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ABSTRACT

The3D pyramidcompressorprojectat theUniversityof Glasgow
hasdevelopeda compressorfor imagesobtainedfrom CLSM de-
vice. The proposedmethodusinga combinationof imagepyra-
mid coderand vector quantizationtechniqueshas good perfor-
manceat compressingconfocalvolume imagedata. An exper-
iment was conductedon several kinds of CLSM datausing the
presentedcompressorcomparedto otherwell-known volumedata
compressors,suchasMPEG.Theresultsshowedthatthe3D pyra-
mid compressorgave highersubjective andobjective imagequal-
ity andbetterminutiapreservationon reconstructedimagesat the
samecompressionratio.

1. INTR ODUCTION

The3D pyramidcompressorprojectat theUniversityof Glasgow
wasfundedby the ScottishEnterprisewith a schemeof Proofof
ConceptAwards. Theobjective of this projectis to provide a 3D
compressorfor confocalmicroscopicimages.Thebasicconceptof
the3D compressoris to reada stackof two-dimensionalimages,
for example,a stackof microscopicimages,sequentiallyinto a
three-dimensionalarrayandcompressthethree-dimensionalarray.
Here,wepresentatechniquecombiningvectorquantization(

���

)
with a 3D differential imagepyramid datastructurefor volume
imagedatacompression.

Confocal laserscanningmicroscopy (CLSM; single photon
microscopy) has beenavailable to biomedicalscientistsfor al-
most20 years[10]. However, it is only very recentlythatafford-
able computerpower hasenabledbiologiststo fully exploit the
datacontainedwithin the large ( ������� Mb) imagevolumes. In
this studywe have usedCLSM to collect3D volumetricdatade-
scribingthecellularorganizationandreceptorproteindistribution
throughthevascularwall of smallsegmentsof humanandrat ar-
teries.Serialopticalsections(x, y plane)arecollectedat intervals
of 1umdown throughtheaxial plane(z-axis)to producea 'stack'
of optical planeswhich canbe processedasa 3D volume. Pro-
cessing,analysisandtransferof theresultingdatavolumesis time
consumingandthereforearobustnon-lossyor low distortionlossy
compressionroutinewould be of greatvaluefor biomedicalpur-
pose,e.g.in studyingvascularstructure[11].

In 3D microscopy theraw datacorrespondto tracerdensities
atsubvolumesin a3D grid, with thesizeof thesubvolumescon-
strainedby themicroscopy optics. Thedatais typically digitized
asa sequenceof 2D images,but this is an arti�cial presentation,

inherentlythedatais 3 dimensional.Thiscontrastswith thedatain
a movie sequencewhich is alsocapturedasa sequenceof 2D im-
ages,but in thiscasethegeneratingphysicalprocessis 3D surfaces
moving in time,whicharethenprojectedontothe2D imageplane
of thecamera.Becauseof this,we hypothesisethatthehigheror-
derstatisticsof 3D microscopy datawill differ from thoseof �lm.
In particularplanarmotionnormalto thecameraaxes- whichmo-
tion compensationalgorithmscapture- hasnocorrespondinggen-
eratingphysicalprocessin microscopy. We thushypothesisethat
theoptimalcompressionstrategy will differ from thatusedin �lm
andvideoapplications.

In this paper, we describethe useof 3D pyramid datastruc-
turesto compressmicroscopy data.Theseexploit the inherentre-
dundancy associatedwith correlationbetweentracerdensitiesin
3 dimensions.We describeexperimentalresultson several kinds
vascularstructuraldata.Wecomparetheimagequalitywith video
coderscurrentlyin use.Finally, a brief conclusionis givenin sec-
tion V.

2. PREVIOUS WORK

2.1. ImagePyramid

Imagepyramid datastructureswereoriginally developedfor 2D
imagelosslesscoding. In this datastructure,a differential pyra-
mid ( 	�
 ) is generatedfrom an image pyramid ( �

 ), which pro-
videsa multi-resolutionmodelof image. In the imagepyramid,
an imageis �ltered producinga seriesof levels of images. The
higher the level of imagepyramid, the lower the resolutionpre-
sented(seeFig. 1-a) [6, 7]. Thescalefactorfor shrinkingis usu-
ally 4. ��������� ��� and �����������! aretwo imagescaletransformation
�lters, where ��������� ��� decreasesthe imagesizeand �"���������! en-
largesthe imagesize. Many interpolationmethodscan be used
for thesetwo transformations,suchasnearestneighbor, bilinear
andbi-cubic. Imagepyramid provides a reasonablesolution for
progressive transmissionof images:thetop level will betransmit-
ted �rst to reconstructthe imagewith lowest resolution,and the
following levelswill re�ne thereconstructedimagestageby stage.

