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Abstract

Aneffectiveandlossycompressiontechniquefor multispec-
tral andhyperspectral image dataminimizesboth thespa-
tial and spectral correlations while preservingthe spec-
tral characteristics of the data. In this paper, we use
two-dimensionalwavelettransformandproposean encod-
ing techniquefor waveletcoefficients. We useKronecker-
ProductGain-ShapeVectorQuantizationcoupledwith the
generalizedBFOSfor obtaining an optimal bit-rate. Re-
sultsarepresentedfor multispectral andhyperspectral data
takenfrom differentsensors in differentbands.It is shown
that for a givenbit-rate, the image quality is superiorthan
othertechniquesdesignedfor such imagedata.

1. Intr oduction

Remotelysensedearth-observationdatais finding increas-
ing applicationsin land-usemanagement,meteorology, ge-
ology andmilitary surveillance. Airborne andspaceborne
sensorsacquiredatain many spectralbandswith high spa-
tial andradiometricresolutions.If theimageis composedof
a few spectralbandsit is calledmultispectralwhile theim-
ageconsistingof many tensof bandsis calledhyperspectral.
Hyperspectralimagesprovide much richer spectral infor-
mation. (In restof the paper, at manyplacesbut section4,
we usethe term multispectralto meanboth multispectral
and hyperspectral).In either of the cases,the dataoccu-
pieslargespaceandcompressionof the datais alwaysde-
sired. Imagecompressionalgorithmsfor traditional(a sin-
glespectralband)imagestakeinto accountthepsychovisual
featuresboth in spaceand frequency domainand exploit
thespatialcorrelationalongwith thestatisticalredundancy.
Almost all practicallyusedalgorithmsadopta quantization
stagewhich makesthealgorithmslossyandthusachieve a
desiredcompressionratio.

Multispectraldataexhibits a large spectralcorrelation.
The compressionalgorithmsminimize spectralcorrelation
too in a lossymannerto achieve larger compressiongain.

However, usagesof multispectraldataaredependentmostly
on rich spectralinformationcontainedin suchimages.So
a practicalalgorithmfor multispectraldatashouldpreserve
spectralcharacteristicsof thedatawhile working in a lossy
mannerandmaximizethegain.

Many techniqueshave beenproposedfor multispectral
imagedata.Almostall techniquesminimizeintra-bandand
inter-bandcorrelation,somedo in a single stepand oth-
ers in a two-steptransformationfollowed by an encoding
schemeto eliminatethe statisticalredundancy or to give a
desiredbit-rate.Themainissueis thatthealgorithmshould
be lossy, encodingschememaybesub-optimalin somere-
spectbut it shouldpreservethe spectralcharacteristicsof
thedataandbeof lesseralgorithmiccomplexity.

In this paper, we presentanalgorithmwhich workswith
wavelet transform[3] and encodesthe coefficients using
gain-shapevectorquantization[6] suchthatwegetsuperior
imagequality for a givenbit-rate. In doingso,we make an
assumptionthat spectralcorrelationexists in the biorthog-
onal subclassesof multispectral/hyperspectralimages,we
prove this assumptionempirically in the later part of this
paper. We make useof the GeneralizedBFOS algorithm
[16] to allocatebitsamongdifferentsubbands.Theremain-
der of the paperis organizedasfollows. In section2, we
briefly review theexisting approachesandtheperformance
metrics.We describe,in section3, our approachwhich en-
codeswaveletcoefficientsextractedfrom multispectralim-
ages.We presentresults,in section4, obtainedfrom multi-
spectralandhyperspectraldataacquiredfrom differentsen-
sorsalong with a brief analysis. We comparethe results
obtainedwith our techniqueto thosewhich wererecently
reported.Finally, we draw conclusionsin section5.

2. Review of Existing Approaches

In recentyears,many coding techniqueshave beenpro-
posedfor multispectralandhypespectraldata. In general,
almostall the approachesadopta two stageprocess,first,
thedatais transformedinto someotherdomainand/orrep-



resentedby the indicesof the codebook,followed by an
encodingof the transformedcoefficients or the codebook
indices. In the following subsections,we briefly describe
the approachesavailable in literaturealong with a critical
analysis. Thenwe commentupon the performanceof the
algorithms.

2.1. Spatial and SpectralCorr elation
The first stageis to minimize the intrabandand interband
correlationor to makeuseof thecorrelationsoasto reduce
the data. Most commonlyadoptedapproachesrely on the
transformedtechniques[10] and/ortheuseof vectorquan-
tization[12].

