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Abstract

Hyperspectralimagesmay be treatedas a three-dimensionaldata
set for the purposesof compression.Herewe presentsomecompres-
siontechniquesbasedonathree-dimensionalwavelettransformthatpro-
ducecompressedbit streamswith many usefulproperties.Theseprop-
ertiesareprogressivequality encodinganddecoding,progressive lossy-
to-losslessencoding,andprogressive resolutiondecoding. We feature
anembedded,block-based,imagecodingalgorithmof low complexity,
calledSPECK(SetPartitioning EmbeddedbloCK), that hasbeenpro-
posedoriginally for singleimagesandis modifiedandextendedto three
dimensions.The resultantalgorithm,Three-DimensionalSetPartition-
ing EmbeddedbloCK (3D-SPECK),efficiently encodes3D volumetric
imagedataby exploiting the dependenciesin all dimensions.We de-
scribe the useof this coding algorithm in two implementations,first
in a purely quality or ratescalablemodeandsecondlyin a resolution
scalablemode.We utilize both integerandfloatingpoint wavelet trans-
forms,wherebytheformeroneenableslossyandlosslessdecompression
from thesamebit stream,andthelatteroneachievesbetterperformance
in lossy compression. The structureof hyperspectralimagesreveals
spectralresponsesthatwould seemidealcandidatesfor compressionby
3D-SPECK.We demonstratethat 3D-SPECK,a wavelet domainalgo-
rithm, like othertime domainalgorithms,canpreserve spectralprofiles�
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well. Comparedwith the losslessversionof the benchmarkJPEG2000
(multi-component),the3D-SPECKlosslessalgorithmproducesaverage
of 3.0% decreasein compressedfile sizefor Airborne Visible Infrared
Imaging Spectrometerimages,the typical hyperspectralimagery. We
also conductcomparisonsof the lossy implementationwith other the
state-of-the-artalgorithmssuchasThree-DimensionalSetPartitioning
In HierarchicalTrees(3D-SPIHT) and JPEG2000. We concludethat
thisalgorithm,in additionto beingveryflexible, retainsall thedesirable
featuresof thesealgorithmsandis highly competitive to 3D-SPIHTand
betterthanJPEG2000in compressionefficiency.

1 Intr oduction

Hyperspectralimagingis a powerful techniqueandhasbeenwidely usedin a
large numberof applications,suchasdetectionandidentificationof the sur-
faceand atmosphericconstituentspresent,analysisof soil type, monitoring
agricultureandforeststatus,environmentalstudies,andmilitary surveillance.
Hyperspectralimagesaregeneratedby collectinghundredsof narrow andcon-
tiguousspectralbandsof datasuchthat a completereflectancespectrumcan
beobtainedfor eachpoint in theregion beingviewedby theinstrument.How-
ever, at the time we gain high resolutionspectruminformation,we generate
massively large imagedatasets. Accessandtransportof thesedatasetswill
stressexisting processing,storageandtransmissioncapabilities.As anexam-
ple,theAirborneVisibleInfraRedImagingSpectrometer(AVIRIS) instrument,
a typical hyperspectralimagingsystem,canyield about16 Gigabytesof data
perday. Therefore,efficient compressionshouldbeappliedto thesedatasets
beforestorageandtransmission[19].

However, utilization of the datain compressedform canoften be incon-
venientandintractable,if it requiresfull decompression.Onewould like the
bit streamto have propertiesof scalabilityandrandomaccess.Therearetwo
typesof scalabilityof interesthere- rateor quality scalabilityandresolution
scalability. Ratescalabilitymeansthat a portion of the bit streamcanbe de-
codedto provide a reconstructionat lower rateor quality. That would allow
fasteror lower bandwidthtransmissionor a quick look at theentiredatasetat
lower quality. Resolutionscalabiltywould permitdecodingat reducedresolu-
tion from a portionof thecompressedbit stream.Thesescalabilityproperties
enabletransmissionandretrieval thatareprogressive by quality or resolution.

The compressionschemesusedin the datasetscanbe broadlyclassified



aslosslessandlossytechniques.As thenamesuggests,losslesscompression
(losslesscoding)reducestheredundancy of datasetswithout losingany infor-
mation. Theoriginal imagescanbereconstructedexactly. This is a reversible
process,andusuallylosslesscompressioncanprovide a compressionratio of
about2� 3:1. On the otherhand,if we arewilling to losesomeinformation,
we cangain significantlyhighercompressionratio thanthat of losslesscom-
pression.This is so-calledlossycompression(lossycoding). Many analysis
hyperspectralimageapplications,like commonclassificationtools or feature
extractions,canperformreliably [10][21] on imagescompressedto very low
bit rates.Visualizationapplications,suchasimagebrowsing,areableto func-
tion successfullywith lossyrepresentationsaswell. However, hyperspectral
dataisverydifferentfrom otherremotesensingimages,suchasgray-level PAN
images,multi-spectralimages,SAR images,etc.Hyperspectraldatacarryrich
informationin thespectraldomain.A groundsamplepoint in a hyperspectral
datasethasa distinct spectralprofile, which is the fingerprintinformationof
thepoint. Somehyperspectraldatauserswill rely onthespectrumof eachpoint
to createapplicationproductsusingtheir remotesensingalgorithms.Whenwe
compresshyperspectralimages,we would like to preserve theimportantspec-
tral profiles.Furthermore,giventheextraordinaryexpenseof acquiringhyper-
spectralimagery, it makesmoresenseto requirelosslesscodingfor archival
applications.Therefore,in this study, we presentbothlosslessandlossycom-
pressionfor hyperspectralimages.

SomeVectorQuantization(VQ) basedalgorithmswereproposedfor lossy
or losslesshyperspectralimagecompressions.RyanandArnold [23] proposed
mean-normalizedvectorquantization(M-NVQ) for losslessAVIRIS compres-
sion. The samplemeanis scalarquantizedbeforesubtractionfrom the input
vectorsothatany errorin quantizationof themeanis incorporatedinto theerror
vector. Eachblock of theimageis convertedinto a vectorwith zeromeanand
unit standardvariation.Themeanandvariancearescalarquantizedandthein-
putvectoris vectorquantizedfor transmission.M-NVQ resultscomparefavor-
ablywith othercompressiontechniques.Mottaetal. [18] proposedaVQ based
algorithmthatinvolvedlocally optimaldesignof apartitionedvectorquantizer
for theencodingof sourcevectorsdrawn from hyperspectralimages.Picker-
ing andRyan[22] jointly optimizedspatialM-NVQ andspectralDiscreteCo-
sineTransform(DCT) to producecompressionratiossignificantlybetterthan
thoseobtainedby the optimizedspatialM-NVQ techniquealone. Pickering
andRyan’snew techniquecanbeappliedonbothlosslessandlossyhyperspec-



tral compression.An end-useremotesensingapplication,maximumlikelihood
classification(MLC), wasusedto testtheefficiency of thealgorithm. Results
shown thatdistortionsin thedatacausedby thecompressionprocessresultin
only minor lossesin classificationaccuracy. Other thanVQ basedmethods,
Harsanyi andChang[8] appliedPrincipleComponentAnalysis(PCA) on hy-
perspectralimagesto simultaneouslyreducethedatadimensionality, suppress
undesiredor interferingspectralsignature,andclassifythe spectralsignature
of interest.Thisapproachis applicableto bothspectrallypureaswell asmixed
pixels. A trainingsequencebasedentropy constrainedpredictive trellis coded
quantizationschemewasalsoproposedrecentlyby Abouslemanet al. [1] for
hyperspectralimagecompression.All thesealgorithmshavepromisingperfor-
manceonhyperspectralimagecompression.However, noneof themgenerates
embeddedbit stream,andthereforecannotprovide progressive transmission.

To incorporatethe embeddedrequirementand maintainother compres-
sion performances,many promisingimagecompressionalgorithmsbasedon
wavelet transform[17] wereproposedrecently. They aresimple,efficient and
have beenwidely usedin many applications.Oneof themis Shapiro’s Em-
beddedZerotreeWavelet (EZW) [28]. Said and Pearlman[26] refinedand
extendedEZW subsequentlyto SPIHT. IslamandPearlman[11, 12] proposed
anotherlow complexity imageencoderwith similar features– SetPartitioned
EmbeddedbloCK (SPECK).Relatedin variousdegreesto theseearlierworks
on scalableimagecompression,theEBCOT [30] (adoptedasthebasisfor the
JPEG2000imagecompressionstandard)algorithmalsousesa wavelet trans-
form to generatethe subbandsampleswhich are to be quantizedandcoded.
EBCOT standsfor EmbeddedBlock Codingwith OptimizedTruncation,which
identifiessomeof themajorcontributionsof thealgorithm.It is resolutionand
SNR scalableand hasthe randomaccessproperty. EBCOT partitionseach
subbandinto relatively smallblocks(typically,

���������
or 	�
 � 	�
 pixelsare

used),andgeneratesa separatehighly scalable(or embedded)bit streamfor
eachblock. The bit streamscanbe independentlytruncatedto a setof rates
calculatedby abit allocationalgorithmandinterleavedto achieve embedding.

