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Abstract

Aneffectiveandlossycompessiortechniquefor multispec-
tral and hypeispectal image data minimizeshoththe spa-
tial and spectal correlations while preservingthe spec-
tral characteristics of the data. In this paper we use
two-dimensionalvavelettransformand proposean encod-
ing techniquefor waveletcoeficients. We useKronedker-

ProductGain-Shapé/ector Quantizationcoupledwith the
generlized BFOSfor obtaining an optimal bit-rate Re-
sultsare presentedor multispectal andhypesspectal data
taken from differentsensos in differentbands. It is shown
thatfor a givenbit-rate theimage quality is superiorthan
othertechniquesdesignedor sud image data.

1. Intr oduction

Remotelysensecdkarth-obseration datais finding increas-
ing applicationsn land-usemanagementneteorologyge-
ology andmilitary surweillance. Airborne and spaceborne
sensorsacquiredatain mary spectralbandswith high spa-
tial andradiometricresolutionsIf theimageis composeaf
afew spectrabandsit is calledmultispectralwhile theim-
ageconsistingof mary tensof bandss calledhyperspectral.
Hyperspectralmagesprovide muchricher spectal infor-
mation. (In restof the paper at manyplacesbut section4,
we usethe term multispectralto meanboth multispectral
and hyperspectral).In either of the casesthe dataoccu-
pieslarge spaceand compressiorof the datais alwaysde-
sired. Imagecompressioralgorithmsfor traditional(a sin-
glespectraband)imagegakeinto accounthepsychwisual
featuresboth in spaceand frequeny domainand exploit
the spatialcorrelationalongwith the statisticalredundanyg.
Almostall practicallyusedalgorithmsadopta quantization
stagewhich makesthe algorithmslossyandthusachieve a
desiredcompressiomatio.

Multispectral dataexhibits a large spectralcorrelation.
The compressioralgorithmsminimize spectralcorrelation
too in a lossymannerto achieve larger compressiorgain.
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However, usage®f multispectrabataaredependentostly
on rich spectralinformationcontainedn suchimages. So
apracticalalgorithmfor multispectraldatashouldpresere
spectralcharacteristicef the datawhile working in alossy
mannerndmaximizethegain.

Many techniqueshave beenproposedior multispectral
imagedata.Almostall techniquesninimizeintra-bandand
inter-band correlation,somedo in a single stepand oth-
ersin a two-steptransformationfollowed by an encoding
schemeo eliminatethe statisticalredundang or to give a
desiredbit-rate. Themainissueis thatthealgorithmshould
belossy encodingschemeamaybe sub-optimalin somere-
spectbut it shouldpreservethe spectralcharacteristicof
thedataandbe of lesseralgorithmiccompleity.

In this paperwe presentainalgorithmwhich workswith
wavelet transform[3] and encodeshe coeficients using
gain-shapeectorquantizatior{6] suchthatwe getsuperior
imagequality for a givenbit-rate. In doingso,we make an
assumptiorthat spectralcorrelationexists in the biorthog-
onal subclassesf multispectral/hyperspectrahages,we
prove this assumptiorempirically in the later part of this
paper We make useof the GeneralizedBFOS algorithm
[16] to allocatebits amongdifferentsubbandsTheremain-
der of the paperis organizedasfollows. In section2, we
briefly review the existing approacheandthe performance
metrics.We describejn section3, our approachwhich en-
codeswaveletcoeficientsextractedfrom multispectraim-
ages.We presentesults,in sectiond, obtainedfrom multi-
spectraandhyperspectralataacquiredrom differentsen-
sorsalong with a brief analysis. We comparethe results
obtainedwith our techniqueto thosewhich were recently
reported.Finally, we draw conclusionsn sectionb.

2. Review of Existing Approaches

In recentyears, mary coding techniqueshave beenpro-
posedfor multispectraland hypespectratiata. In general,
almostall the approachesdopta two stageprocessfirst,
the datais transformednto someotherdomainand/orrep-



resentedby the indicesof the codebook,followed by an

encodingof the transformedcoeficients or the codebook
indices. In the following subsectionswe briefly describe
the approachesvailablein literaturealong with a critical

analysis. Thenwe commentupon the performanceof the

algorithms.

2.1 Spatial and Spectral Corr elation

The first stageis to minimize the intrabandandinterband
correlationor to make useof the correlationsoasto reduce
the data. Most commonlyadoptedapproachesely on the
transformedechniqueg10] and/orthe useof vectorquan-
tization[12].

