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ABSTRACT

The 3D pyramid compressoprojectat the University of Glasgav
hasdevelopeda compressofor imagesobtainedfrom CLSM de-
vice. The proposedmethodusing a combinationof imagepyra-
mid coderand vector quantizationtechniqueshas good perfor
manceat compressingconfocalvolume imagedata. An exper
iment was conductedon several kinds of CLSM datausing the
presentedompressocomparedo otherwell-knowvn volumedata
compressorsuchasMPEG. Theresultsshavedthatthe 3D pyra-
mid compressogave highersubjectve andobjectve imagequal-
ity andbetterminutia preseration on reconstructedmagesat the
samecompressiomatio.

1. INTRODUCTION

The 3D pyramid compressoprojectat the University of Glasgav

wasfundedby the ScottishEnterprisewith a schemeof Proof of

ConceptAwards. The objective of this projectis to provide a 3D

compressofor confocalmicroscopidmages.Thebasicconcepof

the 3D compressors to reada stackof two-dimensionalmages,
for example, a stackof microscopicimages,sequentiallyinto a
three-dimensionarrayandcompresshethree-dimensionarray

Here,we presentaitechniquecombiningvectorquantization )

with a 3D differentialimage pyramid datastructurefor volume
imagedatacompression.

Confocallaser scanningmicroscoy (CLSM; single photon
microscop) has beenavailable to biomedicalscientistsfor al-
most20 years[10]. However, it is only very recentlythatafford-
able computerpowver hasenabledbiologiststo fully exploit the
datacontainedwithin the large ( Mb) imagevolumes. In
this studywe have usedCLSM to collect 3D volumetricdatade-
scribingthe cellular organizationandreceptomproteindistribution
throughthe vascularwall of small sggmentsof humanandrat ar-
teries.Serialoptical sectiongx, y plane)arecollectedat intervals
of Lumdown throughthe axial plane(z-axis)to producea'stack'
of optical planeswhich canbe processedsa 3D volume. Pro-
cessinganalysisandtransferof theresultingdatavolumesis time
consumingandthereforearobustnon-lossyor low distortionlossy
compressiorroutine would be of greatvalue for biomedicalpur
pose.e.g.in studyingvascularstructure[11].

In 3D microscopy theraw datacorrespondo tracerdensities
atsubvolumesin a 3D grid, with the sizeof the subvolumescon-
strainedby the microscopy optics. The datais typically digitized
asa sequencef 2D images,but this is an arti cial presentation,
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inherentlythedatais 3 dimensional This contrastsith thedatain
amovie sequencevhich is alsocapturedasa sequencef 2D im-
ageshputin thiscasehegeneratingphysicalprocesss 3D surfaces
moving in time, which arethenprojectedontothe 2D imageplane
of the camera Becausef this, we hypothesis¢hatthe higheror-
derstatisticsof 3D microscopy datawill differ from thoseof Im.
In particularplanarmotionnormalto the cameraaxes- whichmo-
tion compensatiomlgorithmscapture- hasno correspondingen-
eratingphysicalprocessn microscopy. We thushypothesisehat
theoptimalcompressiorstrateyy will differ from thatusedin Im
andvideoapplications.

In this paper we describethe useof 3D pyramid datastruc-
turesto compressnicroscopy data. Theseexploit theinherentre-
dundang associatedvith correlationbetweentracerdensitiesin
3 dimensions.We describeexperimentalresultson several kinds
vascularstructuraldata.We compareheimagequality with video
coderscurrentlyin use.Finally, a brief conclusionis givenin sec-
tion V.

2. PREVIOUS WORK

2.1. Image Pyramid

Image pyramid datastructureswere originally developedfor 2D
imagelosslesscoding. In this datastructure,a differential pyra-
mid () is generatedrom animage pyramid ( ), which pro-
vides a multi-resolutionmodel of image. In the image pyramid,
animageis Itered producinga seriesof levels of images. The
higherthe level of imagepyramid, the lower the resolutionpre-
sentedseeFig. 1-a)[6, 7]. Thescalefactorfor shrinkingis usu-
ally 4. and aretwo imagescaletransformation
lters, where decreasethe imagesizeand en-
largesthe imagesize. Mary interpolationmethodscan be used
for thesetwo transformationssuchasneaestneighbor bilinear
and bi-cubic Imagepyramid provides a reasonablesolution for
progressie transmissiorof images:thetop level will betransmit-
ted rst to reconstructhe imagewith lowestresolution,andthe
following levelswill re ne thereconstructeémagestageby stage.
Thedifferentialpyramidis computedrom theimagepyramid
to exploit the redundang betweeneachlevel of the imagepyra-
mid, and provides more ef cient representatiofior transmission
whencombinedwith entrogy coding. Fig. 1-billustratesthe con-
structionof the differentialpyramid. Suppose IP anda DP with
-levels,we canformulatethe constructiorasfollows:
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Fig. 1. Imagepyramid anddifferentialpyramid compositions.

