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Abstract

Hyperspectraimagesmay be treatedas a three-dimensionatiata
setfor the purposesf compression.Here we presentsomecompres-
siontechniquebasednathree-dimensionalavelettransformthatpro-
ducecompressetit streamswith mary usefulproperties.Theseprop-
ertiesareprogressie quality encodinganddecoding progressie lossy-
to-losslessencoding,and progressie resolutiondecoding. We feature
anembeddedblock-basedimagecodingalgorithmof low compleity,
called SPECK (Set Partitioning EmbeddedloCK), that hasbeenpro-
posedoriginally for singleimagesandis modifiedandextendedto three
dimensions.The resultantalgorithm, Three-DimensionaBet Partition-
ing EmbeddedloCK (3D-SPECK),efficiently encodes3D volumetric
imagedataby exploiting the dependenciem all dimensions. We de-
scribethe use of this coding algorithmin two implementationsfirst
in a purely quality or rate scalablemodeand secondlyin a resolution
scalablemode. We utilize bothintegerandfloating point wavelettrans-
forms,wherebytheformeroneenabledossyandlosslessiecompression
from the samebit stream andthelatter oneachievesbetterperformance
in lossy compression. The structureof hyperspectraimagesreveals
spectrakresponsethatwould seemideal candidategor compressiorby
3D-SPECK.We demonstratéhat 3D-SPECK,a wavelet domainalgo-
rithm, like othertime domainalgorithms,canpresene spectralprofiles
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well. Comparedvith the losslessversionof the benchmarkIPEG2000
(multi-component)the 3D-SPECKIosslesslgorithmproducesaverage
of 3.0% decreasen compressedile sizefor Airborne Visible Infrared

Imaging Spectrometeimages,the typical hyperspectralmagery We

also conductcomparisonof the lossy implementationwith other the

state-of-the-aralgorithmssuchas Three-DimensionaSet Partitioning

In Hierarchical Trees(3D-SPIHT) and JPEG2000. We concludethat

thisalgorithm,in additionto beingveryflexible, retainsall the desirable
featuresof thesealgorithmsandis highly competitive to 3D-SPIHTand

betterthanJPEG2000n compressiorefficiengy.

1 Intr oduction

Hyperspectralmagingis a powerful techniqueandhasbeenwidely usedin a
large numberof applications suchas detectionand identificationof the sur
face and atmospheriaconstituentgpresent,analysisof soil type, monitoring
agricultureandforeststatus environmentalstudies,andmilitary surweillance.
Hyperspectralimagesaregeneratedby collectinghundredsf narrav andcon-
tiguousspectralbandsof datasuchthata completereflectancespectrumcan
be obtainedor eachpointin theregion beingviewed by theinstrument.How-
ever, at the time we gain high resolutionspectruminformation, we generate
massiely large imagedatasets. Accessandtransportof thesedatasetswill
stressexisting processingstorageandtransmissiorcapabilities.As an exam-
ple,theAirborneVisible InfraRedimagingSpectrometefAVIRIS) instrument,
a typical hyperspectraimagingsystem,canyield about16 Gigabytesof data
perday Therefore efficient compressiorshouldbe appliedto thesedatasets
beforestorageandtransmissiorj19].

However, utilization of the datain compressedorm can often be incon-
venientandintractable,if it requiresfull decompressionOnewould like the
bit streamto have propertiesof scalabilityandrandomaccess.Therearetwo
typesof scalability of interesthere- rate or quality scalabilityandresolution
scalability Ratescalabilitymeansthata portion of the bit streamcanbe de-
codedto provide a reconstructiorat lower rate or quality. Thatwould allow
fasteror lower bandwidthtransmissioror a quick look at the entiredatasetat
lower quality Resolutionscalabiltywould permitdecodingat reducedesolu-
tion from a portion of the compressedtit stream.Thesescalabilityproperties
enabletransmissiorandretrieval thatareprogressie by quality or resolution.

The compressiorschemesisedin the datasetscanbe broadly classified



aslosslessandlossytechnigues . As the namesuggestslosslesscompression
(losslesxoding)reducegheredundang of datasetswithoutlosingary infor-
mation. The original imagescanbe reconstructe@xactly. Thisis areversible
processandusuallylosslesscompressiortan provide a compressiomatio of
about2~3:1. On the otherhand,if we arewilling to lose someinformation,
we cangain significantly higher compressiorratio thanthat of losslesscom-
pression. This is so-calledlossy compressior{lossy coding). Many analysis
hyperspectraimageapplications Jike commonclassificationtools or feature
extractions,canperformreliably [10][21] on imagescompressedo very low
bit rates.Visualizationapplicationssuchasimagebrowsing, areableto func-
tion successfullywith lossyrepresentationaswell. However, hyperspectral
datais very differentfrom otherremotesensingmages suchasgray-le/el PAN
imagesmulti-spectraimages SAR imagesgetc. Hyperspectratlatacarryrich
informationin the spectraldomain. A groundsamplepointin a hyperspectral
datasethasa distinct spectralprofile, which is the fingerprintinformation of
thepoint. Somehyperspectraflatauserswill rely onthespectrunof eachpoint
to createapplicationproductausingtheir remotesensingalgorithms.Whenwe
compressyperspectraimageswe would like to presere theimportantspec-
tral profiles. Furthermoregiventhe extraordinaryexpenseof acquiringhyper
spectralimagery it makes more senseto requirelosslesscodingfor archial
applications.Therefore|n this study we presentbothlosslessandlossycom-
pressiorfor hyperspectraimages.

SomeVectorQuantizationVQ) basedalgorithmswereproposedor lossy
or losslesyperspectraimagecompressionskRyanandArnold [23] proposed
mean-normalizegectorquantizationM-NVQ) for losslesAVIRIS compres-
sion. The samplemeanis scalarquantizedoeforesubtractionfrom the input
vectorsothatary errorin quantizatiorof themeanis incorporatednto theerror
vector Eachblock of theimageis corvertedinto a vectorwith zeromeanand
unit standardsariation. The meanandvariancearescalarquantizecandthein-
putvectoris vectorquantizedor transmissionM-NVQ resultscompardavor-
ablywith othercompressiotechniquesMottaetal. [18] propose@dVQ based
algorithmthatinvolvedlocally optimaldesignof a partitionedvectorquantizer
for the encodingof sourcevectorsdravn from hyperspectraimages. Picker
ing andRyan[22] jointly optimizedspatialM-NVQ andspectraDiscreteCo-
sine Transform(DCT) to producecompressiomatios significantlybetterthan
thoseobtainedby the optimizedspatialM-NVQ techniquealone. Pickering
andRyans new techniquecanbeappliedonbothlosslesandlossyhyperspec-



