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Abstract

This paper presentsa new losslessinterframe coding
schemefor Magnetic ResonancéMR) images. The exist-
ing schemeslike block matcingmethodanduniformmesh-
basedscheme are inadeqauteo modelthe motionfield of
MR sequence The above schemesuse uniform meshele-
mentswhich may comprisemultiple motions. We propose
a schemeconsistingof (a) content-basedneshgeneation
(b) forward motiontracking (c) motion compensatiorus-
ing affine transformationand (d) context-basedmodeling
By usingcontet-basedmodeling intraframecorrelationis
also exploited in addition to interframe correlation. The
obtainedaverage compessionratio of 4.3:1is betterthan
the valuesof 4:1, achievedby CALIC, the stateof the art
losslessntraframecoding schemeand 3:1, by the existing
uniformmesh-basethterframecodingschemefor MR im-
ages. Theperformanceof the existing uniform mesh-based
schemecan also be improved by employingcontext-based
modeling

1. Intr oduction

Imagecompressiors necessaryor efficientarchving and
transmissiorof images. Imagecompressiorschemesan
bebroadlyclassifiedaslossyandlosslesschemesA lossy
schemas irreversiblein the sensethatit cannotfaithfully

retrieve the original image, whereasa losslessschemeis
reversible. Lossy compressiorschemesan achieve high
compressiomatiosof theorder10:1to 30:1,whereasloss-
lessschemesachieze modestcompressiorratios of about
2:1to4:1. Thehighcompressiomatiosof lossyschemesre
generallyat the expenseof imagequality. Medicalimaging
generallyrequireslosslessschemesThis is dueto the fol-

lowing reasons

1. Possibilityof incorrectdiagnosisdueto probableloss
of useful clinical information causedby lossy com-
pression.

2. Post processingoperationslike image enhancement
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mayaccentuat¢hedegradationsausedy lossycom-
pression.

Hence efficient losslessompressiorschemesirerequired
for medicalimages.

Severallosslessschemedasedon linear predictionand
interpolation[5] have beenproposed. Recently context
basedschemeg10], [3], [2] have gainedpopularity since
they canenhancehe performanceof linear predictionand
interpolationschemes.Theseschemesxploit the correla-
tion within theimage.

Medical imagesequences a datasetrepresenting3-D
samplingof someorgan. Suchsequencegontaininter-
frame correlation. If the slice thicknessis low (1.5 mm
andless),onemaygetanadwantagen trying to exploit in-
terframecorrelation. In principle, schemeswhich exploit
both interframeandintraframecorrelationare expectedto
performbetterthanthosebasedon only intraframecorrela-
tion. Roosetal. [5] extendedtheir 2-D hierarchicalinter-
polation schemeto 3-D and found that thereis not much
gain in extendingto the third dimension. They also re-
portedthatmotion-compensatioachemeshasedn block-
matchingalgorithmg[6], arenotefficientfor medicalimage
sequencesThis couldbedueto inadequatenotionmodels.
Recently 2-D meshmodelsbasedon spatialtransforma-
tionshave gainedpopularity Spatialtransformationsnodel
rotation, translationand scaling of image objectswithin
consecutre frames as opposedto modeling of only the
translationalmotion by block-matchingschemes.Nakaya
etal. [11] proposeda schemebasedon uniform meshel-
ementg(trianglesandrectangles) Aria et al. [1] usedthis
modelfor compressingR sequenceandthe residueob-
tainedaftermotioncompensatioiis compressetly wavelet
basedzero-treecoder Hence this schemaes not suitablefor
losslesscompressionAlso, uniform meshmodelis inade-
guatesincepixels within eachelementmay have different
motionsasin block-matchingschemes.

In this paper we proposea nonuniformmesh-baseth-
terframecodingscheméor MR sequencesContent-based
meshensureshatmultiple motionsareavoidedwithin each
element.We exploit bothinterframeandintraframecorre-



lation effectively usingspatialtransformationsindcontext-
basednodeling.