The state-of-the-artencoder, SPIHT, hasmany attractive properties.It is
an efficient embeddedtechnique. The original SPIHT was proposedfor 2-
dimensionalimagecompression,andit hasbeenextendedto 3D applications
by Kim andPearlman[14]. 3D-SPIHTis themodern-daybenchmarkfor three
dimensionalimagecompression.It hasbeenappliedon multispectralimage
compressionby Dragotti et al. [6]. They usevectorquantization(VQ) and



Karhunen-Lóeve transform(KLT) onthespectraldimensionto explorethecor-
relationbetweenmultispectralbands.In thespatialdomain,they usediscrete
wavelettransform,andthe3D-SPIHTsortingalgorithmis appliedonthetrans-
formedcoefficients. Dragottiet al.’s algorithmsarecomparableto 3D-SPIHT
in multispectralimagecompressionin ratedistortionperformance.Applying
KLT onthespectraldomainof multispectralimagesis acceptablebecausemul-
tispectralimagesonly have asmallnumberof bands.However, for hyperspec-
tral imagerysuchasAVIRIS, computingKLT for 224bandsis usuallynotprac-
tical. Fry [7] adopts3D-SPIHTdirectly on hyperspectralimagecompression.
His work demonstratesthespeedandcomputationalcomplexity advantagesof
3D-SPIHT. Resultsshow that3D-DWT is a fastandefficient meansto exploit
the correlationsbetweenhyperspectralbands.We show in this studythat the
lossyversionof 3D-SPIHTalsoguaranteesto preserve thespectralinformation
for remotesensingapplications.

The EBCOT algorithm hasalso beenextendedto 3D applications. An-
nex N of Part II of JPEG2000standard[2] is for multi-componentimagery
compression.3D-DWT is appliedto decorrelatetheseparatecomponentsfor
multi-componentimages.ExtendedJPEG2000partitioningandsortingalgo-
rithm to 3D sourcesis usedto generatetheembeddedbit streams.JPEG2000
multi-componentis agoodcandidatefor hyperspectralimagecompression.We
will compareouralgorithmto multi-componentJPEG2000in thisstudy. Three
DimensionalCubeSplitting EBCOT (3D CS-EBCOT) [27] initially partitions
thewaveletcoefficientprismintoequallysizedsmallcodecubesof 	�
 � 	�
 � 	�

elements.Thecubesplittingtechniqueis appliedoneachcodecubeto generate
separatescalablebit streams.Like EBCOT, the bit streamsmay be indepen-
dently truncatedto any of a collectionof differentlengthsto optimizetherate
distortioncriteria. Xu et al. [35] useda differentmethodto extendEBCOT
to videocoding– Three-DimensionalEmbeddedSubbandCodingwith Opti-
mizedTruncation(3-D ESCOT). They treateachsubbandasa codecubeand
generateembeddedbit streamsfor eachcodecubeindependentlyby usingfrac-
tional bit-planecoding. Candidatetruncationpointsareformedat the endof
eachfractionalbit-plane.

A recentlyproposed2D embeddedwavelet basedcoder, tarp coder[29]
hasalsobeenextendedto 3D for hyperspectralimagecompression[31]. Tarp
filtering operationis employed to estimatethe probability of coefficient sig-
nificancefor arithmeticcoder. 3D tarpcoderis comparableto 3D-SPIHTand
JPEG2000multi-component.



In this study, we extendSPECKto 3D sourcessuchashyperspectralim-
ages.For an imagesequence,3D-DWT is appliedto obtaina wavelet coeffi-
cientprism. Sinceour applicationsarehyperspectralimages,thereis not mo-
tion, but tight statisticaldependency alongthe wavelengthaxis of this prism.
Therefore,3D-DWT canexploit the consequentcorrelationalong the wave-
lengthaxis,aswell asalongthespatialaxes.To startthealgorithm,thewavelet
coefficient prism is partitionedinto small (three-dimensional)code blocks1

with different sizes,and eachsubbandis treatedas a codeblock. Next, an
extendedandmodifiedversionof the SPECKsortingalgorithmis appliedto
thesecodeblocks to sort the significanceof pixels. A block splitting algo-
rithm similar to thecubesplitting algorithmof 3D CS-EBCOT is usedon the
individual codeblocksto testtheir significance.If a codeblock containssig-
nificantcoefficients,it is split into severalsmallersub-blocks.Thedescendant
“significant” blocksarethenfurther split until the significantcoefficientsare
isolated. This block splitting algorithmcanzoomin quickly to areasof high
energy andcodethemfirst andthereforecanexploit thepresenceof significant
high frequency intra-bandcomponents.3D-SPECKexploits detailedunderly-
ing physicalmodelingpropertiesof hyperspectralimages.

This paperis organizedasfollowing: We will first briefly review thedis-
cretewavelet transform,andtheSPIHTandSPECKalgorithmsin SectionII.
Theproposedtechniqueisdescribedin detailin SectionIII. SectionIV presents
experimentalresults,andSectionV concludesthepaper.

2 MATERIAL AND METHODS

2.1 DiscreteWaveletAnalysis

Wavelettransformcodingprovidesmany attractiveadvantagesoverothertrans-
form methods. This motivatesintenseresearchon this area. Many widely
known coding schemessuchas EZW, SPIHT, SPECK and EBCOT are all
wavelet basedschemes.The 9/7 tap biorthogonalfilters [5], which produce
floatingpointwaveletcoefficients,arewidely usedin imagecompressiontech-
niques[26][11][12][14] to generatea wavelet transform. This transformhas
proved to provide excellent performancefor imagecompression.Hence,in
this study, 9/7 tapbiorthogonalfilters will provide thetransformfor our lossy

1It is customaryto call theunit to becodedablock. This terminologyis adoptedherefor the
three-dimensionalblocksin theshapeof rectangularprisms.



implementationof the new algorithm. For losslessimplementations,theS+P
[25] filter will beutilized.

The most frequentlyusedwavelet decompositionstructureis dyadicde-
composition[17]. All codingalgorithmsmentionedabove supportdyadicde-
composition.Occasionally, we needthewaveletpacket decompositionwhich
provides a richer rangeof possibilitiesfor signalanalysis. As hyperspectral
datacarriesrich informationin thespectraldomain,onemaywant to applya
waveletpacket insteadof adyadicwavelettransformonthespectraldomainof
thedata.We testedbothtransformson thespectraldomainfor our algorithm.
For floatingpointfilter implementation,theexperimentsshow thatcomparedto
thedyadictransform,thewaveletpacket transformon spectraldomainyields
averageof 2% increasein compressedfile size for AVIRIS datafor lossless
compressionandaverageof 0.36dB lower SNRfor lossycompressionat rate
0.1 bits per pixel per band(bpppb). Therefore,the typical dyadicdecompo-
sition structurewill be usedfor the floating point filter implementation.For
integer filters, however, the dyadicstructureprovides a transformthat is not
unitary, so we needto apply a wavelet packet structureand scaling(by bit
shifts)of thewaveletcoefficientsto make thetransformunitary. More specif-
ically, for spatialaxes,we still maintainthe 2D dyadicwavelet transformfor
eachslicewith scalingof theintegerwaveletcoefficients;for spectralaxis,we
usea 1D packet structure,andagainwith scalingof the integerwavelet coef-
ficients. This packet structureandscalingmake the transformapproximately
unitary.

2.2 The SPIHT Algorithm

Both SPIHT andSPECKalgorithmsarehighly ef ficient encoders.They are
low in complexity, fastin encodinganddecoding,andarefully embedded.

The SPIHT algorithm is the modern-daybenchmark. It is essentiallya
wavelet transform-basedembeddedbit-planeencodingtechnique.SPIHTpar-
titions transformedcoefficientsinto spatialorientationtreesets(Fig. 1) based
on thestructureof themulti-resolutionwaveletdecomposition[26].