tral compressionAn end-useemotesensingapplication maximumlik elihood
classification(MLC), wasusedto testthe efficiency of the algorithm. Results
shawvn thatdistortionsin the datacausedy the compressiorprocesgesultin
only minor lossesin classificationaccurag. OtherthanVVQ basedmethods,
Harsaryi and Chang[8] appliedPrincipleComponeni®nalysis(PCA) on hy-
perspectraimagesto simultaneouslyeducethe datadimensionality suppress
undesiredor interfering spectralsignature and classify the spectralsignature
of interest.Thisapproachs applicableto bothspectrallypureaswell asmixed
pixels. A training sequencéasedentrofy constrainegredictve trellis coded
guantizatiorschemewvasalsoproposedecentlyby Abouslemaretal. [1] for
hyperspectraimagecompressionAll thesealgorithmshave promisingperfor
manceon hyperspectraimnagecompressionHowever, noneof themgenerates
embeddedbit streamandthereforecannotprovide progressie transmission.
To incorporatethe embeddedequirementand maintain other compres-
sion performancesmary promisingimagecompressioralgorithmsbasedon
wavelettransform[17] wereproposedecently They aresimple,efficientand
have beenwidely usedin mary applications. One of themis Shapiros Em-
beddedZerotreeWavelet (EZW) [28]. Said and Pearlman[26] refinedand
extendedEZW subsequentlyo SPIHT. IslamandPearlmarj11, 12] proposed
anotherdow compleity imageencodemwith similar features- SetPartitioned
EmbeddedloCK (SPECK).Relatedin variousdegreesto theseearlierworks
on scalableémagecompressionthe EBCOT [30] (adoptedasthe basisfor the
JPEG2000magecompressiorstandardalgorithmalso usesa wavelet trans-
form to generateghe subbandsampleswhich areto be quantizedand coded.
EBCOT standgor Embeddedlock Codingwith OptimizedTruncationwhich
identifiessomeof the majorcontrikutionsof thealgorithm. It is resolutionand
SNR scalableand hasthe randomaccessproperty EBCOT partitionseach
subbandnto relatively small blocks (typically, 32 x 32 or 64 x 64 pixelsare
used),and generates separatehighly scalable(or embeddedpit streamfor
eachblock. The bit streamscanbe independenthtruncatedto a setof rates
calculatedby a bit allocationalgorithmandinterleared to achieve embedding.
The state-of-the-arencoder SPIHT, hasmary attractive properties. It is
an efficient embeddedechnique. The original SPIHT was proposedfor 2-
dimensionaimagecompressionandit hasbeenextendedto 3D applications
by Kim andPearlmari14]. 3D-SPIHTis themodern-daypenchmarkor three
dimensionalimagecompression.lt hasbeenappliedon multispectralimage
compressiorby Dragottietal. [6]. They usevectorquantization(VQ) and



Karhunen-Lé&we transform(KLT) onthespectradimensiorto explorethecor
relationbetweemmultispectralbands.In the spatialdomain,they usediscrete
wavelettransformandthe 3D-SPIHTsortingalgorithmis appliedonthetrans-
formedcoeficients. Dragottiet al.’s algorithmsarecomparabldo 3D-SPIHT
in multispectralimagecompressiornn rate distortion performance.Applying
KLT onthespectradomainof multispectraimagess acceptabldecausenul-
tispectralimagesonly have a smallnumberof bands.However, for hyperspec-
tralimagerysuchasAVIRIS, computingKLT for 224bandss usuallynot prac-
tical. Fry [7] adopts3D-SPIHT directly on hyperspectralmagecompression.
His work demonstratethe speedandcomputationatompleity advantage®f
3D-SPIHT Resultsshav that3D-DWT is a fastandefficient meango exploit
the correlationsbetweenhyperspectrabands. We shaw in this studythatthe
lossyversionof 3D-SPIHTalsoguaranteet presere thespectrainformation
for remotesensingapplications.

The EBCOT algorithm hasalso beenextendedto 3D applications. An-
nex N of Part Il of JPEG2000standard2] is for multi-componentimagery
compression3D-DWT is appliedto decorrelatdhe separateeomponentgor
multi-componenimages. Extended]PEG200(artitioningandsorting algo-
rithm to 3D sourcess usedto generatdhe embeddedit streams.JPEG2000
multi-componenis agoodcandidatdor hyperspectramagecompressionWe
will compareouralgorithmto multi-componengPEG2000n this study Three
DimensionalCubeSplitting EBCOT (3D CS-EBCQ) [27] initially partitions
thewaveletcoeficient prisminto equallysizedsmallcodecubesof 64 x 64 x 64
elementsThecubesplitting techniquas appliedoneachcodecubeto generate
separatescalablebit streams.Like EBCOT, the bit streamsamnay be indepen-
dentlytruncatedo ary of a collectionof differentlengthsto optimizetherate
distortioncriteria. Xu etal. [35] useda differentmethodto extend EBCOT
to video coding— Three-DimensionaEmbeddedsubbandCodingwith Opti-
mized Truncation(3-D ESCQ). They treateachsubbandasa codecubeand
generatembeddedbit streamdor eachcodecubeindependenthpy usingfrac-
tional bit-planecoding. Candidateruncationpointsareformedat the end of
eachfractionalbit-plane.

A recentlyproposed2D embeddedvavelet basedcoder tarp coder[29]
hasalsobeenextendedto 3D for hyperspectraimagecompressiof31]. Tarp
filtering operationis emplo/ed to estimatethe probability of coeficient sig-
nificancefor arithmeticcoder 3D tarp coderis comparablego 3D-SPIHTand
JPEG2000nulti-component.



In this study we extend SPECKto 3D sourcessuchashyperspectraim-
ages.For animagesequence3D-DWT is appliedto obtaina wavelet coefi-
cientprism. Sinceour applicationsarehyperspectraimages thereis not mo-
tion, but tight statisticaldependenc alongthe wavelengthaxis of this prism.
Therefore,3D-DWT can exploit the consequentorrelationalong the wave-
lengthaxis,aswell asalongthespatialaxes. To startthealgorithm,thewavelet
coeficient prism is partitionedinto small (three-dimensionalgode blocks
with different sizes,and eachsubbands treatedas a codeblock. Next, an
extendedand modified versionof the SPECKsortingalgorithmis appliedto
thesecodeblocksto sort the significanceof pixels. A block splitting algo-
rithm similar to the cubesplitting algorithmof 3D CS-EBCQO is usedon the
individual codeblocksto testtheir significance.If a codeblock containssig-
nificantcoeficients,it is split into severalsmallersub-blocks.Thedescendant
“significant” blocksarethenfurther split until the significantcoeficientsare
isolated. This block splitting algorithmcanzoomin quickly to areasof high
enegy andcodethemfirst andthereforecanexploit the presencef significant
high frequeng intra-bandcomponents3D-SPECKexploits detailedunderly-
ing physicalmodelingpropertieof hyperspectraimages.