2. Pre-processing

A typical MR imageconsistf two parts:
1. Air part(background)
2. Fleshpart(foreground)

Thefleshpartcontaingheusefulclinicalinformationwhich
needgo becompressedithoutany loss.Ontheotherhand,
the air partdoesnot containary clinical information. It is
only noiseand consumesunnecessaryit budgetandim-
pairs the performanceof a compressiorscheme. In [2],
a schemeis proposedwhich usestwo sourcemodels,one
for backgroundand the other for foreground,and anim-
provementin performances reported.But no justification
is givento codethe air part asthereis no usefulinforma-
tion presentn it. In this work, we ignorethe air part. We
generatamagemasksin sucha way that the flesh partis
totally includedandthepixel valuesin theair partaremade
zero.Therestof this sectionexplainsanimageindependent
algorithmfor maskgeneration.

Morphologicaloperationsanbeeffectively usedto gen-
erateimagemaskswhich containavalueof '1’ in thefore-
groundandavalueof '0’ in the background.The original
imageis thenmultiplied with thesemasksto obtain”back-
groundnoisefree” imageswhile keepingthe information
in the foregroundintact. The algorithmfor generatinghe
maskis givenbelow:

1. Binarizetheimagewith athresholdvalueof’'15". This
valuehasbeendecidedafter studyingthe background
characteristicef variousimages.

2. Holes may be formed within the foreground. Close
theseholesusingmorphologicalclosing’ operation.

3. Backgroundmay containspurioudlines. Usemorpho-
logical’erode’ operatiornto remove thesdines.

4. Theabove erosionoperationalsoerodeghe boundary
of the foregroundregion. To make surethatthe mask
spanghe entireforegroundregion, usemorphological
"thickening’ operationto thicken the boundaryof the
foregroundregion.

5. Multiply the original imagewith the resultingbinary
mask.

6. Fit the smallestboundingbox to the resultingimage.
Sendthe positionandsizeof theboxto thedecoderas
asideinformation.

Figure 1 shovs an MR image,its maskandthe imageob-
tained after multiplication with the mask. Note that this
algorithmensureghat the flesh part, which is to be com-
pressedwithout ary loss, remainsintact while the back-
groundis suppressed.
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Figurel: Suppressionf backgroundn anMR imageusing
morphologicaloperations(a) original image(b) the gener
atedmask(c) backgroundsuppresseimage.

3. Interframe Coding

This sectionexplainsin detail the proceduredor content-
basedmeshgenerationforward motion tracking and mo-
tion compensatiomf the next framebasedon the previous
frame.

3.1 Nodeselectionand meshgeneration

An imagecanbe motion compensatetdasedon the previ-
ousimageby estimatingheopticalflow of eachpixel in the
image.Thecorrespondingixel positionsneedto besentto
the decoderasa sideinformation. This pixel by pixel side
informationtakesalot of bit budgetandimpairstheoverall
performanceof the scheme.To reducethe amountof side
information,the imageis divided into differentblocks. In
MPEG-1andMPEG-2standardstheimageis dividedinto
rectangulaboxesof equalsize.It is assumedhateachpixel
in a block hasthe samemotion. Only translationmotionis
assumedndthe motionvectorsof eachblock is estimated
by block matchingalgorithm[8]. This translationmotion
modelis inadequatén our case sinceit cannotmodelrota-
tion andscalingof imageobjects. A promisingalternatve
is motioncompensatioty 2-D meshmodels,which allow
for spatialtransformationso modeltranslationrotationand
scalingof theimage. 2-D meshesanbe classifiedasuni-
form with equalsizeelementsandnonuniformmeshedhat
adaptto particularscenecontent. Nakayaet al. [11] pro-
posedmotion compensatiofbasedon uniform mesh. Aria
etal. [1] usedthis schemdor MR images.This schemds
inadequataseachelementmay have multiple motions. A
betterapproachs to designa content-basethesh.Wanget
al. [9] proposeda schemebasedon an optimizationframe
work. In thiswork, we proposea simpleschemeo generate
a content-basedhesh.This methodconsistof selectionof



nodepointsat salientpositionsfollowed by delaunaytrian-
gulation. Theprocedurés explainedbelow :

1. Labelall pixelsas”unmarked”.

2. Findthespatialedgemapof theimageusing"Canry”
edgedetector

3. Selectapixel asa”node” if it is "unmarked” andfalls
on a spatialedgeandis sufficiently away from all the
previously markednodes.