Most of the algorithmsexploit spectralandspatialcor-
relationsindependently, assumingthatboth typesof corre-
lationsareindependent.Karhunen-Loevetransform(KLT)
[8] is commonlyusedfor multispectralimagesfor feature
selection,classificationand spectraldecorrelation. Dis-
cretecosinetransform(DCT) is usedpracticallyin almost
all single bandimageand video compressiontechniques,
e.g.,JPEGandMPEG,to decorrelatespectralredundancy.
Wavelet Transformhas beenproven to be very effective
and gaining popularity over DCT transform. A 2-D Dis-
creteWavelet transform(DWT) obtainsa setof biorthogo-
nal subclassesof imagesby decomposingtheimageat dif-
ferentscalesusinga pyramidalalgorithmarchitecture,and
enableshigh compressionbit-ratesthroughthe properuse
of bit-allocationin the subimages.(For detailsof wavelet
theory- see[15]). DWT extractsnot only frequency infor-
mationbut alsospatialinformation,andcanbe adaptedto
progressivetransmissionwith low-bit rate[3].

Many authorsusedKLT to decorrelatespectralredun-
dancy, andDCT or DWT to decorrelatespatialredundancy.
For example,Saghri& Tescher[18] andLee[14] usedKLT
followed by a 2-D DCT, andEpstein[9] andAmato et al.
[2] usedKLT andDWT. SomeothersusedDCT followed
by an interbandpredictive coding[1]. However, interband
relationshipis highly non-linear, betterto sayun-predictive
in the absenceof a priori knowledgeof the imageitself,
sopredictive approacheswould not work well with a natu-
ral image.However, transformbasedapproacheshavebeen
usedby mostof theresearchersin somecombinationor the
other.

Insteadof applyinga hybrid strategy, onefor spatialand
anotherfor spectral,Abouslemanet al. [1] applieda 3-D
DCT on 8 � 8 � 8 datacubesof hyperspectralimages.
Similarly, Tsenget al. [20] useda 3-D DWT to simultane-
ouselydecorrelatethespectralandspatialinformation,and
extract the most representative contentsin wavelet coeffi-
cients.They applieda separable3-D DWT to hyperspectral
dataresultingin wavelet coefficientswhich wereencoded
usingthe entropy codingafter an optimal scalarquantiza-
tion stage.Tsengetal. usedAVIRIS imagesandperformed

compressionwith variouscombinationof wavelet banks,
transformationlevelsandquantizationlevels,andachieved
interestingresults.However, their techniqueis not suitable
to multispectraldatabecauseof a few spectralbands[19].

Amongthenon-transformedapproachesarethespectral
classificationbasedandthevectorquantizationbasedtech-
niques. Gelli & Poggi [11] usedspectralclassificationas
the first stage.Many researchersmadeuseof someor the
othervariantsof VectorQuantization(VQ). VQ encodesa
sequenceof samplesratherthanencodinga sampleandau-
tomatically exploits both linear and non-lineardependen-
cies. It is shown that VQ is optimal amongblock coding
techniques,andthatall transformcodingtechniquescanbe
takenasaspecialcaseof VQ with someconstraints[12]. In
VQ, encodingis performedby approximatingasequenceto
becodedby a vectorbelongingto a codebook.Creationof
a straightandunconstrainedcodebookis a computationally
intensive andthe complexity grows exponentiallywith the
block size; codebookcreationis an NP-problem. So one
usesa small block size; many greedyalgorithmsand the
constraintsexist in theliteraturefor apracticalsolution.For
example,Lindo-Buzo-Gray(LBG) classificationalgorithm
with meansquaredcriterion(MSE) is usedto createacode-
book, this algorithm may converge iteratively to a locally
optimal codebook[12]. Secondly, it is almostimpossible
to createa universalcodebookwhich works acrossall the
images.

Researchersusedmany variantsof VQ for multispectral
imagecompression.Aim is to getanefficient andfasteral-
gorithmmaybewith somesub-optimality. SomeusedVQ
for spatialcorrelationwhile othersusedfor spectralinfor-
mation.For example,Baker& Tse[4] usedVQ for spectral
blocks,andGupta& Gresho[13] usedVQ for spatialblocks
andpredictionfor spectral.Both usedsmallerblock size.