This paperis organizedasfollowing: We will first briefly review the dis-
cretewavelettransform,andthe SPIHT and SPECKalgorithmsin Sectionll.
Theproposedechniqués describedn detailin Sectionlll. SectionlV presents
experimentakesults,andSectionV concludeghepaper

2 MATERIAL AND METHODS

2.1 Discrete Wavelet Analysis

Wavelettransformcodingprovidesmary attractve advantage®verothertrans-
form methods. This motivatesintenseresearchon this area. Marny widely
known coding schemessuchas EZW, SPIHT, SPECKand EBCOT are all
wavelet basedschemes.The 9/7 tap biorthogonalffilters [5], which produce
floatingpointwaveletcoeficients,arewidely usedin imagecompressionech-
niques[26][11][12][14] to generatea wavelet transform. This transformhas
proved to provide excellent performanceor image compression.Hence,in
this study 9/7 tap biorthogonalffilters will provide the transformfor our lossy

LIt is customanryto call theunit to becodeda block. This terminologyis adoptecherefor the
three-dimensionadlocksin the shapeof rectangulaprisms.



implementatiorof the new algorithm. For losslessmplementationsthe S+P
[25] filter will beutilized.

The mostfrequentlyusedwavelet decompositiorstructureis dyadic de-
composition[17]. All codingalgorithmsmentionedabore supportdyadicde-
composition.Occasionallywe needthe wavelet paclet decompositiorwhich
provides a richer rangeof possibilitiesfor signalanalysis. As hyperspectral
datacarriesrich informationin the spectraldomain,onemaywantto apply a
waveletpacletinsteadof a dyadicwavelettransformonthespectraldomainof
the data. We testedboth transformson the spectraldomainfor our algorithm.
For floatingpointfilter implementationtheexperimentshowv thatcomparedo
the dyadictransform,the wavelet paclet transformon spectraldomainyields
averageof 2% increasein compressedile size for AVIRIS datafor lossless
compressiorandaverageof 0.36dB lower SNRfor lossycompressiorat rate
0.1 bits per pixel per band(bpppb). Therefore the typical dyadic decompo-
sition structurewill be usedfor the floating point filter implementation. For
integer filters, however, the dyadic structureprovides a transformthatis not
unitary, so we needto apply a wavelet paclet structureand scaling (by bit
shifts) of the waveletcoeficientsto make the transformunitary More specif-
ically, for spatialaxes,we still maintainthe 2D dyadicwavelet transformfor
eachslicewith scalingof theintegerwaveletcoeficients;for spectrakxis,we
usea 1D paclet structure andagainwith scalingof the integer wavelet coef-
ficients. This paclet structureand scalingmake the transformapproximately
unitary

2.2 The SPIHT Algorithm

Both SPIHT and SPECKalgorithmsare highly ef ficient encoders.They are
low in complity, fastin encodinganddecodingandarefully embedded.

The SPIHT algorithmis the modern-daybenchmark. It is essentiallya
wavelettransform-basedmbeddedbit-planeencodingtechnique SPIHT par
titions transformecdcoeficientsinto spatialorientationtree sets(Fig. 1) based
onthestructureof the multi-resolutionwaveletdecompositiorj26].

A transformedcoeficient with larger magnitudehas larger information
contentandthereforeshouldbe transmittedirst [26][28]. SPIHT sortscoefi-
cientsandsendghemin orderof decreasingnagnitude As anexample,if the
largestcoeficient magnitudein the sourceis 100, SPIHT begins sortingfrom
theroot coeficientsto their descendantg@sshavn in Fig. 1, pixelsin theroot



Figurel: 2D Spatialorientationtree

caneitherhave noor four directdescendantsd find out significantcoeficients
againsthehighestbit planewith n = [logy(max; j) |ci,j|)] = [logs [100]] =

6, wherec; ; standdor the coeficientlocatedon the coordinatg(s, j). In other
words,thosecoeficientswith magnitudegreatethanor equalto 26 aresaidto

besignificantwith respecto n = 6 andwill betransmitted After finishingthe

transmissiorof all significantpixelswith respecto 26, SPIHT decreases by

one(n = n — 1 = 5) to testthesignificanceof the next lower bit plane.It then
finds andtransmitscoeficientswith 25 < |¢; ;| < 2°. Eachtime (exceptthe
first time) SPIHT finishessortingonebit plane,it checkswhetherit foundary

significantcoeficientson the higherplanes If so, SPIHT outputsthen!® most
significantbits of thosecoeficients. This processwill berepeatedecursvely

until eitherthedesiredrateis reachecdr all coeficientshave beentransmitted.
As aresult,SPIHT generate$it streamghatareprogressiely refined.

One of the main featuresof SPIHT is thatthe encoderand decoderhave
the samesortingalgorithm. Therefore the encoderdoesnot needto transmit
theway it sortscoeficients. The decodercanrecover the orderinginformation
from the executionpath, which is put into the bit-streamthroughthe binary
outputsof the significanceests.

2.3 The SPECK Algorithm

The SPECKalgorithmhasits rootsprimarily in theideasdevelopedin SPIHT
andthereforehasmary featuresand propertiessimilar to SPIHT. Thesetwo
algorithmsareboth waveletbasedechniguesandthe transformedmagesall
have hierarchicalpyramidalstructuresTheir differencelies in theway of par



Figure2: SetPartitioningrulesfor SPECKalgorithm

titioning the wavelet coeficients. As statedabove, SPIHT partitionswavelet
coeficients into spatial orientationtree setsand sorts coeficients along the
treesaccordingto the resultsof significancetests.On the otherhand,SPECK
partitionswavelet coeficientsinto blocks and sortscoeficients by usingthe
guadtregoartitioningalgorithmto be described.

As shawvn by solid linesin Figure2, SPECKstartsby partitioningtheim-
ageof transformedcoeficientsinto two sets:the setS which is the root (the
topmostband)of the pyramid,andsetZ which is everythingthatis left of the
imageafter taking out the root. Then, SPECKsortsthe coeficients by test-
ing the significanceof setS first. The setis declaredsignificantif thereis at
leastonesignificantcoeficientin this set. If S is foundto be significantwith
respectto the currentbit planen (the highest“1” is in this plane),it will be
partitionedinto four subsetsD(S) (dottedlinesin Fig. 2), with eachsubset
having approximatelyone-fourththe size of the parentsetS. This procedure
is calledquadtregpartitioning. Then, SPECKtreatseachof thesefour subsets
astype S setandappliesthe quadtreepartitioningrecursvely to eachof them
until significantpixels arelocated. After finishing testingof thetype S sets,
the octave bandpatrtitioningis appliedto testtype Z sets.More specifically if
7 setis foundto be significant,it will be partitionedinto threetype S setsand
onetypeZ setasshawvn in Fig. 2 with dashedines. The quadtregpartitioning
andoctave bandpartitioningwill beappliedto thesenew setsrespectiely until
significantpixels areisolated. Both quadtreeand octave bandpartitioningal-
gorithmscanzoomin quickly to areasof high enegy andthereforecodethem



first. By theendof thefirst passmary type S setsof varying sizesweregen-
erated,andin the next pass,SPECKwill checktheir significanceagainstthe
next bit planeaccordingto their sizes.This processwill berepeatedo testthe
LIS in the sameway at the next lower thresholduntil eitherthe desiredrateis
reachedr all coeficientshave beentransmitted.