4. Goto step-3until requirednumberof nodesaregener
ated.

The basicideais to (i) place node pointsin sucha
way thatmeshboundarieslign with objectboundaries(ii)
maintainthe distancebetweentwo node pointsin sucha
way thatthe nodesspantheentireimage;(iii) form triangu-
lar elementsy delaunaytriangulation.

3.2 Motion Estimation

In uniform meshcoding, an uniform meshis laid on the
currentframe and the correspondingnodesin the previ-
ous frame are estimated. This procedureis called "back-
wardtracking”. In the nonuniformmeshcoding,backward
trackingcannotbe employedsincethepositionsof thenode
points needto be sentto the decoder To reducethe side
information,we selectnodeson the previous frame (which
is available both at encoderand decoder)and estimatethe
correspondingnodeson the currentframe. This procedure
is called"forwardtracking”.

We useblock-matchingalgorithmto estimatehemotion
of eachnode. Take a 16 x 16 block with the nodeasthe
center We assumehatthe maximumdisplacemenin ary
directionof eachnodeis not morethan5 pixels. Move the
16 x 16 blockin thenext framewithin aregionof 5 x 5 and
take the positionwith minimum meansquaredifferenceas
the correspondinghode point in the next frame. Sendthe
differencebetweerthetwo positionsto thedecodersa side
information. Repeathe above procedureor all the nodes
andthetriangularelementsaredeformedaccordingly

3.3 Affine Model

The motion field within each triangular element can
be representedoy an affine model with six parameters
a;1, Giz, 53, Ai4, a;5 anda;g, Wherei is theelementndex.

Let z,y denotethe coordinatesof a pixel in i-th ele-
mentandu, v denotehecorrespondingixelin theprevious
frame.Then,

U = 01T+ a2y + a3

U = G + a;5Y + a4g.

We needto find theabove six unknovn parameteror each
triangularelement. For eachelement,we have correspon-
dencebetweenthe verticesof a triangularelementin the
currentframewith the verticesof the correspondindrian-
gular elementin the previous frame. Hence,we have six
equationdn six unknovnswhich canbe easily solved for
theaffine parameters.

3.4 Motion Compensation

Letim(z,y,1) andim(z,y, 2) denotehepreviousandcur
rentframes,respectiely. Letip(z,y) bethe predictedim-
ageofim(z,y, 2) basednim(z,y,1). im(z,y,2) iscom-
pensatedasedon im(z,y, 1) asfollows:

Scanthetriangularelementsn im(zx, y, 2) oneafteran-
other Transformthe pixel coordinate§z,y) in eachele-
mentby usingtheabove affinetransformationLet (u, v) be
the correspondingoordinatesn the previousimage. Gen-
erally (u,v) will bereal numbers.Find the pixel value at
(u,v) by bilinearinterpolationasgivenbelow:

(1= a)[(1 - B) im(X,Y,1) +
Bim(X +1Y,D]+a[(1-70)
im(X,Y +1,1) + g im(X +1,Y +1,1)]]

ip(z,y) =

resd(z,y) = im(z,y,2) — ip(z,y)
where (X,Y), (a,3) arethe integral and fractional part
of the coordinate(u,v), respectrely and | . | represents
the roundingoperator Theresidueresd(z,y), is entropy
codedandsentto thedecoder

The predictionstepdoesnot completelyremove there-
dundang in theimage. This is dueto the errorsin motion
modelandestimationof motionof nodepoint. To improve
the prediction,we employ theprocedureadoptedn CALIC
[10], which is a stateof art losslesscompressiorscheme.
It employs gradientadjustedorediction(GAP) andcontext-
baseccoding.By employing thesein interframecoding,we
canexploit both intraframeandinterframecorrelationand
canreducetheaboveresidue.
Estimatethe gradientsn imageby

dp, = |im(z—1,y,2) —im(z —2,y,2)| +
lim(z,y —1,2) —im(z — 1,y — 1,2)| +
lim(z,y —1,2) —im(z + 1,y — 1, 2)|

dy = |im(z— ly, 2) —im(z — 1,y — 1,2)| +
im(@,y — 1,2) — im(z,y - 2,2)] +
|im(a:+1y 1,2) —im(z + 1,y — 2,2)|.



where,dy, d, arethe estimatesof horizontaland vertical
gradientsrespectiely.

