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Abstract

Local secondorder properties, which describe spatial relations
between pixels are introduced intosingle-point speckle filtering
processesin order to account for theeffects of specklecorrelation
andto enhancescene textural properti@stherestoredmage.To this
end, texturemeasuresoriginating, first from local grey level co-
occurrencematrices (GLCM), then from the local autocorrelation
functions (ACF) are used. Results obtained on L=3-looks ERS-1
images illustrate the perfoances allowed by the introductiofthese
texture measures into sttuces retaining speckle filters.

1. Introduction

Texture, which is concerned with the spatial distribution of grey levels,
is knownto be importanin analysisof SAR imagesfor a wide range
of applicationsln most of thesapplicationsyadiometricand textural
information is retrieved after SAR image adaptive speckle filtering.
Neverthelessin the mostusualcurrentadaptivespecklefilters [1-4],
the filtering processs controlledby the local coefficient of variation
CRr of the scene R, through thexal coefficientof variationC; of the
image | and amultiplicative uncorrelatedspecklemodel using only
first order statistics [5].

The coefficientsof variation are statistically [1] sensitiveto texture
andspecklenoisestrength[6], but provide nanformationon texture
diredionality, and limited information on speckle correlation.
Therefore, secondrder statisticalproperties must be alsmnsidered
for a complete restoration of the radaflectivity, including both
scene texture andesolution/samplingrelated phenomena.These
statistics are useskplicitly in the multiple-pointlinear minimummean
square error (MMSE) filter developed by Kuetral. [3], and couldbe
introducedn the Wienerfilter developeddy Frostet al. [4], following
the schemeproposedin [7], and implementedlater by Quelle &
Boucher [8].

Usualsingle-pointfilters, do no explicitly use seconarder statistical
properties, and textuiie preserveanly dueto the spatialvariationof
the local first ordestatistics usinga non-stationaryneannon-station-
ary variance(NMNV) formal model[3] based on the observation that
tone and texture depend on each other.

In this paper,local secondorder statisticalproperties ar@xplicitly in-
troducedinto (or after) the specklefiltering and radarreflectivity
restoation processuysing either Haralick features [9] of thelocal
GLCM, or for morecompletenesthe local ACF. Thedesiredeffectis
to account for correlatedpeckleandto enhancethe restoration of
textural properties in the filtered image.

2. Single-point speckle filtering using second order statistics

Secondorderstatisticshaveexplicitly beenusedby Quelle& Boucher
[8] in a single-pointfilter. Estimationof the frequencialcharactestics
was donan the speckledmageat lagsof onepixel only in range and
azimuth,thus mainly limiting the descriptionof correlation properties
to those of the speckle.



In all othercaseq1,3], the developmenbf a filtering methodusing
secondorder statistics, i.e. aestimationof the completéACF of the
scene through thepeckledmageACF, resultdn a vectorialequation
giving rise to a multiple-points filter.

To avoid this complicationit is highly desirableto introduce an
adequatedescription of speckle correlation properties andpatial
relations between resolution cells into single-point spechédil

This can be don& we considerthe NMNV model, by introducinglo-
cal secondorder statisticsto refine the computation of thdocal
NMNV first order statistics.This way, specklecorrelation properties
could be taken into account fbitering purpose. On giventextured
classof the scenewhen scene correlatiofengthis smallerthan the
processingvindow size,the meanradarreflectivity <R> will thenbe
modulatedby the scene ACF, i.e. the correlatitength in all the
possibledirections.When scene correlatiofengthis longer than the
processingvindow size,the longer the correlatiolength,the closer
to the classicalML estimate <Rl the estimatefor the non-stationa-
ry mean radar reflectivity.

3. Using local grey levels co-occurrence matrifGLCM)

An important aspect of textutie concerned with théocal spatialde-
pendence among the grey tones. Theure of anmageR(a,r) carbe
analysedoy the GLCMwhich is the joint pdf of the pairs of grele-
velsthat occurat separation S#@ain azimuth,Ar in range).This joint
pdf takes theform of an n x n array € where (i) is the
probability of the pairs of greyevels(i,j) occurringat separation S.
The GLCM has theparticularproperty that texturelirectionality can
be assessedby comparingmeasuref spread of thevaluesof the
GLCM around its main diagonal for given directions S.
Haralickhasproposed variety of features that can be usedextract
usefultexturalinformationfrom local GLCM's [9]. A numberof these
Haralickfeatureshavebeenproved quiteefficient for textural charac-
terization of terrain classes in optical [10] and SAR [11] scenes.
The concept of textural filtering, introduced by Waat@l. [12] to en-
hancethe performance®f texturemeasuresgan beappliedin a sim-
plified way to the estimationof a very local (non-stationary)mean
radar reflectivity M dependent on local texture.