Imagepyramidis anredundansubbandlecompositionThat
meansthe decomposedubbandsieedmore storagerequirement
thantheoriginalimage.Given asthepyramidlevel,and asthe
scalefactor numberof pixelsin pyramidwill be

(©)

when comparedwith that of the original image. For instance,
given and , theresnearly extra pixelsin pyra-
mid. However, sincethehistogranof theDP, asin losslesDPCM,
is highly pealed aroundzero,someadwancedentrofy codingcan
take advantage®f this.

2.2. Burt' sPyramid Coder

In 1983, Burt and Adelsonintroducedquantizationinto the im-
agepyramid structureandproposecda multi-resolutionlossycom-
pressiontechnique[6]. Using a scalarquantizer only the pixels
with high enegy aretransmittecto the decoderside,andthe en-
tropy canbe substantiallyreducedby quantizingthe pixel values
in eachlevel of the differential pyramid. Fig. 2 illustratesthe
block diagramof Burt andAdelsongpyramidcoder Theirmethod,
introducingquantizationinto a pyramid structurehascertaindis-
adwantage. The quantizationerrorsfrom upperlevels would be
magni ed asthey propagatelovn the pyramid duringreconstruc-
tion. For example, an error affecting one pixel at the top of a
three-leel pyramidendsup corruptingsixteenpixelsatthebottom
layer This disadwantagemeansBurt and Adelsonspyramid cod-
ing modeldoesnt give goodresultsunderhigh compressiomatios,
sinceincreaseckrrorsareintroducedwvhenwe setfewer quantiza-
tion levels. In the next section,we extendthe Burts pyramid by
introducingvectorquantizationwhenconstructinghe differential
pyramidwith quantizatiomoisefeedback.
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Fig. 2. Block diagramof Burt's pyramid coder

3. PROPOSED3D PYRAMID CODER

3.1. 3D Pyramid Structure

The 3D versionof our algorithmis usedto compresshe sequence
of slicesobtainedrom CLSM device. Unlike other3D imagedata,
e.g. video sequencegachframein the CLSM sequenceresents
oneslice of an objectat speci ¢ depth. That meansinter-frame
correlationshetweenpixels are as strongas or even higherthan
intra-frameones[10]. The 3D pyramid codertreatsthe whole se-
guenceas a 3D volume dataand exploits the multi-dimensional
redundang with only oneprocedure.

In Fig. 3, we gave an example of building a four-level 3D
pyramidwith VQ introduced Whereinwe generalizeéhe
and , previously usedon 2D imagedata,to 3D voxel data.
Eachvoxel of level mapsto 8 voxels at level . We can
formulatethe constructiorof 3D pyramidasfollows (referto For-
mula(1)-(2)):
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Therearesereraladvantage®f 3D pyramidstructuresFirstly,
they organizesequentialmagesas3D volumedata. This cancap-
turethe correlationin 3 ratherthan?2 spatialdimensions Another
adwantageis that althoughthe 3D pyramid structure like the 2D
pyramid is redundantwhen and areappliedto
3D volumedata,the scalefactorin formula(3) would be 8, not 4.
As aresultthe redundang is only 1/7 ratherthan 1/3 for the 2D
case.

3.2. Vector Quantizing Differ ential Pyramid

Vector quantizationis an ef cient techniquefor imagecompres-
sion[2, 3, 5]. It encodesa group of neighboringpixels together
ratherthanindividual pixel in scalarquantization Sincetheneigh-
boring pixels from animageare strongly correlated accordingto

Shannonsate-distortiortheory[1], abetterperformancés achie/-

ableby codingvectorsinsteadof scalars.
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Fig. 3. Architectureof proposedcompressiotiechniqueusingVQ with 3D imagepyramid.