3 The 3D-SPECK Algorithm

In this section,we presenthe 3D-SPECKcodingalgorithm. We describethe
set-upandterminologyfirst, followedby themainbody of thealgorithm,some
detaileddiscussionsandthegeneraBD integerwaveletpaclettransformstruc-
tureimplementatiorthatallows bit shifting of waveletcoeficientsto approxi-
matea 3D unitarytransformation.

3.1 Set-upand Terminology

Considera hyperspectralmage sequencevhich hasbeenadequateltrans-
formedusingthediscretewavelettransform(canbeeitheranintegeror floating
pointwavelettransform).Thetransformedmagesequencés saidto exhibit a
hierarchicalpyramidal structuredefinedby the levels of decompositionwith
the topmostlevel beingthe root. Figure 3 illustratessucha structurewith
three-lerel decompositionThefinestpixelslie atthe bottomlevel of the pyra-
mid while the coarsespixelslie atthetop (root) level. Theimagesequencés
representetly anindexed setof transformedtoeficientsc; ; », locatedat pixel
position(z, j, k) in thetransformedmagesequence.

Pixels are groupedtogetherin setswhich compriseregionsin the trans-
formedimages. Unlike 2D-SPECK,3D-SPECKhasonly onetype of set: S
set.We saya setS is significantwith respecto n, if

max |c;ix| > 2" 1
(irj k) ES | z,g,k' = ( )
Wherec; ; . denoteghetransformectoeficientsat coordinate(i, j, k). Other
wiseit isinsignificant.For conveniencewe candefinethesignificancdunction
of asetS as:

1 if 2" < max( ¢ < 2ntl
P’IL(S) = { 0 . else - (Z’]yk)es | Za]vkl (2)
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Figure3: Structurefor 3D-SPECK.

3D-SPECKmakesuseof rectangulaprismsin thewavelettransform.Each
subbandn the pyramidalstructureis treatedasa codeblock or prism, hence-
forth referredto assetsS, andcanbeof varyingdimensionsThedimensiornof
asetS depend®nthedimensionof the originalimagesandthe subbandevel
of the pyramidalstructureat which the setlies. We definethe sizeof a setto
bethenumberof elementsn theset.

3D-SPECKmaintainstwo linkedlists:

e LIS —List of InsignificantSets.Thislist containsS setsof varyingsizes.

e LSP — List of SignificantPixels. Thislist containspixelsthathave been
foundsignificantagainsta certainthresholdn.

3.2 The Algorithm

Having setup and definedthe terminology usedin the 3D-SPECKcoding
method,we arenow in a positionto understandhe main body of the actual
algorithm.

Themainbodyof 3D-SPECKconsistof four steps:theinitialization step;
the sorting pass;the refinementpass;andthe quantizationstep. Thesesteps



call two functions, ProcessS(and CodeS(),which are describedn detail in
thefollowing.
Thealgorithmstartsby addingall setsS to theLIS.

1. Initialization

e Outputn = |logy(max | ¢k [)]

e SetLSP=10
e SetLIS = {all subband®f transformedmagesof wavelet coefi-
cients}

2. Sorting Pass
In increasingorderof sizeof sets for eachsetS € LIS, ProcessS(S)

ProcessS(S)
{

e Outputl’,,(S) (Whetherthe setis significantrespecto currentn, or
not)
o ifT,(S)=1
— if S is apixel, outputsignof S andaddS to LSP
— elseCodeS(S)
— if § € LIS, remore S from LIS

}
CodeS(S)

{

e Partition S into eight approximatelyequalsubsetdD(S). For the
situationthatthe original setsizeis odd x odd x odd,we canpar
tition this kind of setsinto differentbut approximatelyequalsizes
of subsetqseeFig 4). For the situationthat the size of the third
dimensionof the setis 1, we can partition the setinto 4 approxi-
matelyequalsizesof subsets.

e ForeachO(S)
— OutputT',(O(S))
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Figure4: Partitioningof setS

- ifT,(OS)) =1
x if O(S) is a pixel, outputsign of O(S) andadd O(S) to
LSP
x elseCodeS(O(S))
— else
x addO(S) to LIS

3. RefinementPass

For eachentry (i, j, k) € LSP, exceptthoseincludedin the lastsorting
passoutputthen’ MSBof | ¢; ; 1 |.

4. Quantization Step
Decrement by 1 andgoto step2.

Theinitial setsS in theLIS arethesubbandsf the 3D waveletdecomposi-
tion. In thefirst passatthe highestn, 3D-SPECKteststhe significanceof sets
S in the LIS following the orderof lowpassbandsto highpasdands. As an
example,for one-level decompositionthe scanningorderis LLL, LHL, HLL,
LLH, HHL, HLH, LHH, HHH. For higherlevel decompositionthe scanning
path startsfrom the top of the pyramid down to its bottom by following the
sameorderfrom lowpassbandsto highpas$ands.



Process@andCodeSareextensionf thetwo-dimensionaprocedure®ro-
cessSandCodeSof SPECK.3D-SPECKprocesseatypeS sethy calling Pro-
cessSo testits significancewith respecto a thresholdn. If not significant,
it staysin theLIS. Otherwise ProcessSvill call CodeSto partitionsetS into
eightapproximatelyequalsubset<)(S) (Fig 4). 3D-SPECKthentreatseach
of thesesubsetaasnew type S set,andin turn, teststheir significance. This
processwill be executedrecursvely until reachingpixel level wherethe sig-
nificant pixel in the original setS is located. The algorithmthen sendsthe
significantpixel to the LSP, outputsa bit 1 to indicatethe significanceof the
pixel, andoutputsanothemit to representhe signof the pixel.

After finishedthe processingf all setsin the LIS, 3D-SPECKexecutes
the refinemenipass. The algorithmoutputsthe n* mostsignificantbit of the
absolutevalue of eachentry (i, 7, k) in the LSP, exceptthoseincludedin the
just-completedsortingpass.The proceduraefinessignificantpixelsthatwere
foundduring previous passegrogressiely.

Thelaststepof thealgorithmis to decrease by 1 andreturnto thesorting
passof thecurrentLIS, makingthewhole processunrecursvely.

Thedecodeis designedo have thesamemechanisnastheencoderBased
on the outcomeof the significanceestsin the receved bit streamthe decoder
canfollow exactly the sameexecutionpathastheencodemndthereforerecon-
structtheimagesequenc@rogressiely.

3.3 ProcessingOrder of Sets

During the sortingpasswe claim thatsetsshouldbetestedn increasingorder
of size. This follows theargumentin [11, 12]. After thefirst pass,mary sets
of type S of varyingsizesaregenerate@ndaddedo theLIS. For instancethe
algorithmsearchesa setS andfindssomesignificantpixelsagainsthecurrent
thresholdn belongingto setS. Neighboringpixelsin setS not foundto be
significantin the currentpassand sentto the LIS arevery likely to be found
assignificantagainstthe next lower threshold. Furthermorepur experiments
shawv thata large numberof setswith size of oneare generatedfter the first
iteration. Therefore testingsetsin increasingorderof size cantestpixel level
first andlocatenew significantpixelsimmediately

Wedonotuseary sortingmechanisnto processetsof types in increasing
order of their sizes. Even the fastestsorting algorithm will slov down the
codingproceduresignificantly Thisis not desirablan fastimplementatiorof



coders. However, thereare simple ways of completelyavoiding this sorting
procedure.SPECKusesan array of lists to avoid sorting, whereaswe usea
differentandsimplerapproactio achieve thisgoal. 3D-SPECKonly maintains
onelist insteadof anarrayof lists.