A transformedcoefficient with larger magnitudehas larger information
contentandthereforeshouldbetransmittedfirst [26][28]. SPIHTsortscoeffi-
cientsandsendsthemin orderof decreasingmagnitude.As anexample,if the
largestcoefficient magnitudein thesourceis 100,SPIHTbeginssortingfrom
theroot coefficientsto their descendants(asshown in Fig. 1, pixels in theroot
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Figure1: 2D Spatialorientationtree

caneitherhavenoor four directdescendants)to find outsignificantcoefficients
againstthehighestbit planewith ��
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	 , where)  �" $ standsfor thecoefficient locatedon thecoordinate��687:9�* . In other
words,thosecoefficientswith magnitudesgreaterthanor equalto

�<;
aresaidto

besignificantwith respectto �=
>	 andwill betransmitted.After finishingthe
transmissionof all significantpixelswith respectto

�<;
, SPIHTdecreases� by

one( ��
?�A@B2C
>D ) to testthesignificanceof thenext lowerbit plane.It then
finds andtransmitscoefficientswith

�<E�F ' )  �" $ 'HG � ;
. Eachtime (exceptthe

first time) SPIHTfinishessortingonebit plane,it checkswhetherit foundany
significantcoefficientsonthehigherplanes.If so,SPIHToutputsthe �JILK most
significantbits of thosecoefficients. This processwill berepeatedrecursively
until eitherthedesiredrateis reachedor all coefficientshave beentransmitted.
As a result,SPIHTgeneratesbit streamsthatareprogressively refined.

Oneof the main featuresof SPIHT is that the encoderanddecoderhave
thesamesortingalgorithm. Therefore,theencoderdoesnot needto transmit
theway it sortscoefficients.Thedecodercanrecover theorderinginformation
from the executionpath,which is put into the bit-streamthroughthe binary
outputsof thesignificancetests.

2.3 The SPECK Algorithm

TheSPECKalgorithmhasits rootsprimarily in theideasdevelopedin SPIHT
andthereforehasmany featuresandpropertiessimilar to SPIHT. Thesetwo
algorithmsarebothwaveletbasedtechniques,andthe transformedimagesall
have hierarchicalpyramidalstructures.Their differencelies in theway of par-
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Figure2: SetPartitioningrulesfor SPECKalgorithm

titioning the wavelet coefficients. As statedabove, SPIHT partitionswavelet
coefficients into spatialorientationtree setsand sortscoefficients along the
treesaccordingto theresultsof significancetests.On theotherhand,SPECK
partitionswavelet coefficients into blocksandsortscoefficients by usingthe
quadtreepartitioningalgorithmto bedescribed.

As shown by solid lines in Figure2, SPECKstartsby partitioningtheim-
ageof transformedcoefficientsinto two sets:theset M which is the root (the
topmostband)of thepyramid,andset N which is everythingthat is left of the
imageafter taking out the root. Then,SPECKsortsthe coefficientsby test-
ing thesignificanceof set M first. Thesetis declaredsignificantif thereis at
leastonesignificantcoefficient in this set. If M is foundto besignificantwith
respectto the currentbit plane � (the highest“1” is in this plane),it will be
partitionedinto four subsetsOP��MQ* (dottedlines in Fig. 2), with eachsubset
having approximatelyone-fourththesizeof theparentset M . This procedure
is calledquadtreepartitioning.Then,SPECKtreatseachof thesefour subsets
astype M setandappliesthequadtreepartitioningrecursively to eachof them
until significantpixels arelocated. After finishing testingof the type M sets,
theoctave bandpartitioningis appliedto testtype N sets.More specifically, ifN setis foundto besignificant,it will bepartitionedinto threetype M setsand
onetype N setasshown in Fig. 2 with dashedlines. Thequadtreepartitioning
andoctavebandpartitioningwill beappliedto thesenew setsrespectively until
significantpixels areisolated.Both quadtreeandoctave bandpartitioningal-
gorithmscanzoomin quickly to areasof high energy andthereforecodethem



first. By theendof thefirst pass,many type M setsof varyingsizesweregen-
erated,andin the next pass,SPECKwill checktheir significanceagainstthe
next bit planeaccordingto their sizes.This processwill berepeatedto testthe
LIS in thesameway at thenext lower thresholduntil eitherthedesiredrateis
reachedor all coefficientshave beentransmitted.

3 The 3D-SPECKAlgorithm

In this section,we presentthe3D-SPECKcodingalgorithm. We describethe
set-upandterminologyfirst, followedby themainbodyof thealgorithm,some
detaileddiscussions,andthegeneral3D integerwaveletpackettransformstruc-
tureimplementationthatallows bit shifting of waveletcoefficientsto approxi-
matea3D unitarytransformation.

3.1 Set-upand Terminology

Considera hyperspectralimagesequencewhich hasbeenadequatelytrans-
formedusingthediscretewavelettransform(canbeeitheranintegeror floating
point wavelet transform).Thetransformedimagesequenceis saidto exhibit a
hierarchicalpyramidalstructuredefinedby the levels of decomposition,with
the topmostlevel being the root. Figure 3 illustratessucha structurewith
three-level decomposition.Thefinestpixelslie at thebottomlevel of thepyra-
mid while thecoarsestpixels lie at thetop (root) level. Theimagesequenceis
representedby anindexedsetof transformedcoefficients )  �" $8" R , locatedatpixel
position ��687:9�7TSU* in thetransformedimagesequence.

Pixels aregroupedtogetherin setswhich compriseregions in the trans-
formedimages.Unlike 2D-SPECK,3D-SPECKhasonly onetype of set: M
set.Wesayaset M is significantwith respectto � , if������V �" $T" R4%�WYX ' )  #" $T" R 'QZ ��[

(1)

Where )  �" $T" R denotesthetransformedcoefficientsat coordinate��687:9\7TSU* . Other-
wiseit is insignificant.Forconvenience,wecandefinethesignificancefunction
of aset M as:] [ ��M^*_
 ` 2 acb�d � [ F ����� �V �" $T" R4%�WYX ' )  #" $T" R 'eG � [<fhg3 ajik�Ll8i (2)
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Figure3: Structurefor 3D-SPECK.

3D-SPECKmakesuseof rectangularprismsin thewavelettransform.Each
subbandin thepyramidalstructureis treatedasa codeblock or prism,hence-
forth referredto assetsM , andcanbeof varyingdimensions.Thedimensionof
a set M dependson thedimensionof theoriginal imagesandthesubbandlevel
of thepyramidalstructureat which thesetlies. We definethesizeof a setto
bethenumberof elementsin theset.

3D-SPECKmaintainstwo linkedlists:m LIS – List of InsignificantSets.This list containsM setsof varyingsizes.m LSP – List of SignificantPixels.This list containspixelsthathave been
foundsignificantagainstacertainthreshold� .

3.2 The Algorithm

Having set up and definedthe terminologyusedin the 3D-SPECKcoding
method,we arenow in a position to understandthe main body of the actual
algorithm.

Themainbodyof 3D-SPECKconsistsof four steps:theinitializationstep;
the sortingpass;the refinementpass;andthe quantizationstep. Thesesteps



call two functions,ProcessS()andCodeS(),which aredescribedin detail in
thefollowing.

Thealgorithmstartsby addingall setsM to theLIS.

1. Initializationm Output ��
����L��� � ��������'�)  #" $T" R 'n*-,m SetLSP= om SetLIS = p all subbandsof transformedimagesof wavelet coeffi-
cients q

2. Sorting Pass

In increasingorderof sizeof sets,for eachset Msr LIS, ProcessS( M )

ProcessS( M )p m Output
] [ ( M ) (Whetherthesetis significantrespectto current� or

not)m if
] [ ( M ) = 1

– if M is apixel, outputsignof M andadd M to LSP

– elseCodeS( M )

– if Mtr LIS, remove M from LISq
CodeS( M )p m Partition M into eight approximatelyequalsubsetsO ( M ). For the

situationthattheoriginal setsizeis odd
�

odd
�

odd,we canpar-
tition this kind of setsinto differentbut approximatelyequalsizes
of subsets(seeFig 4). For the situationthat the sizeof the third
dimensionof the set is 1, we canpartition the set into 4 approxi-
matelyequalsizesof subsets.m For eachO ( M )

– Output
] [ ( O ( M ))



Figure4: Partitioningof set M
– if

] [ ( O ( M )) = 1u if O ( M ) is a pixel, outputsign of O ( M ) andadd O ( M ) to
LSPu elseCodeS( O ( M ))

– elseu add O ( M ) to LISq
3. RefinementPass

For eachentry ��687:9�7TSU*�r LSP, exceptthoseincludedin the last sorting
pass,outputthe � ILK MSB of '�)  �" $T" R ' .

4. Quantization Step

Decrement� by 1 andgo to step2.

