obsened land surfacewe
employ the ideaof fractal dimension. For local estimationof
theHurstparameteH themethodpresenteih [7] isemployed.
TherelationshipbetweerthefractaldimensionD andtheHurst
parametei is definedas: fag = D =3 — H
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A widely usedmeasurgo measurghe separabilitybetween
two distributionsis the Jefreis—Matusita—distancg€lMD) [8].
For multivariateGaussiaristributionsthe averageJMD for N
classess givenby:

N i—1

2
JMD = mzzjzka

i=1 j=1

Jix = 2(1 — e=Bir),

in which B;;, (Battacharyya—distancegivenby

12|

1 _ 1
B'ik = —(mi — mk)tE l(mi — mk) + = In — 1 1
8 2 |%:]7 [Ze?

5 = 2t Ek‘

2
One possibleselectionby the JMD criterionis selectionof a
m elementsub—seproviding the largestaveragedistancebe-
tween pairs of classes. For ary possiblem normally all D
featureswill be selectedas having the highestaverageJMD,
a propertyknown as monotonicity In the casethat the best
subsein termsof overallaccurag doesnot obey amonotonic-
ity propertysuboptimalsolutionsbasedon stepwiseselection
or rejectionof individual featuresdependingnincreaseor de-
creaseof IMD areemployed|1].

and

We proposdheuseof theaccumulatedhistogranof features
presentin sub-setganked from higherto lowestJMD as an

indicatorof discriminatingpower for features. Therefore we

definea rankingfunctionrank; € [0, ..., 1] for eachfeature:
by
M/2
. g h — 9D
rank; M/ngj where M = 2P,

if featurei in rankedsubsek,

J
1
hij = E fik fik:{ 0 else.
k=1

Mostfeatureausedin this studyarenot Gaussianbut still IMD

canbe usedasa tool basedon secondorderpropertiesof data
andits easeof use.Despiteof its computationakfficiengy, it's

is practicallyimpossibleto apply exhaustve IMD computation
to afeaturespaceof D = 36. Thereforeamultistageselection
schemas proposed:

1. Selectbest feature subsetF- from co-occurencefea-
tures{f4,..., f2s} and Fy, from local statisticsfeatures

{fo4,---, f35} by IMD ranking.

2. Select best feature subset Fy from Fo U Fr U
{f1, f2, f3, 36} by IMD ranking.

3. Selectbestfeaturesubsefrom F4 by hold—outmethod.

RESULTS

Table 2: Classifierperformancef MLP, ML and1—-NN.

| Classifier| Overallaccuray | 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—truttrmapandMLP classification

Table1 summarizeshe selectedeaturesfor eachgroup of
featuresandstagetogetherwith the featuresrank. In the first
stagewe selectedive featuredrom F andfour featurefrom
Fy,. Theinputto thesecondstageconsistof 13 features10 of
which areselectedasinput to the third stage. The third stage
takes the selectedfeaturesand evaluatesthe performanceof
subsetsn a specificclassifierby the hold—outmethod. Re-
sultsfor the hold—outmethodusing a one hiddenlayer mul-
tilayer perceptror{MLP) classifier{2] trainedfor 2000 epochs
by resilientbackpropagatio(RPROP)[9] onatrainingsetcon-
taining 2000 exampleswith equalclassfrequeng are given.
Resultsarealsoshowvn for a multivariateGaussiarmaximum-—
likelihood(ML) [8] andanon—parametrioearesheighbon(1—
NN) [8] classifierbasedon the sametraining set. The rank-
ing functionmeasuresankedoverallaccurag onthevalidation
set,seeTablel, stage3. Validationsetsizeis 2000 examples
andequalclassfrequeng. Theresultof the MLP classification
is shavn togetherwith the ground—truthin Fig. 1, accurayg
measurearegivenin Table2.

DISCUSSION
The resultsof the proposedselectionschemeshaovedthata

smallnumberof featuress sufficientfor theclassificatiortask,
resultingin a speed-upn featureextractionandclassification

andthatthe selectedeaturesare differentfor differentclassi-
fiers. Normally, theoriginalbackscattedata,oneor two texture
featuresandcoherencarecontainedn the classifierdbestfea-
turessubsetTheachievedclassificatioraccurag mightbefur-

therincreasedy contextual methodswvhich areableto correct
misclassification®y incorporationof prior classprobabilities
for specificspatialneighborhood§g10].
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