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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 fr eedomoffered by multiwavelets to fine tune the number of vanishing
momentsand the approximation order of ours basis functions. 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 fr equenciesmultiwaveletscoefficientsmay bethough of
asa hard thr esholdingalgorithm. A measure of the equivalent number of
looks is 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
achievescomparableSNR,but performs surprising specklenoisereduction.
Someresultsare presentedwith ERS-PRI imagesof Cameroon which can
be compressedat �����
	 while still remaining of sufficient quality for visual
interpretation, segmentationand land usemonitoring.

I . INTRODUCTION

In this papera lossy compressionschemeof SAR images
basedon the multiwavelet transformis evaluated. We inves-
tigate the reconstructedimagequality using the SNR and the
specklereductioninducedby the hardthresholdingof the high
frequenciesduring thequantizationstageandtheeffectsof the
postfilter. Weuseasetof vectorquantizersaccordingto thevec-
torial outputstreamof themultiwaveletcoefficientsandtheex-
istenceof fastquantizinganddecodingalgorithms[1]. In order
to adjustthe quantizersprecisionfor eachsubband,a prelim-
inary bit allocationschemeis performed.SectionII presentsa
brief review onmultiwavelettheoryandmainlythemultiwavelet
transformalgorithm. SectionIII describesthe lossycompres-
sion algorithm basedon optimal vectorquantizationof multi-
waveletcoefficients.Someexperimentalresultsarepresentedin
SectionIV.

I I . THE MULTIWAVELET FORMALISM

A. Scalarto vectorwavelet

We mainly presentherethe multiwavelet theorywhich is a
review of thescalarwavelets.It wasshown in [2] thatsymmetry,
orthogonality, compactsupportandapproximationorder �
���
canbesimultaneouslyachievedfor multiwavelets.

A biorthogonalmultiwavelet systemconsistsof two multi-
scaling function vectors: ����� ���
������������� ����!�"$# and %�&���%���'��%���(�������)��%��!*"+# where,-�.� is aninteger. Thecase,/��� re-
ducedthesystemto scalarwavelets.Themultiscalingfunctions
generatea multiresolutionanalysispair consistingof 0214365�387�9
and 0 %143:5;3$7�9 of < ��=8>@?A! . � and %� satisfythe refinementequa-
tions: � =CBD? � E'FHG F � =JI'BLKNMO? (1)

%� =CBD? � E F %G F %� =JI'BLKNMO? � (2)

where 02G F 5 F 7�9 and 0 %G F 5 F 7�9 are finite length real-valued
matrix sequences.We canassociatedto � and %� , thebiorthog-
onal multiwaveletsvectors: PQ�R� ST�
��SU�(������� ��SU!�"$# and %PQ�� %S � � %S � ������� � %S ! "$# .

They arecalledmultiwavelet functions. P and %P satisfythe
following equations:P =CBD? � E FWV F � =JI'BXKNMO? � (3)

%P =CBD? � E'F %V F %� =JI'BXKNMO? � (4)

where 0
V F 5 F 7�9 and 0 %V F 5 F 7�9 arefinite lengthreal-valuedma-
trix sequences.

The sequences02G F 5 F 7�9 and 0 %G F 5 F 7�9 arecalledthe ma-
trix coefficientsof lowpassmultifilters whereas0
V F 5 F 7�9 and0�%V F 5 F 7�9 constitutethe correspondingmatrix coefficients of
highpassmultifilters. The biorthogonalpropertyof the multi-
scalingandmultiwavelet functionsimplies the following rela-
tions: EF 7�9 G F %G # F�Y ��Z � I'[ ZC\�]D� (5)

EF 7�9 G F %V # F�Y ��Z � ^O� (6)

EF 7�9 V F %V # F�Y ��Z � I'[ Z \�]D� (7)

where [ Z ��� if _`�a^ and ^ otherwisein b .