Theinitial setsM in theLIS arethesubbandsof the3D waveletdecomposi-
tion. In thefirst passat thehighest� , 3D-SPECKteststhesignificanceof setsM in the LIS following the orderof lowpassbandsto highpassbands.As an
example,for one-level decomposition,thescanningorderis LLL, LHL, HLL,
LLH, HHL, HLH, LHH, HHH. For higherlevel decomposition,thescanning
pathstartsfrom the top of the pyramid down to its bottomby following the
sameorderfrom lowpassbandsto highpassbands.



ProcessSandCodeSareextensionsof thetwo-dimensionalproceduresPro-
cessSandCodeSof SPECK.3D-SPECKprocessesatype M setby callingPro-
cessSto test its significancewith respectto a threshold� . If not significant,
it staysin theLIS. Otherwise,ProcessSwill call CodeSto partitionset M into
eight approximatelyequalsubsetsO ( M ) (Fig 4). 3D-SPECKthentreatseach
of thesesubsetsasnew type M set,andin turn, teststheir significance.This
processwill be executedrecursively until reachingpixel level wherethe sig-
nificant pixel in the original set M is located. The algorithm then sendsthe
significantpixel to the LSP, outputsa bit 1 to indicatethesignificanceof the
pixel, andoutputsanotherbit to representthesignof thepixel.

After finishedthe processingof all setsin the LIS, 3D-SPECKexecutes
the refinementpass.Thealgorithmoutputsthe �JILK mostsignificantbit of the
absolutevalueof eachentry ��687:9\7TSU* in the LSP, exceptthoseincludedin the
just-completedsortingpass.Theprocedurerefinessignificantpixelsthatwere
foundduringpreviouspassesprogressively.

Thelaststepof thealgorithmis to decrease� by 2 andreturnto thesorting
passof thecurrentLIS, makingthewholeprocessrun recursively.

Thedecoderis designedto havethesamemechanismastheencoder. Based
on theoutcomeof thesignificancetestsin thereceivedbit stream,thedecoder
canfollow exactly thesameexecutionpathastheencoderandthereforerecon-
structtheimagesequenceprogressively.

3.3 ProcessingOrder of Sets

During thesortingpass,weclaim thatsetsshouldbetestedin increasingorder
of size. This follows theargumentin [11, 12]. After thefirst pass,many sets
of type M of varyingsizesaregeneratedandaddedto theLIS. For instance,the
algorithmsearchesaset M andfindssomesignificantpixelsagainstthecurrent
threshold� belongingto set M . Neighboringpixels in set M not found to be
significantin the currentpassandsentto the LIS arevery likely to be found
assignificantagainstthenext lower threshold.Furthermore,our experiments
show thata large numberof setswith sizeof onearegeneratedafter thefirst
iteration.Therefore,testingsetsin increasingorderof sizecantestpixel level
first andlocatenew significantpixelsimmediately.

Wedonotuseany sortingmechanismtoprocesssetsof type M in increasing
order of their sizes. Even the fastestsorting algorithm will slow down the
codingproceduresignificantly. This is not desirablein fastimplementationof



coders. However, therearesimplewaysof completelyavoiding this sorting
procedure.SPECKusesan arrayof lists to avoid sorting,whereaswe usea
differentandsimplerapproachto achieve thisgoal.3D-SPECKonly maintains
onelist insteadof anarrayof lists.

Notethattheway setsM areconstructed,they lie completelywithin a sub-
band.Thus,every set M is locatedat a particularlevel of thepyramidalstruc-
ture. Eachtime thealgorithmpartitionsa set M , it generateseightsmallersets
in approximateequalsizes,andthesizesof thesesetsM correspondsto ahigher
level of thepyramid.Basedon this fact,to processsetsof type M in increasing
orderof their sizes,we only needto searchthesameLIS several timesat each
iteration. Eachtime we only testsetswith sizescorrespondingto a particular
level of thepyramid. This implementationcompletelyeliminatestheneedfor
any sorting mechanismfor processingthe sets M . Thus, we can test setsin
increasingorderof sizewhile keepingouralgorithmrunningfast.

3.4 Entropy Coding

As with othercodingmethodssuchasSPIHTandSPECK,theefficiency of our
algorithmcanbeimprovedby entropy-codingits output[16][20][24][30]. We
usetheadaptive arithmeticcodingalgorithmof Witten et al. [32] to codethe
significancemap.Referringto thefunctionCodeSin our algorithm,insteadof
codingthesignificancetestresultsof theeightsubsetsseparately, wecodethem
togetherfirst beforefurtherprocessingthesubsets.Simplecontext is applied
for conditionalcodingof thesignificancetestresultof thissubsetgroup.More
specifically, weencodethesignificancetestresultof thefirst subsetwithoutany
context, but encodethesignificancetestresultof thesecondsubsetby usingthe
context (whetherthefirst subsetis significantor not) of thefirst codedsubset
and so on. Other outputsfrom the encoderare entropy codedby applying
simplearithmeticcodingwithout any context.

Also, we make thesameargumentasSPECKthat if a set M is significant
andits first sevensubsetsareinsignificant,thenthis meansthat thelastsubset
mustbe significant. Therefore,we do not needto testthe significanceof the
last subset. This reducesthe bit ratesomewhat and provides corresponding
gains.

We have chosenherenot to entropy-codethe sign andmagnituderefine-
mentbits, assmallcodinggainsareachievedonly with substantialincreasein
complexity. TheSPECKvariant,EZBC [9], haschosenthis route,alongwith



a morecomplicatedcontext for thesignificancemapquadtreecoding.Theap-
plicationwill dictatewhetherthe increasein codingperformanceis worth the
addedcomplexity.

3.5 Computational Complexity and Memory

3D-SPECKhaslow computationalcomplexity. Thealgorithmis very simple,
consistingmainly of comparisons,anddoesnot requireany complex compu-
tation. Sincethe analysisin detail hasalreadybeendonein [11] and [12],
we do not repeatit here. Readersare referredto thesetwo papersfor more
information.

3D-SPECKalsohaslow dynamicmemoryrequirements.At any giventime
duringthecodingprocess,only oneconnectedprismis processed.

3.6 ScalingWaveletCoefficientsby Bit Shifts

The integer filter transformwith dyadic decompositionstructureis not uni-
tary. This doesnot affect theperformanceof losslesscompression.However,
to achieve goodlossycodingperformance,it is importantto have an unitary
transform.If thetransformis not unitary, thequantizationerror in thewavelet
domainis, thus,notequalto themeansquarederror(MSE)in thetimedomain.
Therefore,the lossycodingperformancewill be compromised.Appropriate
transformstructureandscalingthe integer wavelet coefficientscanmake the
transformapproximatelyunitarybeforequantization.It is thereforepossibleto
keeptrackof thefinal quantizercodingerrorwith theintegertransform.

Weadoptthetransformstructurementionedin [34]. As shown in Figure5,
a 4-level 1D waveletpacket treestructureis appliedon thespectralaxis. The
scalingfactorsfor eachsubbandis indicatedin thefigure.As eachscalingfac-
tor is somepower of two, we canimplementthescalingfactorby bit shifting.

For the spatialaxes, we keepthe same2D dyadic wavelet transformto
eachslice. As shown in Figure6, 4-level dyadicdecompositionstructurewith
scalingfactorfor eachsubbandis plotted. Eachof thescalingfactorsis some
power of two andthereforecanbeimplementedby bit shifting.

To summarize,the3D integerwaveletpacket transformweusehereis first
to apply1D packet decompositionandbit shifting alongthespectralaxis,fol-
lowed by the basic2D dyadic decompositionand bit shifting on the spatial
axes. An exampleis shown in Figure7, wherescalingfactorsassociatedwith
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Figure5: 1D wavelet packet structurealongthe spectralaxis that makesthe
transformapproximatelyunitaryby shiftingof theintegerwaveletcoefficients.

somesubbandsare indicated. The factorsare the multiplicationsof the cor-
respondingscalingfactorsin Fig. 5 andFig. 6. Theactualimplementationof
scalingfactorsis to shift all coefficients to somepositive numbersof power
two. In otherwords,for our case,all factorsusedin the implementationare
four timesof thefactorsshown in Fig. 7. This3D integerwaveletpacketstruc-
turemakesthetransformapproximatelyunitary, andthusleadsto muchbetter
lossycodingperformance.