To overcomethelimitationsof theblock-size,somesub-
optimal constrainedVQ algorithmswere proposedwhich
aremany timesmorecomputationallyefficient thantheun-
constrainedVQ. Thehugecomplexity reductionallowsone
to usemuchlarger blocksandto betterexploit the redun-
dancy. Gain-ShapeVQ (GSVQ)is oneof themostpopular
algorithmswhich belongsto the classof product-codeVQ
in which a VQ is obtainedasthe Cartesianproductof two
or moresmallercodebooks[17]. Canta& Poggibuilt upon
GSVQa new encodingschemefor multispectraldata.The
techniqueis known asKronecker-ProductGain-ShapeVQ
(KRGSVQ)[6] andtakesadvantageof thecharacteristicsof
multispectraldata.Their basicassumptionis thattheshape
of ablockin agivenspatialpositiondoesnotchangesignifi-
cantlyfrom bandto band,andonly thegaintermchangesto
accountfor the variationsof reflectivity acrossthespectral
bands.They foundthetechniqueover hundredtimesmore
computationallyefficient thanunconstrainedVQ, andover
ten timesefficient thandirect GSVQ. For a given level of



complexity anda givenimagequality, they got a compres-
sion ratio five times larger than that provided by ordinary
VQ.

In placeof applyingVQ to imagedata,many researchers
appliedsomeor the othervariantsof VQ to transformco-
efficientsextractedfrom multispectraldata. For example,
Vaisey et al. [21] usedlattice VQ on wavelet coefficients
extractedfrom multispectraldata. They also usedLattice
VQ with KLT andcomparedtheresultsobtainedwith Lat-
tice VQ in individual combinationof KLT andDWT.

In generalresearchershaveusedKLT, DCT, DWT and/or
some constrainedVQ for decorrelatingboth spatial and
spectralinformation.In thiswork, wetoousedthesameba-
sictoolsbut in anuniquecombination,weuseDWT for spa-
tial correlationfollowedby a constrainedVQ which works
on coefficientsratherthantheimagedataitself.

2.2. Statistical Redundancy& Bit-Allocation
In bit-allocation,a givennumberof bits is assignedto a set
of differentsources(e.g.,coefficientof waveletsubbandsor
theindicesof multiclasscodebooksin VQ) to minimizethe
overalldistortionof thecoder. An optimalbut simplecodec
is anentropy coderwhichallocatesbitsbasedonthesymbol
probabilitiesandthuseliminatesstatisticalredundancy. In
Tsenget al. [20], waveletcoefficientswerecompressedus-
ing anoptimalscalarquantizerfollowedby variablelength
huffmancodes.Tsenget al. reportedtheresultsthat spec-
tral classificationaccuracy did not drop in responseto an
increasein informationlossdueto quantizationanddecom-
position.

However, from Shanon’s rate-distortiontheory, coding
performancecan always be improved with vectorsrather
than scalars,and it can be further increasedwith use of
larger blocks. (Looking from anotherangle, numberof
distortion measuresincreaseswith increasein block size.
Sofor a givencomputationalcomplexity, sub-optimaltech-
niquescan often outperformVQ by simply using larger
blocks.)For a fixed-rate,eachcodebookcontainsthesame
numberof codewords. In a variablebit-rate(VBR), code-
booksizeis variedandvariablenumberof bitsareallocated
to code-vectors.

GeneralizedBFOSalgorithmis anextensionof Breiman,
Friedman,Olshenand Stone’s pruning algorithm in tree-
structuredclassificationandregression[5]. Chouet al. [7]
usedthis algorithm for tree-structuredsourcecoding,and
Westerinketal. [22] appliedin sub-bandcodingfor optimal
bit-allocation.Riskinanalyzedthisalgorithmfor optimality
andalgorithmcomplexity [16].

Sincethenmuchwork hasbeendoneon Gen.BFOSal-
gorithm,andmany researchersusedthis algorithmfor op-
timal bit allocationin variablerateVQ designandsubband
coding.For example,Vaisey et al. [21] usedthis algorithm
in LatticeVQ designof KLT andDWT coefficients.

2.3. Performanceof the Algorithms
Most of the researchershave reportedthe performanceof
multispectraldatain termsof bit-rate versusSNR/PSNR.
Few approximatedthe algorithmiccomplexity in termsof
thenumberof operations.Somepresentedafew of theorig-
inal anddecompressedimagesfor visualcomparison.Main
purposeof all theseresultsis to evaluatethe quality of the
decompresseddatasubjectively andobjectively. However,
thequantitativeSNR/PSNRmetricsaretoogenericbecause
they areaveragedoverall thepixels.Usuallyimageis most
degradedathighfrequency components,e.g.,edgesanddis-
continuity; this usuallydemarcatesa boundaryfor spectral
classification.A genericnatureof SNR/PSNRtypeof mea-
sureservessomepurposebut it is not anauthoritativemea-
sureto evaluatethespectralimagequality.