Most of the algorithmsexploit spectraland spatialcor-
relationsindependentlyassuminghatboth typesof corre-
lationsareindependentKarhunen-Loge transform(KLT)
[8] is commonlyusedfor multispectralimagesfor feature
selection, classificationand spectraldecorrelation. Dis-
cretecosinetransform(DCT) is usedpracticallyin almost
all single bandimage and video compressiortechniques,
e.g.,JPEGandMPEG, to decorrelatespectralredundany.
Wavelet Transformhas beenproven to be very effective
and gaining popularity over DCT transform. A 2-D Dis-
creteWavelettransform(DWT) obtainsa setof biorthogo-
nal subclassesf imageshy decomposingheimageat dif-
ferentscalesusinga pyramidalalgorithmarchitectureand
enableshigh compressiomit-ratesthroughthe properuse
of bit-allocationin the subimages.(For detailsof wavelet
theory- see[15]). DWT extractsnot only frequeng infor-
mation but also spatialinformation,and canbe adaptedo
progressie transmissiorwith low-bit rate[3].

Many authorsusedKLT to decorrelatespectralredun-
dang/, andDCT or DWT to decorrelatespatialredundany.
Forexample,Saghri& Teschef18] andLee[14] usedKLT
followedby a 2-D DCT, andEpstein[9] and Amato et al.
[2] usedKLT andDWT. SomeothersusedDCT followed
by aninterbandpredictive coding[1]. However, interband
relationshigs highly non-linear, betterto sayun-predictive
in the absenceof a priori knowledgeof the imageitself,
sopredictive approachesvould not work well with a natu-
ralimage.However, transformbasedapproacheblave been
usedby mostof theresearchers somecombinationor the
othetr

Insteadof applyinga hybrid stratgy, onefor spatialand
anotherfor spectral,Abouslemaret al. [1] applieda 3-D
DCT on 8 x 8 x 8 datacubesof hyperspectraimages.
Similarly, Tsengetal. [20] useda 3-D DWT to simultane-
ouselydecorrelatehe spectralandspatialinformation,and
extract the mostrepresentatie contentsin wavelet coefi-
cients.They applieda separabl&-D DWT to hyperspectral
dataresultingin wavelet coeficientswhich were encoded
usingthe entropy coding after an optimal scalarquantiza-
tion stage.Tsengetal. usedAVIRIS imagesandperformed

compressiorwith various combinationof wavelet banks,
transformatiorevelsandquantizatiorlevels,andachieved
interestingresults.However, their techniqueis not suitable
to multispectraddatabecaus®f afew spectrabandg19].

Amongthe non-transforme@pproachearethe spectral
classificatiorbasedandthe vectorquantizatiorbasedech-
nigues. Gelli & Poggi[11] usedspectralclassificationas
thefirst stage. Many researchermadeuseof someor the
othervariantsof VectorQuantization(VQ). VQ encodes
sequencef samplegatherthanencodinga sampleandau-
tomatically exploits both linear and non-lineardependen-
cies. It is shovn that VQ is optimal amongblock coding
techniquesandthatall transformcodingtechniquesanbe
takenasaspecialcaseof VQ with someconstraintg12]. In
VQ, encodings performedby approximatinga sequencéo
be codedby a vectorbelongingto a codebook.Creationof
astraightandunconstrained@odebooks a computationally
intensive andthe compleity grows exponentiallywith the
block size; codebookcreationis an NP-problem. So one
usesa small block size; mary greedyalgorithmsand the
constraintexistin theliteraturefor apracticalsolution. For
example,Lindo-Buzo-Gray(LBG) classificatioralgorithm
with meansquaredriterion(MSE) is usedto createa code-
book, this algorithm may corverge iteratively to a locally
optimal codebook[12]. Secondlyit is almostimpossible
to createa universalcodebookwhich works acrossall the
images.

Researchergsedmary variantsof VQ for multispectral
imagecompressionAim is to getanefficientandfasteral-
gorithm maybe with somesub-optimality SomeusedVQ
for spatialcorrelationwhile othersusedfor spectralinfor-
mation. For example,Baker & Tse[4] usedVQ for spectral
blocks,andGupta& Greshd13] usedvQ for spatialblocks
andpredictionfor spectral Both usedsmallerblock size.