3.7 ResolutionProgressive3D-SPECK

Althoughthesubbandtransformstructureis inherentlyscalableof resolution,
mostembeddedcodersin theliteratureareunableto efficiently provide resolu-
tion scalablecodestreams.This is a consequenceof entanglementin coding,
modeling,anddatastructureacrossdifferentresolutions.As anexample,EZW
and SPIHT, the classicalzerotreecoderswith individual zerotreesspanning
severalsubbandscalesarenotefficient for resolutionscalablecoding.

However, we canmodify our implementationof 3D-SPECKquite easily
to enableresolutionscalability. The ideais just to run the 3D-SPECKalgo-
rithm oneachsubbandseparately. Insteadof maintainingthesamesignificance
thresholdacrosssubbandsuntil weexhaustthem,wemaintainseparateLIS and
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LSPlists for eachsubbandandproceedthroughthe lower thresholdsin every
subbandbeforemoving to the next one. Therefore,we generatean arrayof
lists, pwvHxzy1{�q and pwv}|~x�{\q , whereS is thesubbandindex. Wemovethroughthe
subbandsin thesameorderasbefore,from lowestto highestscale.Therefore,
we cantruncatethebit streamcorrespondingto a reducedscaleanddecodeto
thatscale.

The generationof thebit streamsuccessively by subbandsin orderof in-
creasingscaleis illustratedin Figure8 for a two level dyadicdecomposition
into ��
c2kD subbands.The codestreamfor eachsubbandis SNR scalable,
andthefull bit streamis resolutionscalable,becauseit canbeterminatedatany
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Figure8: Bitstreamstrucureof resolutionprogressive 3D-SPECK

subbandcorrespondingto lower thanfull scaleandbedecodedto thatscale.
In ordertoeffectmulti-resolutiondecoding,bit streamboundariesaremain-

tainedbetweensubbands.Adaptive arithmeticcodingmodelsareaccumulated
from sampleswithin thesameresolutionscale.Finally, themodelingcontexts
do not includeany neighborfrom thefiner scales.Theseconditionsguarantee
thedecodabilityof thetruncatedcodestream.

Although the full bit streamis resolutionprogressive, it is now not SNR
progressive. Thebit streamsin thesubbandsareindividually SNRprogressive,
so the bits belongingto the samebit planesin different subbandscould be
interleaved at the decoderafter truncationto the desiredscaleto producean
SNRscalablebit stream.

For the SNR progressive coding mode, the bits are allocatedoptimally
acrosssubbands,accordingto the significancethresholdof the coefficients.
But, for the resolutionprogressive mode,for a given target bit rate,we need
now to applyanexplicit bit allocationalgorithmto assigndifferentbit ratesto
differentsubbandsto minimizemeansquarederror. Thesolutionis thesame
rate-distortionslopefor every subbandreceiving non-zerorate.Thatslopede-
pendsonthetargetrate.JPEG2000usesover-codingto somehighratein every
codeblockandcalculatestheserate-distortionslopeswhile encoding.Thenthe
bit streamin eachcodeblockis truncatedto thecorrectpointin aniterativepro-
cedure.

For thesakeof expediency, weadoptadifferentprocedure[37, 36] to solve
therateallocation.Let usassumethat thesubbandsarenumberedacordingto
decreasingvarianceto size ratio � �R�� � R , S�
�2<7 � 74�4�4��78� . At low rates,the
subbandsnumberedfrom somesubband,say � , to � , will receive zerorate.



Thus,if thefirst � subbandsobtainanonzerorate,theoptimumrateallocation
is �

R 
 ` ����:� �.��� g� �������^�Y���� [ �� �� 7�2 F S F �3z7 �cG�S F � (3)

where� �� is asizeweightedgeometricmeanof thevariancesof thefirst �
subbandsandis definedas

� �� 
�� ��R�� g ��� �R � � R * [ �k� g � �J�-� �
where � R is thenumbercoefficientsin subbandS and  ¢¡ " � 
¤£ �R4� g � R is

thenumberof coefficientsin thefirst � subbands.
In orderto find � , we usethefollowing iterative procedure.

1. Set �¥
?� .

2. AllocaterateusingEquation3.

3. If all � bandsareallocatednon-negative rates,therateallocationis com-
plete.Otherwise,decrement� by 1 andgo to step2.

To decodetheimagesequenceto aparticularlevel atagivenrate,we need
to encodeeachsubbandat a higherrateso that thealgorithmcantruncatethe
sub-bitstreamto the assignedrate. However, unlike the JPEG2000method,
with this methodwe canachieve the target rateat theencodingstagewithout
over-coding.

4 Numerical Results

Weperformedcodingexperimentsonthreesigned16-bitreflectanceAVIRIS
imagevolumes.AVIRIS has224bandsand614

�
512pixel resolutionthatcor-

respondsto anareaof approximately11 km
�

10 km on theground.We have
1997runsof Moffett Field scene1 and3 andJasperRidgescene1. For our
experiments,wecroppedeachsceneto 512

�
512

�
224pixels.



Coding MethodsFile
3D- 3D- JP2K- 2D- JPEGName

SPECK SPIHT Multi SPIHT 2000

moffett scene1 6.9102 6.9411 7.1748 7.9714 8.7905
moffett scene3 6.8209 6.7402 7.0021 7.5847 7.7258
jasperscene1 6.7014 6.7157 6.8965 7.9770 8.5860

Table1: Comparisonof methodsfor Losslesscodingof test16 bit imagevol-
umes.Thedataaregivenin bits perpixel perband(bpppb),averagedover the
entireimagevolume.

4.1 Comparison of LosslessCompressionPerformance

Table1 presentsthelosslessperformancesof 3D-SPECK,3D-SPIHT3, JPEG-
2000multi-component(JP2K-Multi)[13], 2D-SPIHTandJPEG2000[13]. JP2K-
Multi is implementedfirst by applying the S+Pfilter on the spectral(wave-
length)dimensionandis thenfollowedby applicationof thetwo-dimensional
JPEG2000on the spatial dimensions. S+P integer filters are usedfor 3D-
SPECK,3D-SPIHTand2D-SPIHT, while for JPEG2000,theintegerfilter (5,3)
[4] is used.Forall 3D algorithms,including3D-SPECK,3D-SPIHTandJP2K-
Multi, theresultsof AVIRIS dataareobtainedby codingall 224bandsasasin-
gle unit, andfor thetwo 2D algorithms,theresultsareobtainedby first coding
theAVIRIS databandby bandandthenaveragingover theentirevolume.

Overall,3D algorithmsperformbetterthan2D algorithms.Comparedwith
2D-SPIHTandJPEG2000,3D-SPECKyields,on average,13.1%and18.6%
decreasesin compressedfile sizesfor AVIRIS testimagevolumes.3D-SPECK
and 3D-SPIHT are fairly comparableas their resultsare quite close. They
both out performthe benchmarkJPEG2000multi-component,averagedover
the three imagevolumes,by 3.0% and 3.2% decreasesin file size, respec-
tively. Surprisingly, consideringits considerablyhighercomplexity, JPEG2000
is notasefficientas2D-SPIHT. As shown in thetable,2D-SPIHTalwaysyields
smallerbitsperpixel perband(bpppb)thanthatof JPEG2000.

3Weusesymmetrictree3D-SPIHThere.



4.2 Comparison of LossyCompressionPerformance

As we statedabove, many hyperspectralimageapplicationscanperformreli-
ably on imagescompressedto very low bit rates.Therefore,we presentlossy
versionsof our algorithmaswell by comparingthe performanceswith other
lossyalgorithms.

Toquantifyfidelity, thecodingperformancesarereportedusingrate-distortion
results,by meansof Signal-to-Noiseratio for thewholesequence(SNR):xz¦.§¨
©243ª����� g:«j¬h­® xz¯�°U± (4)

where ¬}­ is the averagesquaredvalue (power) of the original AVIRIS se-
quence,and

® xz¯ is themeansquarederrorover theentiresequence.
We presentthe lossy compressionperformanceof 3D-SPECKby using

both integer filter implementation,which enableslossy-to-losslesscompres-
sion,andfloatingpoint filter implementation,which providesbetterlossyper-
formance. For both implementations,the coding resultsare comparedwith
3D-SPIHTandJP2K-Multi.

Therate-distortionresultsfor 3D-SPECK,3D-SPIHT, andJP2K-Multi in-
teger implementationsarelisted in Table2 for our threetest imagevolumes.
For eachalgorithm with a desiredbit rate, we truncatethe sameembedded
informationsequenceobtainedin section4.1 at appropriatepointsandrecon-
structthedatato thecorrespondingaccuracy. If no informationlossis allowed,
thewholeembeddedsequencewill beusedto fully recover theoriginal image
volume.