Notethattheway setsS areconstructedthey lie completelywithin a sub-
band. Thus,every setS is locatedat a particularlevel of the pyramidalstruc-
ture. Eachtime the algorithmpartitionsa setS, it generategightsmallersets
in approximateequalsizes andthesizesof thesesetsS correspondso ahigher
level of the pyramid. Basedon this fact,to processetsof typeS in increasing
orderof their sizes,we only needto searchthe samelLIS severaltimesateach
iteration. Eachtime we only testsetswith sizescorrespondingdo a particular
level of the pyramid. This implementatiorcompletelyeliminatesthe needfor
ary sorting mechanisnfor processinghe setsS. Thus, we cantestsetsin
increasingorderof sizewhile keepingour algorithmrunningfast.

3.4 Entropy Coding

As with othercodingmethodssuchasSPIHTandSPECK theefficieng of our
algorithmcanbeimproved by entrofy-codingits output[16][20][24][30]. We
usethe adaptve arithmeticcodingalgorithmof Witten etal. [32] to codethe
significancemap. Referringto thefunction CodeSin our algorithm,insteadof
codingthesignificancdestresultsof theeightsubsetseparatelywe codethem
togetherfirst beforefurther processinghe subsets.Simplecontet is applied
for conditionalcodingof the significanceestresultof this subsegroup.More
specificallywe encodehesignificancdestresultof thefirst subsewithoutary
contet, but encodehesignificanceestresultof thesecondsubseby usingthe
context (whetherthe first subseis significantor not) of the first codedsubset
and so on. Otheroutputsfrom the encoderare entrofy codedby applying
simplearithmeticcodingwithout ary context.

Also, we malke the sameamgumentas SPECKthatif a setsS is significant
andits first seven subsetsareinsignificant,thenthis meanshatthe lastsubset
mustbe significant. Therefore we do not needto testthe significanceof the
last subset. This reducesthe bit rate somavhat and provides corresponding
gains.

We have chosenherenot to entrofy-codethe sign and magnituderefine-
mentbits, assmallcodinggainsareachiezed only with substantialncreasen
complity. The SPECKvariant,EZBC [9], haschoserthis route,alongwith



amorecomplicatedcontet for the significancemapquadtreecoding. Theap-
plicationwill dictatewhethertheincreasdn codingperformances worth the
addedcompleity.

3.5 Computational Complexity and Memory

3D-SPECKhaslow computationatompleity. The algorithmis very simple,
consistingmainly of comparisonsanddoesnot requireary complex compu-
tation. Sincethe analysisin detail hasalreadybeendonein [11] and[12],
we do not repeatit here. Readersare referredto thesetwo papersfor more
information.

3D-SPECKalsohaslow dynamicmemoryrequirementsAt ary giventime
duringthe codingprocesspnly oneconnectegrismis processed.

3.6 ScalingWavelet Coefficientsby Bit Shifts

The integer filter transformwith dyadic decompaositionstructureis not uni-
tary. This doesnot affect the performanceof losslesscompressionHowever,
to achieve goodlossy coding performanceijt is importantto have an unitary
transform.If thetransformis not unitary the quantizatiorerrorin the wavelet
domainis, thus,notequalto themeansquarecderror(MSE) in thetime domain.
Therefore,the lossy coding performancewill be compromised.Appropriate
transformstructureand scalingthe integer wavelet coeficients can make the
transformapproximatelyunitarybeforequantizationlt is thereforepossibleto
keeptrackof thefinal quantizercodingerrorwith theintegertransform.

We adoptthetransformstructurementionedn [34]. As shavnin Figure5,
a4-level 1D wavelet paclet treestructureis appliedon the spectralaxis. The
scalingfactorsfor eachsubbands indicatedin thefigure. As eachscalingfac-
tor is somepower of two, we canimplementthe scalingfactorby bit shifting.

For the spatialaxes, we keepthe same2D dyadic wavelet transformto
eachslice. As shawvn in Figure®6, 4-level dyadicdecompositiorstructurewith
scalingfactorfor eachsubbands plotted. Eachof the scalingfactorsis some
power of two andthereforecanbeimplementedy bit shifting.

To summarizethe 3D integerwaveletpaclet transformwe usehereis first
to apply 1D paclet decompositiorandbit shifting alongthe spectralaxis, fol-
lowed by the basic2D dyadic decompositiorand bit shifting on the spatial
axes. An exampleis shawvn in Figure 7, wherescalingfactorsassociatedvith
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Figure5: 1D wavelet paclet structurealongthe spectralaxis that makesthe
transformapproximatelyunitaryby shifting of theintegerwaveletcoeficients.

somesubbandsareindicated. The factorsare the multiplicationsof the cor
respondingscalingfactorsin Fig. 5 andFig. 6. The actualimplementatiorof
scalingfactorsis to shift all coeficientsto somepositve numbersof power
two. In otherwords,for our case,all factorsusedin the implementatiorare
four timesof thefactorsshavn in Fig. 7. This 3D integerwaveletpaclet struc-
ture makesthe transformapproximatelyunitary andthusleadsto muchbetter
lossycodingperformance.

3.7 ResolutionProgressve 3D-SPECK

Although the subbandransformstructureis inherentlyscalableof resolution,
mostembeddedodersn theliteratureareunableto efficiently provide resolu-
tion scalablecodestreams.This is a consequencef entanglemenin coding,
modeling,anddatastructureacrosdifferentresolutions As anexample EZW
and SPIHT, the classicalzerotreecoderswith individual zerotreesspanning
severalsubbandcalesarenot efficient for resolutionscalablecoding.
However, we can modify our implementationof 3D-SPECKquite easily
to enableresolutionscalability Theideais just to run the 3D-SPECKalgo-
rithm oneachsubbandeparatelyinsteadof maintainingthe samesignificance
thresholdacrossubbandsintil we exhausthem,we maintainseparaté.lS and
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Figure7: 3D integerwaveletpaclet transform.

LSPlists for eachsubbandand proceeahroughthe lower thresholdsn every

subbandbeforemoving to the next one. Therefore,we generatean array of

lists, {LSPy } and{LISy}, wherek is thesubbandndex. We move throughthe
subbandén the sameorderasbefore, from lowestto highestscale.Therefore,
we cantruncatethe bit streamcorrespondingo areducedscaleanddecodeto

thatscale.

The generatiorof the bit streamsuccessiely by subbandsn orderof in-
creasingscaleis illustratedin Figure 8 for a two level dyadicdecomposition
into K = 15 subbands.The codestreamfor eachsubbands SNR scalable,
andthefull bit streamis resolutionscalablepecausé@ canbeterminatedatary
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Figure8: Bitstreamstrucureof resolutionprogressie 3D-SPECK

subbandorrespondingo lower thanfull scaleandbe decodedo thatscale.