In a 3D pyramid, the outputof the differential pyramid could
eitherbescalaror vectorquantizedwe chosevQ ratherthanscalar
guantizationbecausef the highercompressiomatio obtainedat
the sameimagequality. We useVQ to exploit the 3D correlations
betweervoxels from intra-bands.The shapeof a vectoris speci-

ed by its width, heightanddepth For instancewe constructan
eight-dimensionalector by samplingfour
neighboringpixelsfrom frame andfour neighboringpixelsatthe
samepositionfrom its next frame . The shapeave typically
useare or , but the choiceis programmable.
In experiment,we obsered that, for someimagestackslike Bx-
CGP/BxCGShigherimagequality canbe achieved usingvectors
having largersizealongthedepthaxisthanthatalongplanaraxes,
suchthat vectorsof shape are preferableto thoseof
shape . This is basedon the fact that for thesestacks,
correlationin depthdirectionis higherthanin planardirection,for
reasongertainingto microscopeoptics.

3.3. Thresholding

Differentialimagesin pyramid have the characteristicshat most
of theenegy of pixelsintensitiess concentratedroundzerd (see
Fig. 4), we usea thresholdingmethodto discardthe low enegy
blocksto yield a datastreamsuitablefor entrofy encoding.
Assumingwe have a codebookmatrix ~ with n rows, and
eachrow represents codevector When designinga codebook
therewill alwaysbe avectorin the codebookmatrix with a mini-
mumenegy. In whatfollows we will assumehatthe codebooks
aresodesignedhatthe minimumenegy vectoractuallyhaszero
enegy. Thatis to sayall elementsarezero. We call this vector
andassumingt is the -th row in codebookmatrix. Thethresh-

1We de ne the zeroenepy of a pixels intensity asits intensityis of
mid-grey, e.g.,128for 256grey levels.

olding algorithmscanseachindex from the encoderandchecks
if where is someenegy threshold.If the answer
is positive, the is transmittedo the entrofy encoder Otherwise,
theindex isreplacedby , whichistheindex of , beforebeing
transmittedto the decoder An entrofy encodersuchasLZ, or a
Huffmancodeds placeddownstreanfrom thevectorquantizetso
thatthe vectorquantizerdatastreamis, in mostcasesmappedo

a shorterbit streamcontainingthe sameinformation content. A

correspondind.Z or Huffmancodeds usedatthe decodesideto

reconstructhe VQ datastream.

Thresholdingalgorithm provides an ef cient dataformat for
anentrofy encodesuchasLZ, orHuffman. isindividualin each
layer, usuallythelowerthepyramidlayer, thelargerthethreshold-
ing value.

4. EXPERIMENT AL RESULTS

We have performedcodingexperimentson two kinds of eight-bit
CLSM imagevolumescapturedby the EC FP5 partnershipfor
vascularimaging (VASCAN 2000). The rst datasetsarefrom
ratmesenteri@artery Anotherdatasetsarefrom humarnresistance
artery Table2 describeshesedatasets.

Table 2. Descriptionof CLSM data

Filename Description Volume size Data size
(voxels) (bytes)
B1CGS 11,303,376
B3CGP Ratmesenteric 11,976,196
B4CGS artery 11,445,476
B6CGS 12,320,285
G25HG70 | Humanresistance 35,523,360
G27.HG70 arteries 23,419,104




Table 1. Performancef 3D PyramidCompressoon 6 data-sets

Filename | Original data | Output data | Compression | Ave.PSNR 3D Pyramid speci cations
size(bytes) size(bytes) ratio (C/R) (dB) Pyramid | Entriesin Vectorshape | VQ fraining Thresholds(different
levels codebook algorithm betweenlayers)
B1CGS 11,303,376 712,666 15.86 30.8155 4 256 LBG [4] top- 0:0:1:4- bottom
B3CGP 11,976,196 566,132 21.15 33.2712 4 256 LBG 0:0:2:7
B4CGS 11,445,476 608,267 18.82 33.5211 4 256 LBG 0:0:1:4
B6CGS 12,320,285 750,093 16.43 31.8014 4 256 LBG 0:0:1:4
G25HG70 35,523,360 211,152 168.24 35.3181 5 256 LBG 0:0:1:4:16
G27.HG70 23,419,104 246,371 95.06 35.7988 5 256 LBG 0:0:0:2:8

We testedthe performanceof a 3D pyramid compressoand
listedtheresultin Tablel. The datasetsof humanresistancer
terieshave mary regions,in which thereare very low variations
betweenvoxels. We canget compressiorratio as high asabout
150:1on thesedatasets. Datasetsof rat mesenteriartery have
muchmoredetails. We cangetabout compression
ratio on thesedatasetswith acceptablémagequality. The Peak-
Signal-to-Nois&Ratio(PSNR)measuraisedin thetableis de ned

by

— (8)

where is the mean-squared-errdretweenthe original and
reconstructedmages.