Thedifferentialpyramidis computedfrom theimagepyramid
to exploit the redundancy betweeneachlevel of the imagepyra-
mid, andprovidesmore ef�cient representationfor transmission
whencombinedwith entropy coding.Fig. 1-b illustratesthecon-
structionof thedifferentialpyramid. Supposea IP anda DP with

#

-levels,we canformulatetheconstructionasfollows:
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Fig. 1. Imagepyramidanddifferentialpyramidcompositions.

Imagepyramid is anredundantsubbanddecomposition.That
meansthe decomposedsubbandsneedmorestoragerequirement
thantheoriginal image.Given H asthepyramidlevel, and I asthe
scalefactor, numberof pixelsin pyramidwill be
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when comparedwith that of the original image. For instance,
given H\[^] and I;[`_ , theresnearly ��a<b extra pixels in pyra-
mid. However, sincethehistogramof theDP, asin losslessDPCM,
is highly peakedaroundzero,someadvancedentropy codingcan
take advantagesof this.

2.2. Burt' sPyramid Coder

In 1983, Burt andAdelsonintroducedquantizationinto the im-
agepyramidstructureandproposeda multi-resolutionlossycom-
pressiontechnique[6]. Using a scalarquantizer, only the pixels
with high energy aretransmittedto the decoderside,andthe en-
tropy canbe substantiallyreducedby quantizingthepixel values
in eachlevel of the differential pyramid. Fig. 2 illustratesthe
blockdiagramof Burt andAdelsonspyramidcoder. Theirmethod,
introducingquantizationinto a pyramid structurehascertaindis-
advantage. The quantizationerrorsfrom upperlevels would be
magni�ed asthey propagatedown thepyramidduringreconstruc-
tion. For example,an error affecting one pixel at the top of a
three-level pyramidendsupcorruptingsixteenpixelsatthebottom
layer. This disadvantagemeansBurt andAdelsonspyramid cod-
ing modeldoesn't givegoodresultsunderhighcompressionratios,
sinceincreasederrorsareintroducedwhenwe setfewer quantiza-
tion levels. In the next section,we extendthe Burts pyramid by
introducingvectorquantizationwhenconstructingthedifferential
pyramidwith quantizationnoisefeedback.
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Fig. 2. Block diagramof Burt'spyramidcoder.

3. PROPOSED3D PYRAMID CODER

3.1. 3D Pyramid Structur e

The3D versionof ouralgorithmis usedto compressthesequence
of slicesobtainedfrom CLSMdevice. Unlikeother3D imagedata,
e.g. videosequence,eachframein theCLSM sequencepresents
oneslice of an objectat speci�c depth. That meansinter-frame
correlationsbetweenpixels areasstrongas or even higher than
intra-frameones[10]. The3D pyramidcodertreatsthewholese-
quenceas a 3D volume dataandexploits the multi-dimensional
redundancy with only oneprocedure.

In Fig. 3, we gave an exampleof building a four-level 3D
pyramidwith VQ introduced.Whereinwe generalizethe �"������� ���

and �����������! , previouslyusedon2D imagedata,to 3D voxel data.
Eachvoxel of level c mapsto 8 voxels at level ced � . We can
formulatetheconstructionof 3D pyramidasfollows (referto For-
mula(1)-(2)):
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Thereareseveraladvantagesof 3D pyramidstructures.Firstly,
they organizesequentialimagesas3D volumedata.Thiscancap-
turethecorrelationin 3 ratherthan2 spatialdimensions.Another
advantageis that althoughthe 3D pyramid structure,like the 2D
pyramid is redundant,when �"������� ��� and �����������! areappliedto
3D volumedata,thescalefactorin formula(3) would be8, not 4.
As a resultthe redundancy is only 1/7 ratherthan1/3 for the 2D
case.

3.2. Vector Quantizing Differ ential Pyramid

Vectorquantizationis an ef�cient techniquefor imagecompres-
sion [2, 3, 5]. It encodesa groupof neighboringpixels together
ratherthanindividualpixel in scalarquantization.Sincetheneigh-
boringpixels from animagearestronglycorrelated,accordingto
Shannonsrate-distortiontheory[1], abetterperformanceisachiev-
ableby codingvectorsinsteadof scalars.
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Fig. 3. Architectureof proposedcompressiontechniqueusingVQ with 3D imagepyramid.