In orderto effectmulti-resolutiondecodingbit streamboundariesiremain-
tainedbetweersubbandsAdaptive arithmeticcodingmodelsareaccumulated
from sampleswithin the sameresolutionscale.Finally, the modelingcontets
do notincludeary neighborfrom thefiner scales.Theseconditionsguarantee
thedecodabilityof thetruncatedcodestream.

Althoughthe full bit streamis resolutionprogressie, it is nov not SNR
progressie. Thebit streamsn thesubbandsireindividually SNR progressie,
so the bits belongingto the samebit planesin different subbandsould be
interleaved at the decoderafter truncationto the desiredscaleto producean
SNRscalablebit stream.

For the SNR progressie coding mode, the bits are allocatedoptimally
acrosssubbandsaccordingto the significancethresholdof the coeficients.
But, for the resolutionprogressie mode,for a given tamget bit rate, we need
now to applyanexplicit bit allocationalgorithmto assigndifferentbit ratesto
differentsubbandgo minimize meansquarecerror. The solutionis the same
rate-distortiorslopefor every subbandeceving non-zerorate. Thatslopede-
pendsonthetamgetrate. JPEG200@sesover-codingto somehighratein every
codeblockandcalculategheserate-distortiorslopeswhile encoding.Thenthe
bit streamn eachcodeblockis truncatedo thecorrectpointin aniterative pro-
cedure.

For thesale of expedieng, we adoptadifferentprocedurd37, 36] to solve
therateallocation.Let usassumeahatthe subbandsarenumberedacordingto
decreasingarianceto sizeratio o7 /ng, k = 1,2,..., K. At low rates,the
subbandsiumberedrom somesubbandsaym, to K, will receve zerorate.



Thus,if thefirstm subbandebtainanonzeraate,theoptimumrateallocation
is

(3)

N 1 02/nk
TR = Ns,mR_i_ilogQ_k,Wa ]—SkSm
0, m<k<K

wherey2, is asizeweightedgeometrianeanof thevariancef thefirst m
subbandsndis definedas

m

H Q/nk nk 1/Ng,m

whereny, is thenumbercoeficientsin subband: andN; ,,, = >"/L ny is
the numberof coeficientsin thefirst m subbands.
In orderto find m, we usethefollowing iterative procedure.

1. Setm = K.
2. AllocaterateusingEquation3.

3. If allm bandsareallocatechon-ngative rates therateallocationis com-
plete.Otherwisedecremenin by 1 andgoto step2.

To decodgheimagesequencéo a particularlevel ata givenrate,we need
to encodeeachsubbandat a higherratesothatthe algorithmcantruncatethe
sub-bitstreanto the assignedrate. However, unlike the JPEG2000method,
with this methodwe canachieve the tamget rate at the encodingstagewithout
over-coding.

4 Numerical Results

We performeccodingexperimentonthreesignedl6-bitreflectanc&VIRIS
imagevolumes.AVIRIS has224bandsand614 x 512pixel resolutionthatcor
respondgo anareaof approximatelyl1 km x 10km ontheground.We have
1997 runsof Moffett Field scenel and3 andJaspeRidge scenel. For our
experimentswe croppedeachscendo 512 x 512 x 224 pixels.



Coding Methods
3D- 3D- | JP2K- 2D- JPEG
SPECK | SPIHT | Multi | SPIHT | 2000
moffett scenel | 6.9102 | 6.9411| 7.1748| 7.9714 | 8.7905
moffett scene3 | 6.8209 | 6.7402 | 7.0021| 7.5847 | 7.7258
jasperscenel | 6.7014 | 6.7157 | 6.8965| 7.9770 | 8.5860

File
Name

Tablel: Comparisorof methoddor Losslesscodingof test16 bit imagevol-
umes.Thedataaregivenin bits perpixel perband(bpppb),averagedover the
entireimagevolume.

4.1 Comparison of LosslessCompressionPerformance

Table1 presentshelosslesperformancesf 3D-SPECK,3D-SPIHT, JPEG-
2000multi-componen{JP2K-Multi)[13], 2D-SPIHTandJPEG200(13]. JP2K-
Multi is implementedfirst by applyingthe S+Pfilter on the spectral(wave-
length)dimensionandis thenfollowed by applicationof the two-dimensional
JPEG20000n the spatial dimensions. S+P integer filters are usedfor 3D-
SPECK 3D-SPIHTand2D-SPIHT, while for IPEG2000theintegerfilter (5,3)
[4] is used.Forall 3D algorithms jncluding3D-SPECK 3D-SPIHTandJP2K-
Multi, theresultsof AVIRIS dataareobtainedby codingall 224bandsasasin-
gle unit, andfor thetwo 2D algorithms theresultsareobtainedby first coding
the AVIRIS databandby bandandthenaveragingover the entirevolume.

Overall, 3D algorithmsperformbetterthan2D algorithms.Comparedvith
2D-SPIHTandJPEG20003D-SPECKYyields, on average,13.1%and 18.6%
decreases compresseflle sizesfor AVIRIS testimagevolumes.3D-SPECK
and 3D-SPIHT are fairly comparableas their resultsare quite close. They
both out performthe benchmarklPEG2000multi-componentaveragedover
the threeimage volumes, by 3.0% and 3.2% decrease# file size, respec-
tively. Surprisingly consideringts considerabljhighercompleity, JPEG2000
is notasefficientas2D-SPIHT As shawvn in thetable,2D-SPIHTalwaysyields
smallerbits perpixel perband(bpppb)thanthatof JPEG2000.

3\We usesymmetrictree3D-SPIHThere.




4.2 Comparison of Lossy CompressionPerformance

As we statedabore, mary hyperspectraimageapplicationscanperformreli-
ably onimagescompressedtb very low bit rates. Therefore we presentossy
versionsof our algorithmaswell by comparingthe performancesvith other
lossyalgorithms.

To quantifyfidelity, thecodingperformancearereportedusingrate-distortion
results by meansof Signal-to-Noiseatio for thewhole sequencéSNR):

P,
SNR = 10 logy, M—é”E dB (4)

where P, is the averagesquaredvalue (power) of the original AVIRIS se-
guenceandMSE is the meansquareckerrorover the entiresequence.

We presentthe lossy compressiorperformanceof 3D-SPECKDby using
both integer filter implementationwhich enabledossy-to-losslessompres-
sion,andfloating point filter implementationwhich providesbetterlossyper
formance. For both implementationsthe coding resultsare comparedwith
3D-SPIHTandJP2K-Multi.

Therate-distortiorresultsfor 3D-SPECK,3D-SPIHT, andJP2K-Multiin-
tegerimplementationsarelisted in Table 2 for our threetestimagevolumes.
For eachalgorithm with a desiredbit rate, we truncatethe sameembedded
informationsequenc®btainedin section4.1 at appropriatgointsandrecon-
structthedatato thecorrespondin@ccuray. If noinformationlossis allowed,
thewhole embeddedequencavill be usedto fully recover the originalimage
volume.