To overcomethelimitationsof theblock-size somesub-
optimal constrainedvQ algorithmswere proposedwhich
aremary timesmorecomputationallyefficientthanthe un-
constrained/Q. Thehugecompleity reductionallows one
to usemuchlarger blocksandto betterexploit the redun-
dang. Gain-Shap&/Q (GSVQ)is oneof the mostpopular
algorithmswhich belongsto the classof product-code/Q
in which a VQ is obtainedasthe Cartesiarproductof two
or moresmallercodebookg$17]. Canta& Poggibuilt upon
GSVQa new encodingscheméor multispectraldata. The
techniqueis known asKronecler-ProductGain-Shape&/Q
(KRGSVQ)[6] andtakesadvantageof thecharacteristicsf
multispectraldata. Their basicassumptions thattheshape
of ablockin agivenspatialpositiondoesnotchangesignifi-
cantlyfrom bandto band,andonly thegaintermchangeso
accountfor the variationsof reflectvity acrossthe spectral
bands.They foundthe techniqueover hundredtimesmore
computationallyefficient thanunconstrained/Q, andover
tentimesefficient thandirect GSVQ. For a given level of



compl«ity anda givenimagequality, they gota compres-
sionratio five timeslarger thanthat provided by ordinary
VQ.

In placeof applyingVQ toimagedata,mary researchers
appliedsomeor the othervariantsof VQ to transformco-
efficients extractedfrom multispectraldata. For example,
Vaisg et al. [21] usedlattice VQ on wavelet coeficients
extractedfrom multispectraldata. They alsousedLattice
VQ with KLT andcomparedhe resultsobtainedwith Lat-
tice VQ in individual combinationof KLT andDWT.

In generaftesearchersaveusedKLT, DCT, DWT and/or
some constrainedvQ for decorrelatingboth spatial and
spectrainformation. In thiswork, we too usedthesameba-
sictoolsbutin anuniquecombinationwe useDWT for spa-
tial correlationfollowed by a constrained/Q which works
on coeficientsratherthantheimagedataitself.

2.2 Statistical Redundancy& Bit-Allocation

In bit-allocation,a givennumberof bitsis assignedo a set
of differentsourcege.g.,coeficientof waveletsubbandsr
theindicesof multiclasscodebooksn VQ) to minimizethe
overalldistortionof thecoder An optimalbut simplecodec
is anentropy coderwhichallocatesitsbasednthesymbol
probabilitiesandthus eliminatesstatisticalredundang. In
Tsengetal. [20], waveletcoeficientswerecompresseds-
ing an optimal scalarquantizerfollowed by variablelength
huffmancodes.Tsenget al. reportedthe resultsthat spec-
tral classificationaccurag did not drop in responsdo an
increasen informationlossdueto quantizatioranddecom-
position.

However, from Shanons rate-distortiontheory coding
performancecan always be improved with vectorsrather
than scalars,and it can be further increasedwith use of
larger blocks. (Looking from anotherangle, number of
distortion measuresncreaseswith increasein block size.
Sofor agivencomputationatompleity, sub-optimatech-
niguescan often outperformVQ by simply using larger
blocks.) For afixed-rate eachcodebookcontainsthe same
numberof codavords. In a variablebit-rate (VBR), code-
booksizeis variedandvariablenumberof bits areallocated
to code-\ectors.

Generalize®FOSalgorithmis anextensionof Breiman,
Friedman,Olshenand Stones pruning algorithmin tree-
structurecclassificationandregressior{5]. Chouetal. [7]
usedthis algorithmfor tree-structuredgourcecoding, and
Westerinketal. [22] appliedin sub-bandodingfor optimal
bit-allocation.Riskinanalyzedhis algorithmfor optimality
andalgorithmcompleity [16].

Sincethenmuchwork hasbeendoneon Gen.BFOSal-
gorithm, and mary researcherasedthis algorithmfor op-
timal bit allocationin variablerateVQ designandsubband
coding. For example,Vaisey etal. [21] usedthis algorithm
in Lattice VQ designof KLT andDWT coeficients.

2.3 Performanceof the Algorithms

Most of the researcherbave reportedthe performanceof
multispectraldatain termsof bit-rate versusSNR/PSNR.
Few approximatedhe algorithmic compleity in termsof
thenumberof operationsSomepresentea few of theorig-
inal anddecompresseithagesfor visualcomparisonMain
purposeof all theseresultsis to evaluatethe quality of the
decompressedatasubjectvely andobjectively. However,
thequantitatve SNR/PSNRmetricsaretoo genericbecause
they areaveragedoverall the pixels. Usuallyimageis most
degradedathighfrequeny componentse.g.,edgesanddis-
continuity; this usuallydemarcatea boundaryfor spectral
classification A genericnatureof SNR/PSNRypeof mea-
suresenessomepurposebut it is notanauthoritatve mea-
sureto evaluatethe spectraimagequality.