B. Multiwaveletdecompositionandreconstruction

This subsectiondescribesthe multiwavelet decomposition
andreconstructionalgorithms.Onehave to notethattheMallat
multiresolutionalgorithm[3] for scalarwaveletcannot beused
directlyfor multiwaveletfilters,thematrix-basedcoefficientsre-
quiresa vectorial input signal. The problemof obtainingthe
vectorinput streamsfrom a given signal is known asprefilter-
ing. In thispaper, weusethemultiwaveletsof multiplicity ,c� I
andachievepresentationin onedimension.

Denote � 38d F �e� � ��d 3$d F �f���*d 3$d F "+# and %� 38d F �g��%� ��d 3$d F ��%���*d 3$d F "+#
the multiscalingfunctions. Likewise, we define P 38d F � %P 38d F the
multiwavelet functions. Consideringthe multiresolutionsub-
spaces %143 and %143 Y � , we have for each h-ijb : %143lk %143 Y � andm3$7�9 %143n�o< �(=8>@?�! .

Let considernow avectorsignal pqi %1srtkq< ��=C>@?A! , thenwe
have:p =uBD? � EF 7�9wv #r�d F %� r d x =uBD? (8)

� EF 7�9wv #rOy�z { %� r y d F =uBD?n| rE3~})r y EF 7�9 � #3$d F %P 3$d F =uBD? � (9)

where �D�/��� . v 3$d F and
� 3$d F aredefinedby:

v 38d F � ������p =CBD? � 3$d F =CBD?A��=CBD? (10)� 38d F � � ��� p =CBD? P 3$d F =CBD?��s=uBD? � (11)

Using therefinementrelation,for � � ��hw��� , we candeduce
thefollowing:�� � v 3$� ��d F � �� 7�9 G � ��� F v 3$d �� 3$� ��d F � �� 7�9 V � ��� F v 3$d � � (12)

Theserelationsrepresentthe decompositionalgorithm. Con-
versely, thereconstructionalgorithmis definedas( � � ��h`��� ):

v 3$d F � E� 7�9 %G # F ��� � v 38� ��d � | E� 7�9 %V # F ��� � � 38� ��d � � (13)

The multiwavelet filter bankusesa vectorialinput streamp
from agivenonedimensionalinput signal � . In out case,,�� I
and p is issuedfrom � �'� F �f�
� F*Y �f"$# multiplied by the prefilter
matrix � .

I I I . OPTIMAL BIT ALLOCATION SCHEME

A. Allocationprocedure

The codecis assignedto a target rate ��� , let us define ,�� ,� � the rateandthedistortionassociatedto thecodingof multi-
waveletcoefficientsfor thesubband� . Theglobaldistortion �

andtheglobalrate � aregivenby:���.E � � ���' 4¡ �¢�.E � ,��(� (14)

wherethe � � areevaluatedwith the MSE andthe ,�� with first
orderentropy.

Theobjective of the allocationschemeis to distribute the ,*�
betweensubbandsin sucha way that the distorsion � reaches
theminimumwhile mainteningtheconstraint�£�a�¤� . We can
formally write:¥§¦  ¤��� ¥§¦  ¨E � � ��©wª ¦¬«®­ �¢�.E � ,��/�����f� (15)

In this paper, we considera setof ¯ vectorquantizers.Let°
be the total numberof the multiwavelet subbands.For the_ �C± quantizerand the � �C± subbandwe have the distorsion � ��d Z

obtainedfrom the rate , ��d Z . We choosefor eachmultiwavelet
subbandanoptimalquantizer²(³� in suchawaythatweminimize
theglobaldistortion:

��� �°µ´E��}�� � ��d Z�� (16)

while maintainingtheconstraint:

�¢� �°µ´E��}�� ,*��d ZU���¤�f� (17)

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

¥§¦   = � |·¶ � ? � ¥§¦  ¸J¹ z º = ´E��}`� � ��d Z |·¶ ´E��}�� ,���d Z ? � (18)