Overall, both 3D-SPECKand3D-SPIHTperformbetterthanJPEG2000
multi-component,providing higherSNRall the time. For all threetestimage
volumes,theresultsshow that3D-SPECKis comparableto 3D-SPIHT, being
slightly worsefor moffett scene3, but slightly betterfor moffett scene1 and
jasperscene1.

Table3 shows the rate-distortionresultsof the lossyimplementationsfor
3D-SPECK,3D-SPIHTandJPEG2000multi-component.All resultsareob-
tainedby usingall 224bandsasa singlecodingunit and5-level pyramidde-
compositionswith the9/7 tapbiorthogonalfilters andusinga reflectionexten-
sionat theimageedges.Sinceeverycodecis embedded,theresultsfor various
bit ratescanbeobtainedfrom asingleencodedfile. Comparingwith integerfil-
ter resultsatdifferentreconstructionrates,3D-SPECKand3D-SPIHTfloating
point implementationshave betterperformances,bothyielding approximatea



SNR(dB) vs. Rate (bpppb)Method
0.1 0.2 0.5 1.0 2.0 4.0

moffett scene1

3D-SPECK 15.717 20.778 29.199 37.284 44.731 54.605
3D-SPIHT 15.509 20.605 29.105 37.198 44.671 54.544
JP2K-Multi 14.770 19.655 27.999 36.312 44.460 53.686

moffett scene3

3D-SPECK 10.622 16.557 25.998 34.845 42.002 49.721
3D-SPIHT 10.828 16.740 26.102 34.946 42.094 49.892
JP2K-Multi 10.264 15.952 25.208 33.835 41.535 49.240

jasperscene1

3D-SPECK 19.022 22.675 30.400 36.697 43.622 51.857
3D-SPIHT 18.905 22.553 30.279 36.647 43.566 51.742
JP2K-Multi 17.825 21.869 29.035 36.039 42.516 51.124

Table2: Comparativeevaluationtheratedistortionsof integerfilter versionsof
3D-SPECK,3D-SPIHTandJPEG2000multi-component.

rangeof 1.5to 3.5dB higherSNR.For JPEG2000multi-component,thegains
over theintegerfilter implementationaresmaller. 3D-SPECKand3D-SPIHT
arecompetitive asthey demonstratequite closerate-distortionsresultsfor all
AVIRIS sequences.3D-SPECKperformsslightly worsefor moffett scene3
but slightly betterfor moffett scene1 andjasperscene1. JPEG2000is again
worsethanthe3D-SPIHTand3D-SPECKin all trials.

Thesecodinggainswill producebetterperformancefor hyperspectralap-
plications.Therefore,for hyperspectralapplicationssuchasclassificationand
featureextraction that can function reliably with lossy representations,the
floatingpointerfilter versionis abetterchoice.

4.3 ResolutionProgressive3D-SPECKResults- Floating Point Fil-
ters

As before,thecodingperformancesof resolutionprogressive 3D-SPECKare
reportedin signal-to-noiseratio (SNR),usingmeansquareerror(MSE)calcu-



SNR(dB) vs. Rate (bpppb)Method
0.1 0.2 0.5 1.0 2.0 4.0

moffett scene1

3D-SPECK 16.671 21.520 29.913 38.595 47.178 55.574
3D-SPIHT 16.570 21.461 29.880 38.539 47.136 55.527
JP2K-Multi 15.286 19.920 28.194 36.558 45.430 55.177

moffett scene3

3D-SPECK 12.604 17.983 26.988 35.370 44.095 50.786
3D-SPIHT 12.924 18.249 27.277 35.620 44.371 51.037
JP2K-Multi 10.791 16.810 25.822 33.439 38.778 40.826

jasperscene1

3D-SPECK 19.702 23.658 31.750 38.552 45.997 52.361
3D-SPIHT 19.589 23.586 31.480 38.363 45.853 52.261
JP2K-Multi 18.246 22.172 29.813 36.625 43.369 51.963

Table3: Comparative evaluationtheratedistortionsof floatingpointfilter ver-
sionsof 3D-SPECK,3D-SPIHTandJPEG2000multi-component.

latedover thewholesequence.
Figure9 shows thereconstructedband20 of jasperscene1 decodedfrom

a single scalablecodestreamat a variety of resolutionsat 0.5 bpppb. The
SNR valuesfor 0.5 bpppbfor thewhole sequencearelisted in Table4 along
with resultsof otherbit rates.Thecorrespondingbit budgetfor theindividual
resolutionsareprovided in Table5. We canseethat thecomputationalcostof
decodingreducesfrom oneresolutionlevel to thenext lower one.

The SNR valueslisted in Table4 for low resolutionimagesequencesare
calculatedwith respectto the referenceimagegeneratedby the sameanaly-
sis filter bankandsynthesizedto the samescale.The total bit costdecreases
rapidly with a reductionin resolution.However, the imagequality is increas-
ingly degradedfrom oneresolutionto the next lower one. If we look at the
sampleimagesin Fig. 9, when the reconstructedsequencesarepresentedat
samedisplayresolution,theperceiveddistortionfor viewing asampleimageat
half resolutionis equivalentto thatat full resolutionbut from twice a distance.
Thelow resolutionsequencescanthusallowedto becodedrelatively coarsely.



Figure9: A visualexampleof resolutionprogressive3D-SPECKusingfloating
point wavelet transform.Fromleft to right: 1/8 resolution,1/4 resolution,1/2
resolution,at 0.5bpppbandfull resolution(original).

Themulti-resolutioncodingwith sucha perceptualconcepthasbeenreported
in [9].

4.4 ResolutionProgressive3D-SPECKResults- Integer Filters

Thebasicfunctionof integerfilter implementationof resolutionprogressive is
thesameasthefloatingpoint implementation.Thedifferenceis thattheformer
onesupportslossy-to-losslessencoding/decoding, andthuslossyandlossless
reconstructionscanbegeneratedfrom thesameembeddedbit stream.

Again we usetheAVIRIS jasperscene1 asanexample.Codingtheentire
sequenceasoneunit, theGOFthenis 224. To assessthevisualquality of the
reconstructedsequence,we show onebandof thesequence.Figure10 shows
the reconstructedband20 of jasperscene1 losslesslydecodedat a variety of
resolutions.

For thelossyreconstructionfrom thesamebit stream,Table6 liststheSNR
resultsof thewholejasperscene1 sequencereconstructedto differentresolu-
tion levelsat differentbit rates.TheSNRvaluesdecreasefrom oneresolution



SNR (dB) vs. scaleBit Rate (bpppb)
1/8 1/4 1/2 Full

0.1 8.46 12.94 16.75 19.29
0.5 18.29 23.04 27.24 31.53
1.0 21.97 26.41 31.97 38.37
2.0 29.02 34.15 39.61 45.82

Table4: SNR in dB for coding jasperscene1 at a variety of resolutionand
coding bit ratesusing resolutionprogressive 3D-SPECKwith floating point
filters.

Bit budget (Kbits) vs. scaleBit Rate (bpppb)
1/8 1/4 1/2 Full

0.1 11 91 734 5872
0.5 57 459 3670 29360
1.0 115 918 7340 58720
2.0 229 1835 14680 117441

Table5: Correspondingbit budgetsfor Table4

to thenext lowerone.If we look at thesampleimages,whenthereconstructed
sequencesarepresentedatsamedisplayresolution,theperceiveddistortionfor
viewing a sampleimageat half resolutionis equivalent to that at full resolu-
tion but from twice a distance.Theseresultsaresimilar to the floating point
3D-SPECKresults. However, comparingto the valueslisted in Table9, we
could seethat the floating point implementationperformsbetterthan the in-
tegerfilter implementationon lossyimagecompression,demonstratinghigher
SNRvaluesat thesamebit rates.

Table7 lists the relatedCPU timesfor Table6 at the percentagesof de-
codingtime of losslessdecodingat full resolution.We canseethat the com-
putationalcostof decodingreducesfrom oneresolutionlevel to thenext lower
one.



Figure10: A visual exampleof resolutionprogressive 3D-SPECKwith inte-
ger wavelet transform. From left to right: 1/8 resolution,1/4 resolution,1/2
resolution,andfull resolution(original).

4.5 The Coding Gain

We wish to establishtheeffectivenessof extensionof SPECKfrom 2D to 3D.
We usejasperscene1 asan exampleto show the lossycompressionperfor-
manceof 2D-SPECKand3D-SPECK.