Overall, both 3D-SPECKand 3D-SPIHT perform betterthan JPEG2000
multi-componentproviding higherSNR all thetime. For all threetestimage
volumes,theresultsshav that3D-SPECKIis comparabldo 3D-SPIHT, being
slightly worsefor moffett scene3, but slightly betterfor moffett scenel and
jasperscenel.

Table 3 shaws the rate-distortionresultsof the lossyimplementationgor
3D-SPECK,3D-SPIHT and JPEG2000multi-component.All resultsare ob-
tainedby usingall 224 bandsasa single codingunit and5-level pyramid de-
compositionsvith the 9/7 tap biorthogonafilters andusinga reflectionexten-
sionattheimageedges Sinceevery codeds embeddedtheresultsfor various
bit ratescanbeobtainedrom asingleencodedile. Comparingwith integerfil-
ter resultsat differentreconstructiomates,3D-SPECKand3D-SPIHTfloating
pointimplementation$ave betterperformanceshothyielding approximatea



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

\ moffett scenel |
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
\ jasperscenel |
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

Method

Table2: Comparatre evaluationtheratedistortionsof integerfilter versionsof
3D-SPECK,3D-SPIHTandJPEG2000nulti-component.

rangeof 1.5to 3.5dB higherSNR.For JPEG2000nulti-componentthe gains
over theinteger filter implementatioraresmaller 3D-SPECKand3D-SPIHT
are competitive asthey demonstratejuite closerate-distortiongesultsfor all
AVIRIS sequences3D-SPECKperformsslightly worsefor moffett scene3
but slightly betterfor moffett scenel andjasperscenel. JPEG2000s again
worsethanthe 3D-SPIHTand3D-SPECKIn all trials.

Thesecodinggainswill producebetterperformancdor hyperspectraap-
plications. Therefore for hyperspectrahpplicationssuchasclassificationand
feature extraction that can function reliably with lossy representationsthe
floating pointerfilter versionis a betterchoice.

4.3 ResolutionProgressve 3D-SPECKResults- Floating Point Fil-
ters

As before,the codingperformance®f resolutionprogressie 3D-SPECKare
reportedn signal-to-noisegatio (SNR),usingmeansquareerror (MSE) calcu-



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

\ moffett scenel |
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
\ jasperscenel |
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

Method

Table3: Comparatie evaluationthe ratedistortionsof floating pointfilter ver
sionsof 3D-SPECK,3D-SPIHTandJPEG2000nulti-component.

latedoverthewholesequence.

Figure 9 shavs the reconstructedhand20 of jasperscenel decodedrom
a single scalablecode streamat a variety of resolutionsat 0.5 bpppb The
SNR valuesfor 0.5 bpppbfor the whole sequencearelistedin Table4 along
with resultsof otherbit rates. The correspondingpit budgetfor the individual
resolutionsareprovidedin Table5. We canseethatthe computationatostof
decodingreducedrom oneresolutionlevel to the next lower one.

The SNRvalueslistedin Table4 for low resolutionimagesequenceare
calculatedwith respectto the referenceémagegeneratedy the sameanaly-
sisfilter bankand synthesizedo the samescale. The total bit costdecreases
rapidly with a reductionin resolution. However, the imagequality is increas-
ingly degradedfrom one resolutionto the next lower one. If we look at the
sampleimagesin Fig. 9, whenthe reconstructedequencesre presentecht
samedisplayresolution theperceveddistortionfor viewing a sampleémageat
half resolutionis equialentto thatat full resolutionbut from twice a distance.
Thelow resolutionsequencesanthusallowedto be codedrelatively coarsely



Figure9: A visualexampleof resolutionprogressie 3D-SPECKusingfloating
point wavelettransform.From/left to right: 1/8 resolution,1/4 resolution,1/2
resolution,at 0.5 bpppbandfull resolution(original).

The multi-resolutioncodingwith sucha perceptuatoncepthasbeenreported
in [9].

4.4 ResolutionProgressve 3D-SPECK Results- Integer Filters

Thebasicfunction of integerfilter implementatiorof resolutionprogressie is
thesameasthefloatingpointimplementationThedifferences thattheformer
onesupportdossy-to-losslesencoding/decodmn andthuslossyandlossless
reconstructionsanbegeneratedrom the sameembeddedbit stream.

Againwe usethe AVIRIS jasperscenel asanexample.Codingthe entire
sequencasoneunit, the GOFthenis 224. To assesshe visual quality of the
reconstructedgequenceywe shav onebandof the sequenceFigure 10 shavs
thereconstructedband20 of jasperscenel losslesslydecodedat a variety of
resolutions.

For thelossyreconstructiorirom the samebit stream;Table6 liststhe SNR
resultsof the whole jasperscenel sequenceeconstructedo differentresolu-
tion levels at differentbit rates.The SNR valuesdecreasérom oneresolution



SNR (dB) vs. scale

Bit Rate (bpppb) —7 [ T4 | 12 [ 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: SNRin dB for codingjasperscenel at a variety of resolutionand
coding bit ratesusing resolutionprogressie 3D-SPECKwith floating point
filters.

Bit budget (Kbits) vs. scale

Bit Rate (bpppb) = [ 174 ] 12 | Ful

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: Correspondingpit budgetsfor Table4

to thenext lower one.If welook atthe sampleémageswhenthereconstructed
sequencearepresentetsamedisplayresolution theperceveddistortionfor
viewing a sampleimageat half resolutionis equialentto thatat full resolu-
tion but from twice a distance. Theseresultsare similar to the floating point
3D-SPECKTresults. However, comparingto the valueslisted in Table 9, we
could seethat the floating point implementationperformsbetterthan the in-
tegerfilter implementatioron lossyimagecompressiongemonstratindnigher
SNRvaluesatthe samebit rates.

Table 7 lists the relatedCPU timesfor Table 6 at the percentagesf de-
codingtime of losslesgdecodingat full resolution. We canseethatthe com-
putationalcostof decodingreducedrom oneresolutionlevel to the next lower
one.



Figure 10: A visual exampleof resolutionprogressie 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 establistthe effectiveneswof extensionof SPECKfrom 2D to 3D.
We usejasperscenel asan exampleto shav the lossy compressiorperfor
manceof 2D-SPECKand3D-SPECK.

Table8 shaws theratedistortionsresultsby comparingthe resultsof 3D-
SPECKand 2D-SPECK.The gap between3D-SPECKand 2D-SPECKhas
theapproximateangeof 12to 26 dB SNR,all dependingn differentbit rates.
Thisdemonstratethebig benefitof using3D algorithm.3D algorithmexploits
thecorrelationsalongthe spectrabxisandthereforeachievesmuchbettercod-
ing performance.