In a 3D pyramid, theoutputof thedifferentialpyramidcould
eitherbescalarorvectorquantized,wechoseVQ ratherthanscalar
quantizationbecauseof the highercompressionratio obtainedat
thesameimagequality. We useVQ to exploit the3D correlations
betweenvoxels from intra-bands.Theshapeof a vectoris speci-
�ed by its width, heightanddepth. For instance,we constructan
eight-dimensionalvector

���������������	�	��

�

by samplingfour
neighboringpixelsfrom frame � andfour neighboringpixelsat the
samepositionfrom its next frame � d � . Theshapeswe typically
useare

���������

or _

�

_

���

, but thechoiceis programmable.
In experiment,we observed that, for someimagestackslike Bx-
CGP/BxCGS,higherimagequality canbeachievedusingvectors
having largersizealongthedepthaxisthanthatalongplanaraxes,
suchthat vectorsof shape

���

�

�

_ are preferableto thoseof
shape

�����	���

. This is basedon the fact that for thesestacks,
correlationin depthdirectionis higherthanin planardirection,for
reasonspertainingto microscopeoptics.

3.3. Thr esholding

Differential imagesin pyramid have the characteristicsthat most
of theenergy of pixelsintensitiesis concentratedaroundzero1 (see
Fig. 4), we usea thresholdingmethodto discardthe low energy
blocksto yield a datastreamsuitablefor entropy encoding.

Assumingwe have a codebookmatrix � with n rows, and
eachrow representsa codevector. Whendesigninga codebook
therewill alwaysbea vectorin thecodebookmatrix with a mini-
mumenergy. In what follows we will assumethat thecodebooks
aresodesignedthattheminimumenergy vectoractuallyhaszero
energy. Thatis to sayall elementsarezero.We call this vector � ,
andassumingit is the � -th row in codebookmatrix. The thresh-

1We de�ne the zeroenergy of a pixels intensityas its intensity is of
mid-grey, e.g.,128for 256grey levels.

olding algorithmscanseachindex � from theencoderandchecks
if ���

�
� �!��� where � is someenergy threshold.If theanswer

is positive, the � is transmittedto theentropy encoder. Otherwise,
theindex � is replacedby � , which is theindex of � , beforebeing
transmittedto the decoder. An entropy encodersuchasLZ, or a
Huffmancodecis placeddownstreamfrom thevectorquantizerso
that thevectorquantizerdatastreamis, in mostcases,mappedto
a shorterbit streamcontainingthe sameinformationcontent. A
correspondingLZ or Huffmancodecis usedat thedecodersideto
reconstructtheVQ datastream.

Thresholdingalgorithmprovidesan ef�cient dataformat for
anentropy encodersuchasLZ, orHuffman. � is individual in each
layer, usuallythelower thepyramidlayer, thelargerthethreshold-
ing value.

4. EXPERIMENT AL RESULTS

We have performedcodingexperimentson two kindsof eight-bit
CLSM imagevolumescapturedby the EC FP5 partnershipfor
vascularimaging (VASCAN 2000). The �rst datasetsare from
ratmesentericartery. Anotherdatasetsarefrom humanresistance
artery. Table2 describesthesedatasets.

Table 2. Descriptionof CLSM data
Filename Description Volumesize Data size

(voxels) (bytes)
B1CGS ������� ��������!"��# 11,303,376
B3CGP Ratmesenteric ������� ��������!%$&# 11,976,196
B4CGS artery ������� ��������!%$&' 11,445,476
B6CGS ������� ��������!"#�( 12,320,285

G25 HG70 Humanresistance �)!"��� �)!"����!"(�� 35,523,360
G27 HG70 arteries �)!"�*���)!"��� #�+ 23,419,104



Table 1. Performanceof 3D PyramidCompressoron6 data-sets
Filename Original data Output data Compression Ave. PSNR 3D Pyramid speci�cations

size(bytes) size(bytes) ratio (C/R) (dB) Pyramid Entries in Vector shape VQ training Thr esholds(different
levels codebook

 

���������

' algorithm betweenlayers)
B1CGS 11,303,376 712,666 15.86 30.8155 4 256

4

�

4

��� LBG [4] top - 0:0:1:4- bottom
B3CGP 11,976,196 566,132 21.15 33.2712 4 256

4

�

4

��� LBG 0:0:2:7
B4CGS 11,445,476 608,267 18.82 33.5211 4 256

4

�

4

��� LBG 0:0:1:4
B6CGS 12,320,285 750,093 16.43 31.8014 4 256

4

�

4

��� LBG 0:0:1:4
G25 HG70 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 compressorand
listed the resultin Table1. Thedatasetsof humanresistancear-
terieshave many regions, in which therearevery low variations
betweenvoxels. We canget compressionratio ashigh asabout
150:1on thesedatasets. Datasetsof rat mesentericarteryhave
muchmoredetails. We canget about ��]
	

�

��� � compression
ratio on thesedatasetswith acceptableimagequality. ThePeak-
Signal-to-NoiseRatio(PSNR)measureusedin thetableis de�ned
by
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�

[ ����� �������

�

]�])�

�


�� (8)

where �


��

is themean-squared-errorbetweentheoriginal and
reconstructedimages.