Table8 shows theratedistortionsresultsby comparingthe resultsof 3D-
SPECKand 2D-SPECK.The gap between3D-SPECKand 2D-SPECKhas
theapproximaterangeof 12to 26dB SNR,all dependingondifferentbit rates.
Thisdemonstratesthebig benefitof using3D algorithm.3D algorithmexploits
thecorrelationsalongthespectralaxisandthereforeachievesmuchbettercod-
ing performance.

4.6 Spectral Profile Integrity and ClassificationPerformance

As the most important information for hyperspectralusersis the spec-
tral profile, we illustratethe performancefor the integer filter versionof 3D-
SPECKby plotting the original spectralprofiles of individual pixels, along
with associatedreconstructedanderrorprofiles.Figure11 andfigure12 show



SNR (dB) vs. ScaleBit Rate (bpppb)
1/8 1/4 1/2 Full

0.1 7.92 12.20 16.27 18.75
0.5 17.72 22.25 26.95 30.30
1.0 21.13 25.86 30.78 36.52
2.0 28.62 33.36 38.94 43.22

Table6: SNR valuesin dB for coding jasperscene1 at a variety of resolu-
tion andcodingbit ratesusingresolutionprogressive 3D-SPECKwith integer
filters.

the profiles for oneasphaltpixel andonevegetationpixel of Jasperscene1,
respectively. Thespectralprofilesarepreserved excellentlyeven at 1.0 bppp,
with only several larger valuesof errorsoccurat the spectralvalleys around
bands160 and224. The largesterror correspondsto 2.4% of the maximum
value. Increasingthebit rate,theerror (difference)valuesdrop quickly. The
absolutevaluesof errorsarealreadywithin 25 at 2.0 bppp,correspondingto
0.7%and0.6%of themaximumvaluesfor asphaltpixel andvegetationpixel,
respectively. For bit rateof 4.0bppp,asshown in Figure11andFigure12, the
differencesbetweentheoriginal profilesandthereconstructedonesarebarely
distinguishable,andtheerrorsareverysmall.

To addresshow our compressionalgorithmimpactsremotesensingappli-
cations,it is importantto provideanexperimentfor anend-useapplication.We
usea well-known remotesensingclassificationmethod,SpectralAngle Map-
per(SAM) [3], to testtheproposedalgorithm3D-SPECKaswell as3D-SPIHT
andJPEG2000multi-component(JP2K-Multi). SAM determinesthesimilar-
ity of the original and reconstructedspectrumby computingthe normalized
innerproductbetweenthetwo spectra.We assumefirst that theclassification
on theoriginal imageis correct,andthenreporttheclassificationperformance
aspercentageof “correctly” classifiedpixels. In other words,we report the
percentageof pixelswhoseclassificationis thesameby usingboththeoriginal
andreconstructedspectrum.

Table9 lists theclassificationresultsfor threeclasses(asphalt,vegetation
andwater)of Jasperscene1. All algorithmstestedhereareintegerfilter imple-
mentations.Wecanseethattheclassificationtasksinvestigatedarerobustwith



Decodingtime (%) vs. scaleBit Rate (bpppb)
1/8 1/4 1/2 Full

0.1 0.23 1.59 3.17 3.44
0.5 0.25 1.64 13.22 13.52
1.0 0.28 1.69 13.23 34.77
2.0 0.33 1.84 13.28 70.44

lossless 0.43 2.19 13.52 100

Table7: Decodingtimes in percentage(%) of losslessdecodingat full res-
olution for coding jasperscene1 at a variety of resolutionusing resolution
progressive 3D-SPECK.

SNR (dB) vs. Rate (bpppb)Method
0.1 0.2 0.5 1.0 2.0 4.0

3D-SPECK 19.702 23.658 31.750 38.552 45.997 52.361
2D-SPECK 7.503 9.237 11.075 13.824 18.427 28.525

Table8: Comparative evaluationtheratedistortionsof floatingpointfilter ver-
sionsof 3D-SPECKand2D-SPECK.

respectto lossycompressionof thesourceimage.Thepercentageof correctly
classifiedpixelsconvergesto 100%at therateshigherthan1 bpppfor all three
algorithms,with JPEG2000multi-componentbeingslightly worsethanthatof
3D-SPECKand3D-SPIHT. For 3D-SPECKand3D-SPIHT, thedistortionsin
the reconstructeddatacausedby the compressionprocessresult in only mi-
nor lossesin classificationaccuracy even at low bit ratesuchas1 bppp,with
theclassificationaccuracy higherthan99%almostall thetime. For3D-SPECK
and3D-SPIHTatverylow bit ratesuchas0.2bppp,thepercentagesof classifi-
cationaccuracy arealreadyhigherthan97%.JPEG2000multi-componentpro-
videsmuchworseclassificationperformancesat0.2bppp.Overall,JPEG2000
multi-componentperformsnot aswell astheothertwo algorithms,rendering
muchpoorerclassificationaccuracy atverylow bit ratesandslightly lowerper-
centageof classificationaccuracy athigherbit rate.Therefore,massively large
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Figure11: The original, reconstructedandthe differencevaluesbetweenthe
original andreconstructedpixels for an asphaltpixel for Jasperscene1. The
first graphis theoriginal, thesecondoneis thereconstructedpixel at1.0bppp,
the third oneis thedifferencevaluesat 1.0 bppp,the fourth oneis the recon-
structedpixel at4.0bppp,andthelastoneis thedifferencevaluesat4.0bppp.

imagedatasetscanbereducedto manageablesizeswith only minor reductions
in classifierperformance.

5 Conclusion

Thispaperproposedawavelet-basedthree-dimensionalsetpartitioningembed-
dedblock coderfor hyperspectralimagecompression.The threedimensional
wavelet transformautomaticallyexploits inter-banddependenceand the set-
partitioningalgorithm,3D-SPECK,efficiently codesthe wavelet coefficients.
Two versionsof the algorithm were implemented. The integer filter imple-
mentationenableslossy-to-losslesscompression,and the floating point filter
implementationprovidesbetterperformancefor lossyrepresentation.Wavelet
packet structureandbit shifting wereappliedon theintegerfilter implementa-
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Figure12: The original, reconstructedandthe differencevaluesbetweenthe
original andreconstructedpixelsfor a vegetationpixel for Jasperscene1. The
first graphis theoriginal, thesecondoneis thereconstructedpixel at1.0bppp,
the third oneis thedifferencevaluesat 1.0 bppp,the fourth oneis the recon-
structedpixel at4.0bppp,andthelastoneis thedifferencevaluesat4.0bppp.

tion to make thetransformapproximatelyunitary.
Two versionsof 3D-SPECKwere presented,one with a rate-embedded

bitstreamgiving inherentSNR scalability and the other with rate-embedded
subbandbitstreamsgiving inherentresolutionscalability. Thebitstreamof the
latterversioncouldbere-organizedat thedecoderto provide anSNR-scalable
full bitstreamfor the desiredscaleor resolution. This capabilitywasnot en-
abledin our decoderimplementation,but couldbein actualapplications,if so
desired.

Ratedistortionresultsof bothlosslessandlossycompressionof hyperspec-
tral imageryhave beenpresented,and all resultswere comparedwith other
state-of-the-artthreedimensionalcompressionalgorithmssuchas3D-SPIHT
andJPEG2000multi-component.3D-SPECKis competitive to 3D-SPIHTand
betterthanJPEG2000in compressionefficiency. Theplotsof original, recon-
structedanderrorspectralprofilesshown thattheproposedalgorithmpreserved



ClassificationAccuracy (%) vs. Rate (bpppb)
Methods 0.1 0.2 0.5 1.0 2.0 4.0

3D-SPECK 89.22 97.91 98.51 99.87 99.97 99.98
Asphalt 3D-SPIHT 87.20 97.56 98.27 99.42 99.97 99.98

JP2K-Multi 61.47 75.57 94.21 99.31 99.88 99.96

3D-SPECK 75.77 97.20 99.07 99.64 99.82 99.99
Vege-

3D-SPIHT 80.35 97.83 99.57 99.84 99.90 99.99
tation

JP2K-Multi 65.27 84.40 95.17 98.99 99.58 99.93

3D-SPECK 85.77 97.70 99.36 99.45 99.72 99.97
Water 3D-SPIHT 84.88 96.94 99.11 99.38 99.69 99.95

JP2K-Multi 64.20 72.42 98.31 99.23 99.74 99.85

Table9: Jasperscene1 SAM classification.

spectralprofileswell. Theclassificationexperimentwith thethreealgorithms
show 3D-SPECKcorrectly classifyingabove 97 % at ratesas small as0.20
bpppb(compressionratioof 80),roughlycomparableto 3D-SPIHT, but clearly
superiorto JP2K-Multi.