4.6 Spectral Profile Integrity and ClassificationPerformance

As the most importantinformation for hyperspectralsersis the spec-
tral profile, we illustrate the performancedor the integer filter versionof 3D-
SPECKby plotting the original spectralprofiles of individual pixels, along
with associatedeconstructe@nderror profiles. Figure11 andfigure 12 shaw



SNR (dB) vs. Scale

Bit Rate (bpppb) —7 [ T4 | 12 [ 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 codingjasperscenel at a variety of resolu-
tion andcodingbit ratesusingresolutionprogressie 3D-SPECKwith integer
filters.

the profilesfor one asphaltpixel and one vegetationpixel of Jasperscenel,

respectrely. The spectralprofilesare presered excellentlyevenat 1.0 bppp,
with only several larger valuesof errorsoccur at the spectralvalleys around
bands160and224. The largesterror correspondso 2.4% of the maximum
value. Increasingthe bit rate,the error (difference)valuesdrop quickly. The
absolutevaluesof errorsarealreadywithin 25 at 2.0 bppp, correspondindo

0.7%and0.6% of the maximumvaluesfor asphalfpixel andvegetationpixel,

respectiely. For bit rateof 4.0bppp,asshavn in Figurell andFigurel2,the
differencedetweerthe original profilesandthe reconstructe@dnesarebarely
distinguishableandtheerrorsarevery small.

To addresshow our compressioralgorithmimpactsremotesensingappli-
cationsit isimportantto provide anexperimentfor anend-usepplication.We
usea well-knowvn remotesensingclassificatiormethod,SpectralAngle Map-
per(SAM) [3], to testtheproposedalgorithm3D-SPECKaswell as3D-SPIHT
and JPEG2000nulti-componen{JP2K-Multi). SAM determineghe similar
ity of the original and reconstructegpectrumby computingthe normalized
inner productbetweerthe two spectra.We assumdirst thatthe classification
ontheoriginalimageis correct,andthenreportthe classificatiorperformance
aspercentagef “correctly” classifiedpixels. In otherwords, we reportthe
percentagef pixelswhoseclassificatioris the sameby usingboththeoriginal
andreconstructedpectrum.

Table9 lists the classificatiorresultsfor threeclassegasphaltvegetation
andwater)of Jaspescenel. All algorithmstestedhereareintegerfilter imple-
mentationsWe canseethattheclassificatiortasksinvestigatedarerobustwith



Decodingtime (%) vs. scale

Bit Rate (bpppb) —7 [ /4 [ 12 | Ful

0.1 0.23|159| 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: Decodingtimesin percentag€%) of losslessdecodingat full res-
olution for coding jasperscenel at a variety of resolutionusing resolution
progressie 3D-SPECK.

SNR (dB) vs. Rate (bpppb)
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

Method

Table8: Comparatie evaluationthe ratedistortionsof floating pointfilter ver
sionsof 3D-SPECKand2D-SPECK.

respecto lossycompressiomf the sourceimage. The percentagef correctly
classifiedpixelscorvergesto 100%at therateshigherthanl bpppfor all three
algorithms with JPEG2000nulti-componenbeingslightly worsethanthat of
3D-SPECKand3D-SPIHT For 3D-SPECKand3D-SPIHT, the distortionsin
the reconstructedlatacausedoy the compressiorprocessresultin only mi-
nor lossesn classificationaccurag even at low bit ratesuchas 1 bppp,with
theclassificatioraccurag higherthan99%almostall thetime. For 3D-SPECK
and3D-SPIHTatverylow bit ratesuchas0.2bppp,thepercentagesf classifi-
cationaccurag arealreadyhigherthan97%. JPEG2000nulti-componenpro-
videsmuchworseclassificatiorperformancest 0.2 bppp.Overall, JPEG2000
multi-componenperformsnot aswell asthe othertwo algorithms,rendering
muchpoorerclassificatioraccurag atverylow bit ratesandslightly lower per
centageof classificatioraccurag at higherbit rate. Thereforemassiely large
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Figure11: The original, reconstructednd the differencevaluesbetweenthe
original andreconstructegixels for an asphaltpixel for Jaspeiscenel. The
first graphis theoriginal, thesecondneis thereconstructegixel at 1.0 bppp,
the third oneis the differencevaluesat 1.0 bppp, the fourth oneis the recon-
structedpixel at4.0 bppp,andthelastoneis the differencevaluesat 4.0 bppp.

imagedatasetscanbereducedo manageablsizeswith only minorreductions
in classifierperformance.

5 Conclusion

Thispapermpropose@wavelet-basedhree-dimensionaetpartitioningembed-
dedblock coderfor hyperspectraimagecompressionThe threedimensional
wavelet transformautomaticallyexploits interband dependenceand the set-
partitioning algorithm,3D-SPECK ,efficiently codesthe wavelet coeficients.
Two versionsof the algorithm were implemented. The integer filter imple-
mentationenabledossy-to-losslessompressionand the floating point filter
implementatiorprovidesbetterperformancdor lossyrepresentationWavelet
paclet structureandbit shifting wereappliedon theintegerfilter implementa-
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Figure 12: The original, reconstructedndthe differencevaluesbetweenthe
original andreconstructegixelsfor a vegetationpixel for Jaspescenel. The
first graphis theoriginal, the secondbneis thereconstructegixel at 1.0 bppp,
the third oneis the differencevaluesat 1.0 bppp, the fourth oneis the recon-
structedpixel at4.0 bppp,andthelastoneis thedifferencevaluesat 4.0 bppp.

tion to male the transformapproximatelyunitary

Two versionsof 3D-SPECKwere presentedpne with a rate-embedded
bitstreamgiving inherentSNR scalability and the other with rate-embedded
subbanditstreamgiving inherentresolutionscalability The bitstreamof the
latterversioncould bere-oganizedat the decodetrto provide an SNR-scalable
full bitstreamfor the desiredscaleor resolution. This capabilitywasnot en-
abledin our decodelimplementationbut could bein actualapplicationsjf so
desired.

Ratedistortionresultsof bothlosslesaindlossycompressionf hyperspec-
tral imageryhave beenpresentedand all resultswere comparedwith other
state-of-the-arthreedimensionalcompressioralgorithmssuchas 3D-SPIHT
andJPEG2000nulti-component3D-SPECKis competitve to 3D-SPIHTand
betterthanJPEG2000n compressiorefficiengy. The plots of original, recon-
structedanderrorspectraprofilesshovn thattheproposedalgorithmpresered



Classification Accuracy (%) 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
3D-SPIHT | 80.35| 97.83| 99.57| 99.84 | 99.90| 99.99
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

Vege-
tation

Table9: Jaspescenel SAM classification.

spectralprofileswell. The classificationexperimentwith thethreealgorithms
shav 3D-SPECKCcorrectly classifyingabore 97 % at ratesas small as0.20
bpppb(compressiomatio of 80), roughlycomparabléo 3D-SPIHT, but clearly
superiorto JP2K-Multi.

The proposed3D-SPECKIs completelyembeddedand can be usedfor
transmissiorprogresaie eitherby quality or resolution. Thesefeatureamale
the proposedcodera good candidateo compresgencodehyperspectraim-
agedfor streamingapplicationswherethe codestreancandeliver to theusera
certainsub-codestreathatcanbedecodedccordingo theusersrequirement
of quality andresolution.
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