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Abstract— SAR imagesare corrupted by multiplicati ve noise (speckle)
which limits the performance of the classicalcoder/decoder(codec)in the
spatial domain. Our objective is to give an evaluation of the efficiency of
a multiwavelet transform coding algorithm . We usethe additional degree
of freedomoffered by multiwaveletsto fine tune the number of vanishing
momentsand the approximation order of ours basisfunctions. Once the
multiwavelet transform is performed, we apply an optimal bit allocation
schemeon the subbandsdata using a setof Vector Quantizers. The quan-
tization of the high frequenciesmultiwaveletscoefficientsmay be though of
asa hard thresholdingalgorithm. A measute of the equivalent number of
looksis performed in the reconstructedSAR imagein order to evaluate the
impact of the codecin the noisereduction process.

We compare our method with classical algorithm (baseline scalar
wavelet transform followed by an optimal scalar quantization). The codec
achievescomparable SNR, but performs surprising specklenoisereduction.
Someresultsare presentedwith ERS-PRI imagesof Cameroon which can
be compressedat 20 : 1 while still remaining of sufficient quality for visual
interpretation, segmentationand land usemonitoring.

|. INTRODUCTION

In this papera lossy compressiorschemeof SAR images
basedon the multiwavelet transformis evaluated. We inves-
tigate the reconstructedmage quality using the SNR and the
specklereductioninducedby the hardthresholdingof the high
frequenciegluring the quantizatiorstageandthe effectsof the
postfilter We usea setof vectorquantizeraccordingo thevec-
torial outputstreamof the multiwaveletcoeficientsandthe ex-
istenceof fastquantizinganddecodingalgorithms[1]. In order
to adjustthe quantizersprecisionfor eachsubband,a prelim-
inary bit allocationschemeds performed. Sectionll presentsa
brief review onmultiwavelettheoryandmainly themultiwavelet
transformalgorithm. Sectionlll describeghe lossy compres-
sion algorithm basedon optimal vector quantizationof multi-
waveletcoeficients. Someexperimentatesultsarepresentedh
SectionlV.

Il. THE MULTIWAVELET FORMALISM

A. Scalarto vectorwavelet

We mainly presentherethe multiwavelet theorywhich is a
review of thescalawavelets.It wasshovnin [2] thatsymmetry
orthogonality compactsupportandapproximatiorordern > 1
canbesimultaneoushachievedfor multiwavelets.

A biorthogonalmultiwavelet systemconsistsof two multi-
scaling function vectors: ¢ = [¢1,d2,...,6,]7 and @ =
[f1, P2, - .. ,d,]T wherer > 1isaninteger Thecaser = 1 re-
ducedthe systento scalarwavelets. Themultiscalingfunctions
generatea multiresolutionanalysispair consistingof {V; }icz
and{V;};cz of L2(R)". ¢ and¢ satisfythe refinementequa-
tions:
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where {H }rez and {H}}rcz arefinite length real-walued
matrix sequencesWe canassociatedo ¢ and¢, the biorthog-
onal multiwaveletsvectors: ¢ = [ih1,92,... ,¢,|" ande =
[¢1;¢2;--- ;¢r]T- -

They arecalledmultiwaveletfunctions. ) and satisfythe
following equations:
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where{ Gy }rez and{G}, } rez arefinite lengthreal-valuedma-
trix sequences.

The sequence§ Hy, } ez and {ﬁk}kez are calledthe ma-
trix coeficientsof lowpassmultifilters whereas{ G} } ez and
{ék}kez constitutethe correspondingmatrix coeficients of
highpassmultifilters. The biorthogonalpropertyof the multi-
scalingand multiwavelet functionsimplies the following rela-
tions:
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whered; = 1if i = 0 and0 otherwisein Z.



B. Multiwaveletdecompositiomndreconstruction

This subsectiondescribesthe multiwavelet decomposition
andreconstructioralgorithms.Onehave to notethatthe Mallat
multiresolutionalgorithm[3] for scalarwaveletcannot beused
directlyfor multiwaveletfilters,thematrix-basedoeficientsre-
quiresa vectorialinput signal. The problemof obtainingthe
vectorinput streamsrom a given signalis known as prefilter-
ing. In this paperwe usethemultiwaveletsof multiplicity r = 2
andachieve presentatiomn onedimension. ~ ~

Denoted; , = [¢1,1,k, 20k]" and ey = [d1,1k, do2,1.k]"
the multiscalingfunctions. Likewise, we define, ;. &,,k the
multiwavelet functions. Consideringthe multiresolutionsub-
spaces/; and Vi1, we have for eachl € Z: V; C V41 and

UVi=L2®)
€T,

Let considemow avectorsignal f € V;, ¢ £2(RR)", thenwe
have:
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whereLg < L. Py, andQl’k aredefinedby:
P = [ f@é@)i@) (10)
Qi = [ f@v@iw. (1)
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Usingtherefinementrelation,for Ly < I < L, we candeduce
thefollowing:

P > HponPim
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Theserelationsrepresenthe decompositioralgorithm. Con-
verselythereconstructioralgorithmis definedas(Ly < I < L):
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The multiwaveletfilter bank usesa vectorialinput streamf
from agivenonedimensionalnputsignal f. In outcasey = 2
and f is issuedfrom [fay,, far+1]7 multiplied by the prefilter
matrix P.