The predictionip(z,y) is improved by (refer to CALIC
[10Q]) usingtheabove estimatedyradientsaasfollows:

IF ((dy — dp) > 80) {sharphorizontaledgg
ip(x,y) = im(z —1,y,2)
ELSEIF ((d, — dp) < —80) {sharpverticaledge
ip(z,y) = im(z,y — 1,2)
ELSE{
ip(z,y) = | (1 = o)[(1 = B) im(X,Y,1)
+8im(X+1LY,D]+o[(1-70)
im(X,Y+1L,1)+3im(X +1,Y +1,1)] |
IF ((dy — dp) > 32) { horizontaledge

iple,y) = L3 lip(a,y) +im(z ~ 1,y,2)]
ELSEIF ((d, — dp) > 8) {weakhorizontaledgg

iple,y) = L 33ip(z,9) + im(e — 1,3,2)]
ELSEIF ((dy, —dp) < —32) {verticaledgg

. 1. ,
iw(w,y) = L 5lip(e,y) +im(z,y - 1,2)]|
ELSEIF ((d, — dp) < —8) {weakverticaledgg
. 1. .
ip(z,y) = | 7 Bip(e,y) +im(z,y —1,2)] |
}.
The predictionerror strongly correlateso the smoothness

of the image aroundthe predictedpixel im(z,y,2). To
modelthis correlation formulateanerrorenegy estimator

A =dp+dy+ |ewl,

wheree,, = im(z — 1,y,2) — ip(z — 1, y) (previouspre-
dictionerror)andquantizednto eightlevels. Theresiduds
classifiedinto one of thesebins. The above bin levelsand
thresholdsettingsfor GAP aretakenfrom [10]. In addition
to this, texture contexts canbeformedto capturethetexture
patternsand behaviour of error. Form the compoundcon-
text C' by combiningtexture contexts andenegy contexts.
Thetexture contexts areformedwith 3 causalneighborsn
the currentframeand5 neighboursn the previousframeas
follows:
C = [im(z,y—1,2) im(z—1,y,2)
im(z—1,y—1,2) im(z — 1,y + 1,1)
im(z,y,1) im(z,y +1,1)
im(z + 1,y,1) im(z + 1,y + 1,1)].
QuantizeC' into an 8-ary binary numberby usingip(z, y)
asathreshold:

o= 1,002 i)

1, otherwise

Classifytheerrorinto oneof thecompoundontexts (o, §),
whereq is the enegy context and g is the texture context.
Thesecompoundcontexts areformedby combiningtheen-
ergy contexts and texture contexts. This can be viewed
asproductquantizatiorof two independenimagefeatures.
Accumulatetheerrorin eachcontext andmaintainthenum-
ber of occurrence®f eachcontext. The meanof errorsin
eachcontet is the mostlikely error. Add this meanerror
asabiasto the earlierprediction. Let ipc(z, y) denotethe
correctedpredictionandis givenby

ip(z,y) + |bias]
in(z,y,2) —ipc(z,y)

ipe(z,y)
resde(z,y) =

wherebias = error(a, 8)/N(a, 8), whereN («, 3) is the
numberof occurrencesinderror(a, 8) is theaccumulated
errorof thecompoundtontet («, §) andresdc(zx,y) is the
erroraftertheimprovedprediction.

To be ableto repeatthe processat the decodertake the
accumulateckrrorsup to previous error. This is similar to
feedbackwith a time delayof oneunit. Updatethe errors
andcountsof eachcontext.