So someresearcherge.g., [6] and[20]) presentede-
sultsof pixel-to-pixel classification.Therearemary meth-
odsavailablein literature,e.g. nearesheighbor maximum
likelihood,supervisecandunsupervisedlustering[8]. All
suchmethodsincorporatemachinelearning, and the per
formanceis governedby mary parametersuchasthe se-
lection of the datasetdor training andvalidation,learning
algorithms, corvergencecriterion and the rate of corver-
gence.This itself is an openproblem. Therefore,it is not
trivial to have a straightforwardmetricto quantatvely eval-
uatethe spectralquality.

3. ProposedAlgorithm

In thiswork, we useDWT for multispectraimagecompres-
sion. We make anassumptionthatspectratorrelationexists
in wavelet coeficientsof multispectralimage. We empiri-
cally provethisassumptiomwhile presentingnddiscussing
theresultsin sectiond. This schemexploitsthespatialand
spectrakorrelationin the biorthogonakubclassesf multi-
spectraimage.The proposedschemeconsistof two steps.
First, all bandsof multispectralimageare analyzedinde-
pendentlyusingtwo-dimensionaDWT. Then,the wavelet
coeficients are quantizedwith multiresolution codebook
usingKronecler ProductGain-Shapé&/ectorQuantization
(KRGSVQ)[6], and encodedusing GeneralizedBFOS al-
gorithm[16].

3.1 WaveletDecomposition

We decomposaill the bandsof multispectralimage upto
two levels using pyramidal algorithm [3]. The four sub-
bandsfrom analysiswith biorthogonalffilters in horizontal
andverticaldirectionsareLL, LH, HL andHH whichrep-
resentthe low, horizontal,vertical and diagonalresolution
sub-images seeFigure 1 where subscriptrepresentshe
resolutionlevel. Thefilters usedfor decompositiorarehigh
passandlow passfilters. LH, HL andHH containfiner de-
tails of theimagewhile LL containscoarsedetails.LL and
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Figurel: Two level waveletdecomposition.

HH representhe componentsorrespondingo analysisin
horizontaland vertical directionswith low passand high
passfilters respectiely. HenceDWT concentratesnaxi-
mum signalpower into the LL subimagewhile HH subim-
agecontaindeastsignalpower. Suchawaveletdecomposi-
tion permitsthe generatiorof a multiresolutioncodebook.

3.2 Encoding of Wavelet Coefficients using
Gain-ShapeVector Quantization

We use KRGSVQ encoding schemefor quantizing the
waveletcoeficients. Thistechniquevasproposedy Canta
& Poggi[6] for multispectradata. They appliedin the spa-
tial domainand we, in this work, use this techniquefor
wavelet coeficients. KRGSVQ relies on the assumption
thatthe shapeof a genericspatialblock remainsthe same
in all bandswhile the gain changedo reflectthe bandsin
multispectralimage. The gainis vectorquantizedusinga
codebookof gainswhile the shapeis vectorquantizedus-
ing acodeboolof shapesThe computationabverheadiue
to KRGSVQ s minimal andso makesit suitablefor com-
pressiorof multispectraimages.

We make anassumptiornthatthe shapeof a genericspa-
tial block remainsthe sameevenin the biorthogonalsub-
classe®f multispectraimage.We encodeghesubbandsis-
ing multiresolutiongainandshapecodebook$or eachpref-
erential direction using KRGSVQ. The initial codebooks
aregeneratedy choosingthe shapeandgain codevectors
randomlyfrom therepresentatiogainandshapevectorsof
the subband®f multispectraimage.