So someresearchers(e.g., [6] and [20]) presentedre-
sultsof pixel-to-pixel classification.Therearemany meth-
odsavailablein literature,e.g. nearestneighbor, maximum
likelihood,supervisedandunsupervisedclustering[8]. All
suchmethodsincorporatemachinelearning,and the per-
formanceis governedby many parameterssuchasthe se-
lection of the datasetsfor training andvalidation,learning
algorithms,convergencecriterion and the rate of conver-
gence.This itself is an openproblem. Therefore,it is not
trivial to haveastraightforwardmetricto quantatively eval-
uatethespectralquality.

3. ProposedAlgorithm
In thiswork, weuseDWT for multispectralimagecompres-
sion.Wemakeanassumptionthatspectralcorrelationexists
in wavelet coefficientsof multispectralimage. We empiri-
cally provethisassumptionwhile presentinganddiscussing
theresultsin section4. Thisschemeexploits thespatialand
spectralcorrelationin thebiorthogonalsubclassesof multi-
spectralimage.Theproposedschemeconsistsof two steps.
First, all bandsof multispectralimageare analyzedinde-
pendentlyusingtwo-dimensionalDWT. Then,the wavelet
coefficients are quantizedwith multiresolutioncodebook
usingKronecker- ProductGain-ShapeVectorQuantization
(KRGSVQ)[6], and encodedusing GeneralizedBFOS al-
gorithm[16].

3.1. WaveletDecomposition
We decomposeall the bandsof multispectralimageupto
two levels using pyramidal algorithm [3]. The four sub-
bandsfrom analysiswith biorthogonalfilters in horizontal
andverticaldirectionsareLL, LH, HL andHH which rep-
resentthe low, horizontal,vertical anddiagonalresolution
sub-images- seeFigure 1 wheresubscriptrepresentsthe
resolutionlevel. Thefiltersusedfor decompositionarehigh
passandlow passfilters. LH, HL andHH containfiner de-
tailsof theimagewhile LL containscoarserdetails.LL and
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Figure1: Two level waveletdecomposition.

HH representthe componentscorrespondingto analysisin
horizontaland vertical directionswith low passand high
passfilters respectively. HenceDWT concentratesmaxi-
mumsignalpower into theLL subimagewhile HH subim-
agecontainsleastsignalpower. Suchawaveletdecomposi-
tion permitsthegenerationof a multiresolutioncodebook.

3.2. Encoding of Wavelet Coefficients using
Gain-ShapeVector Quantization

We use KRGSVQ encoding schemefor quantizing the
waveletcoefficients.This techniquewasproposedby Canta
& Poggi[6] for multispectraldata.They appliedin thespa-
tial domain and we, in this work, use this techniquefor
wavelet coefficients. KRGSVQ relies on the assumption
that the shapeof a genericspatialblock remainsthe same
in all bandswhile the gain changesto reflect the bandsin
multispectralimage. The gain is vectorquantizedusinga
codebookof gainswhile the shapeis vectorquantizedus-
ing a codebookof shapes.Thecomputationaloverheaddue
to KRGSVQ is minimal andso makesit suitablefor com-
pressionof multispectralimages.

We make anassumptionthattheshapeof a genericspa-
tial block remainsthe sameeven in the biorthogonalsub-
classesof multispectralimage.Weencodethesubbandsus-
ing multiresolutiongainandshapecodebooksfor eachpref-
erential direction using KRGSVQ. The initial codebooks
aregeneratedby choosingthe shapeandgain codevectors
randomlyfrom therepresentationgainandshapevectorsof
thesubbandsof multispectralimage.

3.3. GeneralizedBFOSfor Bit-Allocation
We usethegeneralizedBFOS(GenBFOS)algorithm[16]
to allocatebits betweendifferentsubbandsaftermultiscale
decomposition.GenBFOSassumesthat rate-distortionta-
ble is available. We calculatethe rate-distortiontable for
the subbandsusing KRGSVQ by constrainingthe sum of
sizesof shapeand gain codebooks. Two kinds of error
areassociatedwith KRGSVQ.Oneis therepresentationer-
ror associatedwith representingthewaveletcoefficientsas
Kronecker-Productof GainandShape.Theseconderror is
dueto encodingthe representationgain andshapevectors
with codebooks.We find theconvex hull by calculatingthe
slopesdueto deallocatingmorethanonebit at a time. Bits

allocatedfor eachdirectionaredistributedbetweenthegain
andshapecodebooks.We computedthemeansquareerror
(MSE) correspondingto all possiblecombinationsof the
sizesof gainandshapecodebooksthatcorrespondto a spe-
cific bit rateandconsideredthecombinationthatresultedin
minimumMSE.