We describesuccinctlytheallocationalgorithm:
1. Performthemultiwavelettransformof theSARimagewith �
levelsof decomposition.Multiwaveletcoefficientsaredenoted» Z8d � .
2. For eachsubband� , evaluatetherate/distortioncurve for the
whole setof vectorsquantizers¼ . � ¸ 7(½ = � ? and � ¸ 7(½ = � ? de-
notethecorrespondingratesanddistortions.
3. Allocateavalueof ¶ .
4. For each subband� , determinethe minimum of the La-
grangianfunction:² ³� =J¶s? �o�'¾�¿ ¥§¦  ¸ 7(½ � � ¸ = � ?n|·¶ � ¸ = � ? "J� (19)

to obtainthecorrespondingrate � ¸�À¹'Á+Â�Ã = � ? .
5. Computethecurrentrate: � =u¶�? � ´���}�� � ¸�À¹(Á+Â�Ã = � ? ;



Fig. 1. OriginalERSPRI imageof Douala(Cameroun)c
Ä

ESA.

6. iterate3,4 and 5 for a sequenceof parameters¶ until the
optimum ¶ ³ which correspondsto thetargetrateis reached.

In general,by usingthis algorithm,we obtainthe target rate��� or a very closevalue. In this latercase,we usethesteepest
gradientslopeprocedureto adjusttheprecisionof quantization
in orderto obtaintheexactvalue � � .
B. Vectorquantization

Allocation procedureis applyiedon themultiwavelet coeffi-
cientsthat arequantizedby vectorsof size4. In fact, the vec-
torialization of the input using a prefilter along the lines and
columnsof the image give rise to vectorsof size INÅ , for
the multiwavelet coefficients vectors(here ,a� I ). A set of
multiresolutioncodebooksweregeneratedwith Kohonen’sSelf-
OrganizingMapAlgorithm, with a variablelearningrate[1].

IV. EXPERIMENTAL RESULTS

Thecodecis testedusinga threelooksERS-PRISAR imageÆ � IÇÅ Æ � I of Doualafrom Cameroon(seeFig. 1). The multi-
wavelet transformusedfor thesimulationis a threescalepyra-
mid usinganorthogonalcardinalbalancedmultiwavelet[5] and
the identity prefilterandpostfilter. The reconstructedSAR im-
ageshown in Fig. 2 hasa compressionratio of ÈÉ� I �§Ê � . We
furtherinvestigatetwo differentaspectsof thecodec,therecon-
structionerror usingthe SNR andthe specklenoisereduction
obtainedby calculatingtheequivalentnumberof looks �ÌË ¸ ona
homogeneousarea.We comparetheperformanceof our codec
to thebaselinescalarwaveletcodecfor variouscompressionra-
tios usingthetwo criteriaSNRand � Ë ¸ (Tab. I).

It appearsthat optimal scalarquantizationof scalarwavelet
coefficientsgivesabetterSNR.But takingintoconsiderationthe
equivalentnumberof looks( � Ë ¸ ), vectorquantizationof multi-
waveletcoefficientsappearsto yieldasmootherimagein asense
of an increaseof homogeneity. It is understoodthatno artifact
inducedby the quantizationis appallingfor imageinterpreta-
tion.

Fig. 2. Multiwavelet-basedVQ at Í�ÎÏ�;	D�2	 .
V. CONCLUSION

Two optimal quantizationtechniqueswerecompareto com-
pressintensitySAR data: a wavelet-basedscalarquantization
anda multiwavelet-basedvectorquantization.The resultsug-
geststhattheuseof multiwaveletsyieldssmartSARimagecom-
pressionin theway of anequivalentnumberof looks improve-
ment. The designof mothermultifilters with higherdegreeof
approximationandhigherregularity mayimprovecompression
performances.
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TABLE I

COMPARISON OF SCALAR AND VECTOR QUANTIZATIONS ACCORDING TO

THE EQUIVALENT NUMBER OF LOOKS ON HOMOGENEOUS AREAS.È �(�ÓÊO� �;ÔO� ÕlÊ4� I �ÓÊ4� I Õ-ÊO� Ö4�¨Ê4�
SQ � Ë ¸ 2.17 2.26 2.39 2.56 2.58
VQ �×Ë ¸ 2.95 3.28 3.86 5.66 8.85