3.3. GeneralizedBFOS for Bit-Allocation

We usethe generalizedBFOS (GenBFOS)algorithm[16]
to allocatebits betweendifferentsubbandsfter multiscale
decompositionGenBFOSassumeshatrate-distortiorta-
ble is available. We calculatethe rate-distortiontable for
the subbandsising KRGSVQ by constrainingthe sum of
sizesof shapeand gain codebooks. Two kinds of error
areassociatedvith KRGSVQ.Oneis therepresentatiorr-
ror associateavith representinghe waveletcoeficientsas
Kronecler-Productof GainandShape.The seconcerroris
dueto encodingthe representatioigain and shapevectors
with codebooksWe find the corvex hull by calculatingthe
slopesdueto deallocatingnorethanonebit atatime. Bits

allocatedor eachdirectionaredistributedbetweerthegain
andshapecodebooksWe computedhe meansquareerror
(MSE) correspondingo all possiblecombinationsof the
sizesof gainandshapecodebookshatcorrespondo a spe-
cific bit rateandconsideredhe combinatiorthatresultedn
minimumMSE.

Therate-distortiortable(bits perpixel versusMSE) used
in BFOSis computedusingKRGSVQ. For example,1 bits
per pixel (bpp) is distributedamongsubbandge.g., H L4,
HH,, LH,, HL,, HH, andLH,). Therate-distortiorta-
ble (0to 1 bpp)is computedor eachof thesubbandsising
KRGSVQ, so six tablesare computedwhich are given as
input to GenBFOS. Now the overall bppis six insteadof
one. GenBFOSdeallocateshe bpp allocatedto subbands
till therequiredrateof 1 bppis achieved.

4. Experimental Resultsand Analysis

We carriedout a numberof experimentsvith multispectral
andhyperspectratlata. A few representatie resultsarein-
cludedhere. We considereda squareregion of 512 x 512
pixel areafor eachtestimage.We use9/7 biorthogonatffil-
tersfor decomposingndreconstructingheimageq3]. We
measurediistortionin termsof Peak-Signal-to-Noise-Ratio
(PSNR)and Signal-to-Noise-Rati¢SNR). For eachof the
datasetsapproximately90% of the signalpower was con-
centratedn lower frequeng components.

In Figures,the symbolsN,, N, andbpp representize
of the gain codebook size of the shapecodebookandbits
per pixel respectiely. For eachof the cases,we took a
block-sizeof 4 x 4 for H H, sub-imagéecaus®f compar
atively lower signal content,a choicecanalwaysbe made
betweerthe block-sizeandthe codebooksize. We encode
LL> subimagewith the samenumberof bits asthey arein
the raw image;this is 8 bpp for IRS and Landsatimages
and9 bppfor GER data- seesub-bandit-allocationmaps
in Figures2 and>5. Bit-rateis expressedn bits perpixel and
shouldbedivided by the numberof bandsto obtainbits per
pixel per band The PSNRcorrespondingo 0.5 bpprepre-
sentsthe casewhereall the biorthogonalsubclassesxcept
for the low-frequeny componentare discardedFigures3
and 4).

4.1 IRS LISS-IlI Four-Band Data

First, we appliedour techniqueto IRS LISS-1II four spec-
tral banddata.We took dataof anareanearDelhi. Figure2
shaws the bit allocation. The signal contentat level 1 is
very less.Hencelow bit rateis assignedo the waveletco-
efficientsat resolutionlevel 1. Gainaccountdor the band
powerwhile shapés invariantacrosdands.Hencethegain
codebooksize is smallerthanthat of the shapecodebook
for sub-imaged.H,, HL,, HH> with lesssignal content
while it is greaterthanthe shapecodebookfor LH> and
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Figure3: PSNRversusbppfor IRSimage.

H L, sub-imagesH H, containaminimal signalandhence
is discardedthe other componentgontainsignificantim-
ageinformationandareassignedit rateaccordingly LH,
andH L; containalmostthe samesignalcontentandhence
areassignecqualbit rate.

Figure 3 represent® SNRversusbits per pixel for this
data. Band 2 (power = 3016.17)of IRS image contains
lesssignal power ascomparedo Band1 (7458.92),Band
3 (7677.07)and Band 4 (7270.11). The MSEsat 1 bpp
for Band1 (1.90864)Band2(3.00191)andBand4(3.6148)
arelow whileit is highfor Band3 (15.3979) Wavelettrans-
form concentratederylesssignalpowerinto thefinercom-
ponentsatboththeresolutionlevels,1 and2 of IRS image.

DWT concentratesimilar signalcontentinto subbands
of bandsl, 2 amd4, andhighersignalcontentinto subbands
of Band3. This behaiour of DWT dependsn thefilters
chosen.Band3 deviatessignificantlyfrom Bandsl, 2 and
4 in Waveletdomain. This obsenationis similar acrossall
the subbandf IRS data. So the PSNRvaluesfor Band
3 are poor as comparedto other Bands(since KRGSVQ
encodings donein Waveletdomain).Thisis aninteresting
obsenationbecauseBand3 is similar to Bands1 and4 in
spatialdomainbut notin Waveletdomain.