The proposed3D-SPECKis completelyembeddedand can be usedfor
transmissionprogressive eitherby quality or resolution.Thesefeaturesmake
the proposedcodera goodcandidateto compress(encode)hyperspectralim-
agesfor streamingapplications,wherethecodestreamcandeliver to theusera
certainsub-codestreamthatcanbedecodedaccordingto theuser’s requirement
of qualityandresolution.

References

[1] G.P. Abousleman,MW. Marcellin, andB.R. Hunt, Hyperspectral image
compressionusingentropy-constrained predictivetrellis codedquantiza-
tion, IEEETrans.ImageProcessing,Vol. 6, No. 4, April 1997.

[2] ISO/IEC 15444-2,InformationTechnology– JPEG2000 ImageCoding
System– Part2: Extensions,December2000,Final CommitteeDraft.



[3] J.W. Boardman,F.A. KruseandR.O. Green, Mappingtarget signatures
via partial unmixingof AVIRISdata, Fifth JPL Airborne Earth Science
Workshop,JPLPublication,pp.23-26,1995.

[4] R. Calderbank,I. Daubechies,W. Sweldens,andB.-L. Yeo,Wavelettrans-
formsthatmapintegers to integers, J.Appl. Computa.HarmonicsAnal. 5,
pp.332-369,1998.

[5] M. Antonini, M. Barlaud,P. Mathieu,andI. Daubechies,Image coding
usingwavelettransform, IEEE Trans.ImageProcessing,vol. 1, pp.205-
220,1992.

[6] P.L. Dragotti,G. Poggi,andA.R.P. Ragozini, Compressionof multispec-
tral imagesby three-dimensionalSPIHTalgorithm, IEEE Trans.on Geo-
scienceandremotesensing,vol. 38,No. 1, Jan2000.

[7] ThomasW. Fry, Hyperspectral imagecompressiononreconfigurableplat-
forms, MasterThesis,ElectricalEngineering,University of Washington,
2001.

[8] J.C. Harsanyi, and C.I. Chang, Hyperspectral image classificationand
dimensionalityreduction: an orthogonal subspaceprojection approach,
IEEETrans.GeoscienceandRemoteSensing.Vol. 32,No. 4, July1994.

[9] S-T. HsiangandJ.W. Woods, Embeddedimage codingusingzeroblocks
of subband/waveletcoefficientsandcontext modeling, IEEE Int. Conf.on
CircuitsandSystems(ISCAS2000),vol. 3, pp.662-665,May 2000.

[10] P.F. Hsieh,Classificationof highdimensionaldata, Ph.D.Thesis,Purdue
University, 1998.

[11] A. IslamandW.A. Pearlman,An embeddedandefficient low-complexity
hierarchical image coder, in Proc.SPIEVisual Comm.and ImagePro-
cessing,vol. 3653,pp.294-305,1999.

[12] W. A. Pearlman,A. Islam, N. Nagaraj,and A. Said, Efficient, Low-
Complexity ImageCodingwith a Set-Partitioning EmbeddedBlock Coder,
IEEE Trans.on Circuits andSystemsfor Video Technology, vol. 14, pp.
1219-1235,Nov. 2004.

[13] KakaduJPEG2000v3.4,http://www.kakadusoftware.com/.



[14] B. Kim and W.A. Pearlman, An embeddedwaveletvideo coderusing
three-dimensionalsetpartitioning in hierarchical tree, IEEE DataCom-
pressionConference,pp.251-260,March1997.

[15] Y. Kim andW.A. Pearlman,Losslessvolumetricmedicalimagecompres-
sion, Ph.DDissertation,Departmentof Electrical,Computer, andSystems
Engineering,RensselaerPolytechnicInstitute,Troy, 2001.

[16] J. Li andS. Lei, Rate-distortionoptimizedembedding, in Proc.Picture
CodingSymp.,Berlin, Germany, pp.201-206,Sept.10-12,1997.

[17] S.Mallat, Multifrequencychanneldecompositionsof imagesandwavelet
models, IEEETrans.Acoust.,Speech,SignalProcessing,vol. 37,pp.2091-
2110,Dec.1989.

[18] G. Motta, F. Rizzo, andJ.A. Storer, Compressionof hyperspectral im-
agery, DataCompressionConference.Proceedings.DCC2003,pp.25-27,
March2003.

[19] A.N. Netravali and B.G. Haskell, Digital pictures, representationand
compression, in ImageProcessing,Proc.of DataCompressionConference,
pp.252-260,1997.

[20] E. Ordentlich,M. Weinberger, andG. Seroussi,A low-complexity model-
ing approach for embeddedcodingof waveletcoefficients, in Proc.IEEE
DataCompressionConf.,Snowbird, UT, pp.408-417,Mar. 1998.

[21] M.D. Pal, C.M. Brislawn, and S.P. Brumby, Feature extraction from
hyperspectral imagescompressedusingthe JPEG-2000standard, IEEE
SouthwestSymposiumon ImageAnalysisandInterpretation,5, pp.168-
172,April. 2002.

[22] M.R. PickeringandM.J. Ryan, Efficientspatial-spectral compressionof
hyperspectral data, IEEETrans.GeoscienceandRemoteSensing,Vol. 39,
No. 7, July2001.

[23] M.J. RyanandJ.F. Arnold, Thelosslesscompressionof AVIRISimages
byvectorquantization, IEEETrans.GeoscienceandRemoteSensing,Vol.
35,No. 3, May 1997.



[24] Proposal of the arithmetic coder for JPEG2000,
ISO/IEC/JTC1/SC29/WG1N762,Mar. 1998.

[25] A. SaidandW.A. Pearlman,An image multiresolutionrepresentationfor
losslessand lossycompression, IEEE Trans.ImageProcess.5, pp.1303-
1310,1996.

[26] A. SaidandW.A. Pearlman,A new, fastandefficient image codecbased
on setpartitioning in hierarchical trees, IEEE Trans.on CircuitsandSys-
temsfor VideoTechnology6, pp.243-250,June1996.

[27] P. Schelkens, Multi-dimensionalwaveletcodingalgorithmsand imple-
mentations, Ph.Ddissertation,Departmentof ElectronicsandInformation
Processing,Vrije UniversiteitBrussel,Brussels,2001.

[28] J.M. Shapiro,Embeddedimage codingusingzerotreesof waveletcoeffi-
cients, IEEE Trans.SignalProcessing,vol. 41,pp.3445-3462,Dec.1993.

[29] P. Simard,D. Steinkraus,andH. Malvar, On-line adaptationin image
codingwith a 2-D tarp filter, in Proceedingsof theIEEE DataCompres-
sionconference,J.A. StorerandM.Cohn,Eds.,Snowbird, UT, pp. 23-32,
April 2002.

[30] D. Taubman, High performancescalable image compression with
EBCOT, IEEE Trans.on ImageProcessing,vol. 9, pp.1158-1170,July,
2000.

[31] YonghuiWang,JustinT. Rucker, andJamesE. Fowler, 3D tarp coding
for thecompressionof hyperspectral images, Submittedto IEEETrans.on
GeoscienceandRemoteSensing,July 2003.

[32] I.H. Witten,R.M. Neal,andJ.G.Cleary, Arithmeticcodingfor datacom-
pression, Commun.ACM, vol. 30,pp.520-540,June1987.

[33] Z. Xiong, X. Wu, D.Y. Tun, andW.A. Pearlman,Progressivecodingof
medicalvolumetricdata using three-dimensionalinteger waveletpacket
transform, Medical TechnologySymposium,1998.Proceedings.Pacific,
PP.384-387,1998.

[34] Z Xiong, X. Wu, S. Cheng,andJ. Hua, Lossy-to-losslesscompression
of medicalvolumetricdatausingthree-dimensionalinteger wavelettrans-
forms, IEEE Trans.on MedicalImaging,Vol. 22,No. 3, March2003.



[35] J.Xu, Z. Xiong, S.Li, andY. Zhang,Three-dimensionalembeddedsub-
bandcodingwith optimizedtruncation(3-D ESCOT), J.AppliedandCom-
putationalHarmonicAnalysis: SpecialIssueon Wavelet Applicationsin
Engineering.vol. 10,pp.290-315,May 2001.

[36] W.A. Pearlman,PerformanceBoundsfor SubbandCoding, Chapter1 in
SubbandImage Coding, J.W. WoodsandEd.,Kluwer AcademicPublish-
ers,1991.

[37] M. BalakrishnanandW.A. Pearlman,Hexagonalsubbandimage coding
with perceptualweighting, OpticalEngineering,Vol. 32, No. 7, pp.1430-
1437,July, 1993.