Therate-distortiontable(bitsperpixel versusMSE)used
in BFOSis computedusingKRGSVQ.For example,1 bits
per pixel (bpp) is distributedamongsubbands(e.g.,
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). Therate-distortionta-
ble (0 to 1 bpp)is computedfor eachof thesubbandsusing
KRGSVQ, so six tablesarecomputedwhich aregiven as
input to GenBFOS.Now the overall bpp is six insteadof
one. GenBFOSdeallocatesthe bpp allocatedto subbands
till therequiredrateof 1 bppis achieved.

4. Experimental Resultsand Analysis
We carriedout a numberof experimentswith multispectral
andhyperspectraldata.A few representative resultsarein-
cludedhere. We considereda squareregion of 512 � 512
pixel areafor eachtestimage.We use9/7 biorthogonalfil-
tersfor decomposingandreconstructingtheimages[3]. We
measureddistortionin termsof Peak-Signal-to-Noise-Ratio
(PSNR)andSignal-to-Noise-Ratio(SNR).For eachof the
datasets,approximately90% of the signalpower wascon-
centratedin lower frequency components.

In Figures,the symbols �� , ��� and ����� representsize
of the gain codebook,sizeof the shapecodebookandbits
per pixel respectively. For eachof the cases,we took a
block-sizeof 4 � 4 for

����	
sub-imagebecauseof compar-

atively lower signalcontent,a choicecanalwaysbe made
betweenthe block-sizeandthe codebooksize. We encode��� 	

subimagewith thesamenumberof bits asthey arein
the raw image; this is 8 bpp for IRS and Landsatimages
and9 bppfor GERdata- seesub-bandbit-allocationmaps
in Figures2 and5. Bit-rateis expressedin bitsperpixel and
shouldbedividedby thenumberof bandsto obtainbitsper
pixel per band. ThePSNRcorrespondingto 0.5 bpprepre-
sentsthecasewhereall thebiorthogonalsubclassesexcept
for the low-frequency componentarediscarded(Figures3
and 4).

4.1. IRS LISS-III Four-Band Data
First, we appliedour techniqueto IRS LISS-III four spec-
tral banddata.We took dataof anareanearDelhi. Figure2
shows the bit allocation. The signal contentat level 1 is
very less.Hencelow bit rateis assignedto thewaveletco-
efficientsat resolutionlevel 1. Gain accountsfor the band
powerwhile shapeis invariantacrossbands.Hencethegain
codebooksize is smallerthan that of the shapecodebook
for sub-images
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,
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with lesssignalcontent
while it is greaterthan the shapecodebookfor
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and
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     Size 4 × 4 Size 4 × 4
   

 

Figure2: Sub-bandbit allocationfor IRS imageat 1 bpp.
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Figure3: PSNRversusbppfor IRS image.
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sub-images.

�����
containsminimal signalandhence

is discarded,the othercomponentscontainsignificantim-
ageinformationandareassignedbit rateaccordingly.

��� �
and

��� �
containalmostthesamesignalcontentandhence

areassignedequalbit rate.
Figure3 representsPSNRversusbits per pixel for this

data. Band 2 (power = 3016.17)of IRS image contains
lesssignalpower ascomparedto Band1 (7458.92),Band
3 (7677.07)and Band 4 (7270.11). The MSEs at 1 bpp
for Band1 (1.90864),Band2(3.00191)andBand4(3.6148)
arelow while it is highfor Band3 (15.3979).Wavelettrans-
form concentratedverylesssignalpowerinto thefinercom-
ponentsat boththeresolutionlevels,1 and2 of IRS image.

DWT concentratessimilar signalcontentinto subbands
of bands1, 2 amd4,andhighersignalcontentinto subbands
of Band3. This behaviour of DWT dependson the filters
chosen.Band3 deviatessignificantlyfrom Bands1, 2 and
4 in Waveletdomain.This observationis similar acrossall
the subbandsof IRS data. So the PSNRvaluesfor Band
3 are poor as comparedto other Bands(sinceKRGSVQ
encodingis donein Waveletdomain).This is aninteresting
observationbecauseBand3 is similar to Bands1 and4 in
spatialdomainbut not in Waveletdomain.