In orderto considerscene texturenly, the texturalfilter is appliedon
a radarreflectivity image, after specklereduction by meansof an
adaptivespecklefilter. Of course, thespecklefilter must beable to
retain somdocal fluctuationsof the radareflectivity, which justifies
that only adaptivespecklefilters, preferablyassociated witlstructure
retaining processes [1,2], are suitable for this operation.

For our purpose, Ms computedusingthe "mean“texture feature, de-
scribingthe nature of grelevelstransitionswhenthe processingvin-
dow movesin theimage.The Haralick GLCM "mean"texture feature
is defined as follows :

M = 1N .iZZl jﬁl R() . P(i)) (1)

where the choice for S=@aAr) depends on thespatial SAR
resolutions(i.e. the size of the resolutioncell) and on thespatial



samplingrates (i.e pixel dimensionsjn range andizimuthdirections,
using a processing window size of N=5x5 pixels.

The maindrawbacks othis approach are : i) thapecklecorrelation
dueto the relationshipbetweensystemresolution andspatial samp-
ling is ignoredduring the speckle(MAP or MMSE) filtering process;
ii) that textureanalysisand specklefiltering (both associateavith
structures detection processes) steipsuldtheoreticallybe donein
the reverseorder for better performancesjn order to avoid some
blurring of scene structuratlements; iii) the precisionachievedfor
Pg(i,j) matrix elements using 5x5 pixels samples is questionable.
Neverthelessthe texturalffilter performsa spatialredistributionof the
backscatterednergy(i.e. the radareflectivity of the scene). Test (cf.
86) will show that itenhancesmedium scale texture preservedy
adapive speckle filtering.

4. Using local autocorrelation functions (ACF)

Spatial relations betweenpixels are betterdescribedby the ACF,
describedn a discretavay by a set of correlatiogoefficientsp(Az),
whereAz=(AaAr). The ACF of anintensity SAR image{pP|(Az)} is a
compositionof the underlyingsceneACF { pr(Az)} convolutedwith
an overlap function which depends on the point spiaaction (PSF).
Since we adopt a stochasticview that the ACF of the image
characterizes the properties of tiveerlyingsceneACF [13], thetwo
assumptionsof spatial stationarity and ergodicity are required.To
fulfil theseconditions,local ACF's must beestimatedprovided that
edges andstructuresof the scenéhave beenlocally detected when
selectingthe spatial domain of interest D around theixel under
treatment.

The local estimatesfor the correlationcoefficients pj(Az) are first
computed on thedomain of interest D. Thecontribution of the
underlyingscene texture must be separatexn that of the texture
dueto specklefor all displacementéz. TheunderlyingsceneACF is
deduced from the image ACF, using the following transformation [5] :

PR(AZ) = [1 +p(82) . G2 / [1 + |G(A2)P /L] (2)

The normalized ACF of the individual 1-look complexamplitudes
G(Az) dependsnly on the SARcomplexPSF-.It is realisticto adopt
an exponential form for the ACF of the speckle for the sepal@abéd
detected in intensity :

|Gc(AzZ)| = exp [ - Qadx/rx + Ar.dy/ry) ] (3)

wheredx, dy are the pixel dimensions, and ry are thespatialresolu-
tions in azimuth and range directions.

The computation of docal non-stationaryestimateof <R> is per-
formedby a simple convolutionof the domainof interest around the
pixel under consideration by the normalized ACFhaf texturedscene
{PR(Az)}.A local energy scaling factor ensure preservation of the
absolute level of the radar reflectivity.

This methodis closelyrelatedto the notion of "texturdields” intro-
ducedby Faugeras &Pratt[14]. Consideration®©n theaccuracyof
correlation coefficients estimates can be found in [15].



Injecting the estimateM for non-stationary<R> and @ into the
scalarequation of thesingle-pointadaptivespecklefilter allows better
restoraion of natural Rfluctuations.The methodis completesince
speckle correlation is also accounted for.

5. A simple upgrade for existing speckle filters

Accordingto the experienceacquiredirom 83 and 84, itis possible,
for oversampledAR imagesto designvery simplified heuristicfilters
derivedfrom 84 for visualenhancementf filtered SAR images,using
spatial relations between adjacent filtered pixels.

We can choose to stress one of the following aspects :

1) global effects of spatial sampling/resolution;

2) local correlation between resolution cells.

If R is consideredhn autoregressive process,AlGF decreases expo-
nentially with distance.This is a plausible and alsosimple model
which, in practice, hadeenfound particularly convenientin the case
of SAR scenes [4,16].

1St case: A first order exponentialfilter, can beappliedon a 3x3
pixels neighborhood.:

1 1
= . 4
M=K AaZ:-lAr;-l m@aAr).R(QAaAr) 4)
Its constant impulse responsefaf\r) is designed as to verify :
m(AaAr) = exp(-a.|Aa| -B.|Ar|) with  m(0,0)=1 (5)

wherea andf3 are the autocorrelation parameterdsia normaliang
constant that preserves theeanradarreflectivity. The autocorrela-
tion parametera andp shall verify :

m(rx, 0) = m(Oyy) = 1l/e (6)

This filter allows to smooth the'crumbled paper” effect introduced
by the structuredetection procesm presence of correlatespeckle,
thusenhancinghe visual aspect ofiltered SAR images.Very limited
blurring effect was observed on real structures and textural features.