4.2 Landsat TM Six-Band Data

Next we includeresultsof Landsa¥ TM data,we took data
of six bands(excludedthermalband)of two regions- one
nearLisbon, Portugalandthe othernearCentralWashing-
ton, DC. Thesetwo data-setdave beenusedby mary re-
searcherdn the past,so we consideredhesedata-setgor
comparingtheresults.

For Washingtorarea,L H> and H L, containalmostthe
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Figure4: PSNRversusbppfor Landsatimageof Washing-
ton,DC area.
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Figure5: Sub-bandit allocationfor GERimageof anarea
nearRhine,Germary at1.094bpp.

samesignalpowerandhencearealloted1.5bppeachwhile
H H, containssignificantsignal andis assigned.5 bpp.
H H, is discardedor Washingtorareabut allotted0.5 bpp
for Lisbon data. Figure4 represent® SNRversusbits per
pixelfor thisdataset,almostsimilaris theshapeof theplots
of Lisbonarea.All the plotshave very maminal slope,this
indicateghatPSNRdoesnotvary muchwithin abpprange.

4.3, Hyperspectral Data

We usehyperspectratiataacquiredby two sensors GER
andAVIRIS, see[6] and[20] respectiely for detailsof the
datasetsBit-allocationfor GER data(bandsl4 - 17)is in-
cludedin Figure5. For thisdata,H H; containssomeinfor-
mationand0.5 bppis allotted. Bands14 - 17 of GER data
arequitesimilarin bothspatialandDWT domains.Hence,
all the four bandshave almostthe samesignal power and
identical high PSNRvalues,the PSNRvs. bpp plots are
identical.

4.4, Comparisonwith Others

In Figures3 and 4, the slope of the PSNRversusbpp is
not significantwhile reducingthe sizesof shapeand gain
codebookswithin arangeof bpp. Thisis animportantad-
vantageof this techniquewith KRGSVQ on wavelet coef-
ficientsratherthanon imagedomain- see[6], their tech-
nigue resultedin a greaterslopeof the curve. Secondly
slope of the plots of PSNRvs. bpp is almostequal for
all bandswhich alsoindicatesthat the techniqueis inde-
pendeniof the bandpower. We foundthis behaior across
the imagestaken from differentsensors. This provesour



assumptionand also the shapeinvarianceassumptionof
KRGSVQ;theseassumptinsiremadeusein KRGSVQen-
codingcoupledwith GeneralizedFOSfor optimalbit-rate
allocation.This phenomenowgivesusa stablebit-rate.
Hyperspectratlataand mostof the bandsof multispec-
tral dataare quite identicalin DWT domain,and are en-
codedwell with our technique. Among the recentwork,
3-D DWT techniqueworks for hyperspectrabut not for
multispectraldata, [19] and [20]. We also include here
a few of the PSNR/SNRresultsfor comparisonat 0.14
bit/pixel/band.Our techniqueresultedin SNR of 21.96dB
while it was20.6dB for Landsatimageof Lisbon areaby
Gelli andPoggistechniqug11]. The PSNRobtainedwith
ourtechniquevas36.69dB for Washingtorareawhile VBS
and FBS [14] gave 36.04dB and 36.48 dB respectiely.
Otherresultswill bepresentedluringthe conference.

5. Conclusions

In this paper we developed a compressiontechnique
for multispectral and hyperspectraldata using wavelet
transform. The wavelet coeficients are quantizedusing
KRGSVQandencodedisingGeneralizedFOSalgorithm
for optimal bit-allocaton. We made an assumptionthat
spectralcorrelationexistsin the biorthogonalkubclassesf
suchdata,the assumptiorwas shavn to hold good by the
obtainedresults. Bandsof multispectraldataresponddif-
ferently to DWT. The bandswhich are similar in Wavelet
domainare encodedextremely well, this is confirmedby
theresultsobtainedusingthis technique.This techniques
shawvn to work acrosshoth multispectralandhyperspectral
data.We comparedhe numericalresultsobtainedwith our
techniquewith someof the recently proposedtechniques
andgot superiormresults.

To analyticallyvalidatethe hypothesighat spectralcor-
relation exists in biorthogonalsubclasse®f multispectral
andhyperspectratiata,is anareaof furtherinvestigation.
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