4.2. Landsat TM Six-BandData
Next we includeresultsof Landsat4 TM data,wetookdata
of six bands(excludedthermalband)of two regions- one
nearLisbon,Portugalandthe othernearCentralWashing-
ton, DC. Thesetwo data-setshave beenusedby many re-
searchersin the past,so we consideredthesedata-setsfor
comparingtheresults.

For Washingtonarea,
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Figure4: PSNRversusbppfor Landsatimageof Washing-
ton,DC area.
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Figure5: Sub-bandbit allocationfor GERimageof anarea
nearRhine,Germany at 1.094bpp.

samesignalpowerandhencearealloted1.5bppeach,while��� 	
containssignificantsignal and is assigned0.5 bpp.��� �
is discardedfor Washingtonareabut allotted0.5 bpp

for Lisbon data. Figure4 representsPSNRversusbits per
pixel for thisdataset,almostsimilar is theshapeof theplots
of Lisbonarea.All theplotshave very marginal slope,this
indicatesthatPSNRdoesnotvarymuchwithin abpprange.

4.3. Hyperspectral Data
We usehyperspectraldataacquiredby two sensors- GER
andAVIRIS, see[6] and[20] respectively for detailsof the
datasets.Bit-allocationfor GERdata(bands14 - 17) is in-
cludedin Figure5. For thisdata,

��� �
containssomeinfor-

mationand0.5 bppis allotted. Bands14 - 17 of GERdata
arequitesimilar in bothspatialandDWT domains.Hence,
all the four bandshave almostthe samesignalpower and
identical high PSNRvalues,the PSNRvs. bpp plots are
identical.

4.4. Comparison with Others
In Figures3 and 4, the slopeof the PSNRversusbpp is
not significantwhile reducingthe sizesof shapeand gain
codebookswithin a rangeof bpp. This is an importantad-
vantageof this techniquewith KRGSVQ on wavelet coef-
ficientsratherthan on imagedomain- see[6], their tech-
nique resultedin a greaterslopeof the curve. Secondly,
slope of the plots of PSNR vs. bpp is almost equal for
all bandswhich also indicatesthat the techniqueis inde-
pendentof the bandpower. We foundthis behavior across
the imagestaken from different sensors.This provesour



assumption,and also the shapeinvarianceassumptionof
KRGSVQ;theseassumptinsaremadeusein KRGSVQen-
codingcoupledwith GeneralizedBFOSfor optimalbit-rate
allocation.This phenomenongivesusa stablebit-rate.

Hyperspectraldataandmostof the bandsof multispec-
tral dataare quite identical in DWT domain,and are en-
codedwell with our technique. Among the recentwork,
3-D DWT techniqueworks for hyperspectralbut not for
multispectraldata, [19] and [20]. We also include here
a few of the PSNR/SNRresults for comparisonat 0.14
bit/pixel/band.Our techniqueresultedin SNRof 21.96dB
while it was20.6dB for Landsatimageof Lisbon areaby
Gelli andPoggi’s technique[11]. ThePSNRobtainedwith
ourtechniquewas36.69dB for Washingtonareawhile VBS
and FBS [14] gave 36.04 dB and 36.48 dB respectively.
Otherresultswill bepresentedduringtheconference.

5. Conclusions
In this paper, we developed a compressiontechnique
for multispectral and hyperspectraldata using wavelet
transform. The wavelet coefficients are quantizedusing
KRGSVQandencodedusingGeneralizedBFOSalgorithm
for optimal bit-allocaton. We madean assumptionthat
spectralcorrelationexists in thebiorthogonalsubclassesof
suchdata,the assumptionwasshown to hold goodby the
obtainedresults. Bandsof multispectraldataresponddif-
ferently to DWT. The bandswhich aresimilar in Wavelet
domainare encodedextremely well, this is confirmedby
theresultsobtainedusingthis technique.This techniqueis
shown to work acrossbothmultispectralandhyperspectral
data.We comparedthenumericalresultsobtainedwith our
techniquewith someof the recentlyproposedtechniques
andgot superiorresults.

To analyticallyvalidatethehypothesisthatspectralcor-
relation exists in biorthogonalsubclassesof multispectral
andhyperspectraldata,is anareaof furtherinvestigation.
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