2nd case Since different types of terrain are characterizeditigrent
valuesof the parameters R andg€, one candesigna first order
expmential filter whose impulse responsefunction is (cf. modified
Frost filter in [6]) locally adaptive :

m@QaAr) = Kq exp[-K.CR/(CRSUpCR).\/A52+Ar2] (7)

The K parameter governs the width iheulseresponse, and cde
fixed consideringthe samplingrate. Crgpis a thresholdllowing to

preserve strong scatterers respoii6gsK is a normalizingconstant
that preserves the mean radar reflectivity.

Smoothingof undesirableeffects and visual aspectenhancemenis

performed without apparent texture and structures degradation.



6. Application to ERS-1 SAR images

Fig. 1 shows the 3-looks FDC ERS#hage of the area ofSeville
(Spain), onwhich filter's modificationsare tested.This imagehas a
resolution of aboutrx=30m, ry=30m, whereas thepixel size is
dx=16m,dy=20m. Speckle correlation due excessiveoversampling
of the radassignal,(even more pronounced PRI images)affects the
performancesof adaptive speckle filters and structure detection
processes which consider a uncorrelated speckle model.

Fig. 2 shows thamagefiltered by meansof the structureretaining
Gamma-GammaAP filter [1]. This image,wherespeckleis drasti-
cally removed shows aexcellentpreservation of structuralements.
Neverthelessthe anaestheti¢crumpledpaper”effect judgedundesir-
able by some users is clearly visible.

Fig. 3 is the filtered image usirige texturafilter based on the GLCM
"mean"feature for S=faAr)=(+2,-1),in orderto dealwith the corre-
lation introducedby the relationshipbetween resolutionell and pixel
sizein range andizimuth(c.f. 83). Texturealreadypreservedy the
precedingstepin Fig.2,is enhancedn this imageNeverthelesssome
blurring is introduced near scene structures.

Fig.4 is the filtered image, wheseeneACF evaluationis usedto esti-
mate thevery local estimateof the meanradar reflectivity (c.f. 84).
Speckle reduction on homogeneous alieasomparableto that on
Fig.2.Structuresare also asharplydetectedasin Fig.2.But, undesir-
able effect arisingfrom the structuredetection procesdisappeadue
to the gradualariation of the radareflectivity nearstructures.The
resulting effect is visually close to the appearance of optical images.
A simpleupgrade of thestructureretainingGamma-GammAP fil-
teredimagein Fig.2, usingan exponentiafilter with locally computed
decayconstants (c.f. 85, case givesa resultcomparableto Fig.4,
probably due to scene correlation properties at the ERS-1 resolution.

7. Conclusion

The introduction of secondrder statistics of thespeckleand the
undelying scene into astructureretaining specklefilter for SAR
imagesallows to considerspecklecorrelation forfiltering purpose,
and to estimate correctly thvery localfirst orderstatistics of textured
scenes amrding to the NMNV scene model. Ideally, #stimationof
the very local <R> and @ must be done before tHétering and
radiometric restoration process (MAP or MMSE estimae)rderto
preserve small scale fluctuations of the reflectivity due to texture.
Sinceadaptivefilters based on scereeterogeneity6] areableto pre-
serve some textural properties, a textditdr can beappliedto a
classically filtered image,in orderto enhancepartially damagedbut
recowerable textural properties, in the case of comseires.This can
be performedusing either Haralick features of the GLCMpr an
exponetial filter with appropriatedecayconstantsappliedon avery
small wirdow size.

Restoration ofadiometricand scene textural properties resuitél-
tered images,visually comparableto optical images,allowing both
easier photo-interpretation and better use of textural properties for
class discrimination in computer based classifications [17].
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Figures :

Figure 1 : 3-looks FDC ERS-1 imagéthe area oSeville (Spain) ac-
quired on $tJuly 1992 [0 ESA 1992).

Figure2 : ERS-1limagefiltered usingthe structureretainingGamma-
Gamma MAP filter [1]. Window size of 9x9 pixels.

Figure 3 : Application of the texturalfilter based on a GLCM feature
("mean”, S=QaAr)=(+2,-1), window size of 5x5 pixels), to Fig.2.

Figure4 : Imagefiltered usingthe structureretainingGamma-Gamma
MAP filter, where scen@&CF evaluationis usedto estimatethe local
mean radar reflectivity.

Figuresareto be foundin the paperboungsueof the Proceedings of
IGARSS'94, and in the scanned text version of the paper, on this disk.