I1l1. OPTIMAL BIT ALLOCATION SCHEME

A. Allocationprocedue

The codecis assignedo a target rate R;, let us definer;,
d; therateandthe distortionassociatedo the codingof multi-
waveletcoeficientsfor the subbandj. The globaldistortion D

andtheglobalrate R aregivenby:
D:Zdj and R:ZT]',
J J

wherethe d; areevaluatedwith the MSE andthe r; with first
orderentropy.

The objective of the allocationschemss to distribute the r;
betweensubbandsn sucha way that the distorsionD reaches
the minimumwhile mainteningthe constraintk < R;. We can
formally write:

(14)

min D = minZdj while R = er < Ry (15)
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In this paper we considera setof N vectorquantizers.Let
M be the total numberof the multiwavelet subbands.For the
ith quantizerandthe j** subbandwe have the distorsiond; ;
obtainedfrom the rater; ;. We choosefor eachmultiwavelet
subbandanoptimalquantizeig; in suchaway thatwe minimize
theglobaldistortion:

1 M
D= M;d,i, (16)
while maintainingthe constraint:
1 M
R= M; rji < Ry. (17)

Someminimization algorithmsfor this type of problemshave
beenintroducedin [4]. To solve this problem,we usethe la-
grangianmultiplier rule:

M M
min(D + AR) = min() d;; +A) 7). (18)

We describesuccinctlythe allocationalgorithm:
1. Performthemultiwavelettransformof theSARimagewith L
levels of decomposition Multiw avelet coeficientsaredenoted
Wi
2. For eachsubbandj, evaluatetherate/distortiorcurve for the
whole setof vectorsquantizers)). R,cq(j) andD,cq(j) de-
notethe correspondingatesanddistortions.
3. Allocateavalueof \.
4. For eachsubbandj, determinethe minimum of the La-
grangiarfunction:

GO = argmin(D, () + AR, (19)

to obtainthe correspondingateRq; ()

M
5. Computethecurrentrate: R(A) = - Rg(x)(4);
=1 7



Fig. 1. Original ERSPRIimageof Douala(CamerounOESA.

6. iterate 3,4 and 5 for a sequenceof parameters\ until the
optimumA* which correspondso thetargetrateis reached.

In general by usingthis algorithm,we obtainthe target rate
R, or avery closevalue. In this later case we usethe steepest
gradientslopeprocedureo adjustthe precisionof quantization
in orderto obtainthe exactvalueR;.

B. \ectorquantization

Allocation procedurds applyiedon the multiwavelet coefi-
cientsthat are quantizedby vectorsof size4. In fact,the vec-
torialization of the input using a prefilter along the lines and
columnsof the image give rise to vectorsof size2 x r for
the multiwavelet coeficients vectors(herer = 2). A setof
multiresolutioncodebooksveregenerateavith Kohonens Self-
OrganizingMap Algorithm, with a variablelearningrate[1].

IV. EXPERIMENTAL RESULTS

The codecis testedusingathreelooks ERS-PRISAR image
512 x 512 of Doualafrom Cameroon(seeFig. 1). The multi-
wavelettransformusedfor the simulationis a threescalepyra-
mid usinganorthogonakardinalbalancednultiwavelet[5] and
theidentity prefilter and postfilter The reconstructecbAR im-
ageshawn in Fig. 2 hasa compressiomatioof n = 21 : 1. We
furtherinvestigatawo differentaspect®f thecodec therecon-
structionerror usingthe SNR and the specklenoisereduction
obtainedby calculatingthe equivalentnumberof looks L., ona
homogeneouarea. We comparethe performanceof our codec
to the baselinescalarwaveletcodecfor variouscompressioma-
tios usingthetwo criteriaSNRand L., (Tah I).

It appearghat optimal scalarquantizationof scalarwavelet
coeficientsgivesabetterSNR.But takinginto consideratiornhe
equivalentnumberof looks (L.,), vectorquantizatiorof multi-
waveletcoeficientsappearso yield asmoothefimagein asense
of anincreaseof homogeneity It is understoodhat no artifact
inducedby the quantizationis appallingfor imageinterpreta-
tion.

Fig. 2. Multiwavelet-based/Q atn = 21 : 1.

V. CONCLUSION

Two optimal quantizationtechniquesvere compareto com-
pressintensity SAR data: a wavelet-basedscalarquantization
and a multiwavelet-based/ector quantization. The result sug-
gestghattheuseof multiwaveletsyieldssmartSARimagecom-
pressionn theway of an equivalentnumberof looks improve-
ment. The designof mothermultifilters with higher degreeof
approximatiorandhigherregularity may improve compression
performances.
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TABLE |
COMPARISON OF SCALAR AND VECTOR QUANTIZATIONS ACCORDING TO
THE EQUIVALENT NUMBER OF LOOKS ON HOMOGENEOUS AREAS.

n 11:1 168:1 21:1 28:1 31:1
SQL., | 2.17 2.26 239 256 258
VQL., | 295 3.28 3.86 5.66 8.85