In addition to improving the estimated value of
im(z,y,2), we can predictthe sign of the residueby us-
ing the estimatedmeanof the presentcontext. The signis
predictedasfollows:

IF {error(a, 8) < 0} send — resdc(z,y)
ELSE sendresdc(z, y)-

At thedecoderthereverseoperationcanbe doneby main-
tainingthe samecontext errorsandcounts.Thesignpredic-
tion helpsin reducingthe entrogy of the residuesincethe
uncertainityin the signbit reducesWe classifytheresidue
resde(z,y) into eight enegy contets as describedabove
andusearithmeticcodingin eachcontext to further com-
presstheresidue.

4. Resultsand Discussion

We comparethe proposed’Context-basednterframecod-
ing using nonuniform mesh” with CALIC and uniform
mesh-basethterframecoding. We have foundthatthe per
formanceof uniform mesh-basedoding improvesby in-
corporatingcontext-basecdcodingasexplainedin the previ-
oussection. We comparethe performanceof our scheme
with the original uniform mesh-basedoding proposedy
Nakayaetal [11] andAria etal [1]. We haveuse®56x256,
8-bit MR sequencewith slicethicknessof 1 mm provided
by National Institute of Mental Healthand NeuroSciences
(NIMHANS), Bangalore.



frames| calic| uniforn} context| non- context
based | uniform| based
uniforny nonuniformy
1,2 5.71| 3.97 5.28 5.51 5.86
2,3 5.34| 3.82 5.06 5.25 5.58
15,16 | 3.62| 2.79 3.49 3.6 3.78
16,17 | 3.62| 2.72 3.45 3.55 3.76
28,29 | 3.28| 2.54 3.14 3.3 3.48
29,30 | 3.25| 2.47 3.07 3.23 3.39

Tablel: Compressiomatios. (Note: "frames1, 2” means
thatframe2 is compensatetlasedon framel.)

Table-1comparesheperformancegcompressiomatios)
of the abore mentionedschemes.The resultsinclude the
side informationfor motion vectors. The compressiona-
tios arecalculatedasfollows:

256 * 256 * 8
8% + nob

wheresi is sideinformationandnob is the numberof bits
for residueafterarithmeticcoding.

Figure 2 shaws the original two consecutie MR im-
agesandthe direct pixel to pixel differencesof the origi-
nal images. Figure 3 shavs nonuniformmeshon slices1
and2. Figure4 shows the residuedor the uniform mesh-
basedtecniqueswithout and with context-basedmodeling
andnonuniformmesh-basethotioncompensatioschemes
with context-basedmnodeling.Clearly, themodifiedscheme
exploits the intra and inter frame correlationmore effec-
tively andreducegheentropy of theresidues.
Thefollowing reasonsnay accounffor the superiorperfor
manceof the proposedscheme:

compressionratio(CR) =

1. Theuniformmeshmodelis inadequatsinceeachele-
mentmay have multiple motions.

2. CALIC effectively exploits intraframecorrelationbut
notinterframecorrelation.

3. By incorporatingcontext basedmodelsin interframe
coding(both uniform andnonuniform),bothinter and
intraframecorrelationareexploited.

4. We generatsmonuniformmeshin suchaway thatonly
theobjectin theimageis meshedandtheair regionis
left out. This straightavay improvesthe performance
of the scheme.This kind of meshcodingcanbe con-
sideredas”objectbasedcoding”employedin MPEG-4
andthisis achievedwithoutany additionalshapéanfor-
mation.

5. Conclusion

A losslesscontect-basedhonuniformmesh-basedodingis
proposed.Both intra andinterframecorrelationcanbe ef-
fectively exploited by employing context-basedmodelsin

mesh-basedoding schemes. The proposedschemecan
alsobe usedfor lossycompressiorschemesSinceresidue
containsverylittle information,it canbequantizecdcoarsely
without degradingthe quality of the image. Hencehigh
compressiomatioscanbe achieved.
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Figure2: Correlationbetweersuccessie slices.(a) slice 1 (b) slice 2 (c) directdifferencebetweerpixelsof slicesl and?2.

Figure3: Nonuniformmeshon (a) slice 1 (b) slice2
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Figure4: Performanceomparison.Residueafter (a) uniform mesh-basedompensatiorfb) context and uniform mesh-
basedcompensatiorfc) context andnonuniformmesh-basedompensationThe residueshave beenlevel shiftedto include
bothnegative andpositive differences.
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