We comparedthe performanceof 3D pyramid methodwith
two video compressors:MPEG and Indeoc

�

Video Codec5.10.
MPEGusesmotioncompensationandDCT techniques[8, 9], while
Indeoc

�

VideoCodec5.10is basedonhybridwaveletcompression
technology. We usedtwo datasets,onefrom rat mesentericdata
andtheotherfrom arteryhumanresistancearteriesdata.Thecom-
parisonresultsshow that the proposedmethodoffers better im-
agequality thanMPEGandIndeoCodec5.10at almostthesame
compressionratio. Fig. 4 shows thecompressionresultsB3CGP
rat mesentericdatasets. The averagePSNRfor the 3D pyramid
methodis roughly0.11dB and1.70dB betterthanthatof MPEG
andIndeo.Fig. 5 shows thecompressionresultonG27 HG70hu-
manresistancearteriesdataset.For thisdataset,wealsogetbetter
imagequalitywith the3D Pyramid,with gainsof 0.59dB and0.63
dB over MPEGandIndeo. Thereconstructedimagesfrom Indeo
look slightly blurred(seeFig. 5b-4),andblocky artifactsarevis-
ible in thereconstructedMPEGimages,which aremoreirritating
to the humanvisual system(seeFig. 5b-3). Anotherpoint worth
mentioningis that while MPEG's coding rate varieswith every
frame,3D pyramidschemehasa �x edrateallocationover whole
stack,whichmakesthePSNRcurvesof 3D pyramidmoresmooth
thanthatof MPEG.

We also examine the performanceon a standardvideo se-
quence'Claire'

�

����_

�

��_�_

� �

�������! #"�$%I�%'&!(*)+)

�

. Wetestedimage
quality using the threecodecsat a rate0.26 bpp. The 3D pyra-
mid methodoffers almost the sameimagequality as that using
Indeovideo codecwith 37.67dB for averagePSNR,but cannot
competewith MPEG,whichgainsroughly4 dB over the3D pyra-
mid andIndeo. As we discussedin the introductionsection,the
video sequencedoesn't have informationabouta 3D object,but
the informationof a surface(2D or 3D surfaceprojectedon 2D)
moving in time. Motion compensationbasedtechniquesaregood
at capturingthe moving information,but arenot suitablefor 3D
microscopy data.In contrast,subbandcodingtechniques,suchas
using3D pyramidstructures,performbetteron microscopicvolu-
metricdatacompression.

5. CONCLUSION

In this paper, a 3D lossyconfocalmicroscopy imagecompression
scheme,using3D pyramid structuresandvectorquantization,is
introduced.The3D pyramidstructuresutilize thecorrelationsbe-
tweenvoxels in 3 spatialdimensionsanddecomposethe source
signal into a seriesof levels of subbands,which would be more
suitablefor quantizationandentropy coding.

The experimentalresultsshow that the 3D pyramid method
providesgoodqualitiesof reconstructedimagesat ��]�	

�

�,� �

compressionratio on rat mesentericdatasets;and100:1or even
highercompressionratio on humanresistancearteriesones.Both
offer betterimagequalitythanthatusingMPEGandIndeoc

�

Video
codec5.10at thesamecompressionratios.
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(a) Coding results using 3D pyramid method

compared to MPEG and Indeo Video Codec

5.10 at the almost the same compression ratio

(CR), Peak Signal to Noise Ratio (PSNR) for

each frame.


(b-1) The 47th frame from original image data set

(256 x 256 x 8-bit)


(b-2) The reconstructed image using 3D pyramid

codec, PSNR = 29.88. Upper half is the lower half

part of the error image (white means no error), and


the histogram of error image.


(b-3) The reconstructed image using MPEG video

codec, PSNR = 28.50


(b-4) The reconstructed image using Indeo© Video

codec 5.10, PSNR = 27.24


Fig. 4. Compressionresultsusing3D pyramidcodecon B3CGPdatasetcomparedto MPEGandIndeoc
�

Videocodec5.10



 


 
  


 
  


(a) Coding results using 3D pyramid

method compared to MPEG and Indeo

Video Codec 5.10 at the almost the same

compression ratio (CR), Peak Signal to

Noise Ratio (PSNR) for each frame.


 
  


 
  


(b-1) An 256 x 256 area clipped from the 41st

frame from original image data set


 (512 x 512 x 8-bit)


(b-2) The reconstructed image using 3D pyramid

codec, PSNR = 33.76


(b-3) The reconstructed image sequence using

MPEG video codec, PSNR = 32.01


(b-4) The reconstructed image sequence using

Indeo Video codec 5.10, PSNR = 32.91


Fig. 5. Compressionresultsusing3D pyramidcodecon H27HGdatasetcomparedto MPEGandIndeoc
�

Videocodec5.10