We comparedthe performanceof 3D pyramid methodwith
two video compressorsMPEG and Indeoc Video Codec5.10.
MPEGusesnotioncompensatioandDCT technique$8, 9], while
Indeoc VideoCodec5.10is basedon hybrid wavelettompession
technolagy. We usedtwo datasets,onefrom rat mesenteriaata
andtheotherfrom arteryhumarresistancarteriesdata. Thecom-
parisonresultsshav that the proposedmethodoffers betterim-
agequality thanMPEG andIndeoCodec5.10at almostthe same
compressionatio. Fig. 4 shavs the compressiomesultsB3CGP
rat mesentericdatasets. The averagePSNRfor the 3D pyramid
methodis roughly0.11dB and1.70dB betterthanthatof MPEG
andindeo.Fig. 5 shavsthecompressiomesulton G27.HG70hu-
manresistancarterieglataset. For thisdataset,we alsogetbetter
imagequality with the3D Pyramid with gainsof 0.59dB and0.63
dB over MPEG andIndeo. Thereconstructedmagesfrom Indeo
look slightly blurred (seeFig. 5b-4),andblocky artifactsarevis-
ible in thereconstructedPEGimageswhich aremoreirritating
to the humanvisual system(seéig. 5b-3). Anotherpoint worth
mentioningis that while MPEG's coding rate varieswith every
frame, 3D pyramid schemehasa x edrateallocationover whole
stack,which makesthe PSNRcurvesof 3D pyramidmoresmooth
thanthatof MPEG.

We also examine the performanceon a standardvideo se-
guencéClaire’ . Wetestedmage
quality usingthe threecodecsat a rate 0.26 bpp. The 3D pyra-
mid methodoffers almostthe sameimage quality as that using
Indeovideo codecwith 37.67dB for averagePSNR,but cannot
competewith MPEG,which gainsroughly4 dB overthe 3D pyra-
mid andIndeo. As we discussedn the introductionsection,the
video sequencealoesnt have informationabouta 3D object, but
the information of a surface(2D or 3D surfaceprojectedon 2D)
moving in time. Motion compensatiobasedechniquesregood
at capturingthe moving information, but are not suitablefor 3D
microscopy data.In contrastsubbandcodingtechniquessuchas
using3D pyramid structuresperformbetteron microscopicvolu-
metricdatacompression.

5. CONCLUSION

In this papera 3D lossyconfocalmicroscoy imagecompression
schemeusing 3D pyramid structuresand vector quantization,is
introduced.The 3D pyramidstructuresitilize the correlationse-
tweenvoxels in 3 spatialdimensionsand decomposehe source
signalinto a seriesof levels of subbandswhich would be more
suitablefor quantizatiorandentrofy coding.

The experimentalresultsshav that the 3D pyramid method
provides good qualitiesof reconstructedmagesat
compressiormatio on rat mesentericatasets;and 100:1or even
highercompressiomatio on humanresistancerteriesones.Both
offer betterimagequalitythanthatusingMPEGandindeoc Video
codec5.10atthe samecompressiomatios.
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(b-2) The reconstructed image using 3D pyramid
(b-1) The 47th frame from original image data set codec, PSNR = 29.88. Upper half is the lower half
(256 x 256 x 8-hit) part of the error image (white means no error), and
the histogram of error image.

(b-3) The reconstructed image using MPEG video (b-4) The reconstructed image using Indeo®© Video
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Fig. 4. Compressiomesultsusing3D pyramid codecon B3CGPdatasetcomparedo MPEG andIndeoc Videocodec5.10
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(a) Coding results using 3D pyramid
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(b-2) The reconstructed image using 3D pyramid
codec, PSNR = 33.76

(b-4) The reconstructed image sequence using
Indeo Video codec 5.10, PSNR = 32.91

Fig. 5. Compressiomesultsusing3D pyramid codecon H27HG datasetcomparedo MPEG andIndeoc Videocodec5.10



