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ABSTRACT

Existing schemedor 3-D MagneticResonancéMR) im-
ages,suchas block matchingmethodand uniform mesh-
basedschemeareinadequateo modelthe motionfield of
MR sequencédecausaleformationwithin a meshelement
may not all be similar. We proposea schemeconsisting
of (a) content-basedneshgeneratiorusing optic flow be-
tweentwo consecutre images(b) forward motion track-
ing (c) motion compensatiorusing affine transformation
and (d) context-basedmodeling. We also proposea sim-
ple schemeto overcomeapertureproblemat edgeswhere
anaccurateestimationof motionvectorsis not possible By
usingcontext-basednodeling,motioncompensationields
a betterestimateof the next frame andhencea lower en-
tropy of theresidue.The obtainedaveragecompressioma-
tio of 4.3is betterthanthevaluesof 4, achiesedby CALIC,
and3, by the existing uniform mesh-baseéhterframecod-
ing scheme.

1. INTRODUCTION

In the medicalimagescenarioJossycompressiorschemes
arenotuseddueto apossibldossof usefulclinical informa-
tion. Operationdike enhancemennayresultin accentuat-
ing the degradationscausedy lossy compression.Hence
thereis a needfor efficient losslesscompressiorschemes
for medicalimagedata. Severallosslessschemedasedon
linearpredictionandinterpolation[3] have beenproposed.
Recently context basecapproachj6], hasgainedpopularity
sinceit canenhancehe performancef theabore schemes.
Theseschemegxploit the correlationwithin theframe.

3-D MR imagesare correlatedboth within and across
the slices. Earlier attemptsto exploit the correlationin the
third dimensionresultedin decreasén compressiorper
formance. A closelook into the MR sequenceseveals
thatthereis somedeformatiorbetweertwo consecutre se-
guencesThisis dueto changen neuronabensityfromone
level to another Rooset al., [4] modeledthis deformation
as"motion” andemployedcorventionalblock-matchingal-
gorithm (BMA). This alsoresultedin reductionin perfor
mance. Theseschemesassumedeformation(motion) due
to translationonly. But thedeformationn MR sequences
more complex thana meredisplacementHence,schemes

basecon BMA do notadequatelynodeltheinterframede-
formations. Aria et al., [1] proposeda schemebasedon
spatialtransformationghat modelrotation, translationand
scalingto modelthe deformationsn MR sequenceHow-
ever, this modelis inadequatesinceit usesuniform mesh
elementsyherein pixelswithin aelemenmayhave differ-
entmotions.

In this paper we proposea schemeconsistingof (a)
content-basedneshgenerationusing optic flow between
two consecutie images(b) forward motion tracking (c)
motion compensatiorusing affine transformationand (d)
contt-basednodeling. We alsoproposea simplescheme
to overcomeapertureproblemat edgeswherean accurate
estimationof motion vectorsis not possible. We alsouse
contet-basedmnodelingto furtherimprove thescheme.

2. CONTENT-BASED MESH DESIGN

In mesh-basedchemestheimageis dividedinto triangular
elementsandthe deformationof eachelemenin the subse-
guentframeis modeledby a spatialtransformation.In the
caseof uniform meshelementsan elementcontainsmul-
tiple deformationsandhencea spatialtransformatiorcan-
not adequatelymodelthesedeformations.Hence,thereis
a needfor a content-basedheshwhich assignsdenseele-
mentsto regionswith largedeformationsandfew elements
to smoothregions.Here,weusetheschemeroposedn [7],
which placesnodepointsin sucha way that meshbound-
ariesalign with object boundariesand the density of the
nodepointsis proportionalto the local deformationgmo-
tion). The densityof meshelementss basedon the optic
flow of theregion. Thedensityis highin theregionsof high
optic flow andvice versa.Hence this schemeaequiresthe
computatiorof optic flow betweerntwo consecutie frames.
We computethe optic flow using the methodof Horn-
Schunck[2]. This is a gradient-basednethodwhich as-
sumesconsenation of intensity betweentwo imagesand
givesa smoothoptic flow ascomparedo BMA. Let I}, and
I.+1 bethecurrentandnext framesrespectiely. Meshis
to be generatedn I, by takingits spatialinformationand
optic flow betweenI; andI;;. Let DFD(z,y) bethe
displacedramedifferencewhich canbe computedas



DFD(z,y) =
jk(xay) =

Ii(z,y) — jk(wﬂy)
Ipt1(z —u,v —u)

where, I (2, y) is an estimationof T (z,y) basedon the
opticflow vector(u, v). Theprocedurdor meshgeneration

is givenbelow:

1. Labelall pixelsas”unmarked”.
2. Compute the average displaced frame difference
DFD,,, asgivenbelow:

DFD(z,y)?
DFDgyy = %
(z,y)

where,K is thenumberof unmarledpixels.

3. Find the edgemap of the imageusing”Canry” edge
operator

4. Selectapixelasa’node” if it is "unmarked” andfalls
on a spatialedgeandis sufficiently away from all the
previously markedpixels..

5. Grow a circle about this node point until
S(DFD(z,y))? in this circle is greater than
DFDg,,,. Label all pixels within the circle as
"marked”.

6. Go to step-2until requirednumberof nodesare se-
lected,or the distancecriterionis violated.

7. Giventhe selectechodes apply a delaunaytriangula-
tion to obtaintherequiredcontent-basethesh.

In this work, the minimum distancebetweentwo nodesis
keptat 12 anda maximumof 200nodess chosen.

3. MOTION COMPENSATION

Motion compensatiomethodsdivide imagesinto local re-

gionsandestimatefor eachregion a setof motion parame-
ters. The procedurghatsynthesizeshe predictedmageof

the (k+1)th frame I;.,; from the previousframe I} canbe

regardedasanimagewarping. The geometricrelationship
betweenka andI; canbedefinedby the affine transfor

mation[1]:

U = 01T + a2y + a;3
UV = G + ajsY + Qi 1)

wherea;; 10 a;6 arethesix deformationparametersf the
ith element. (u,v) arethe coordinatesn I corresponding

to the coordinateqz,y) in Ix+1. The parameterganbe
computedf thethreenodepoint correspondences theith

elementin (k + 1)th and k th framesare known. These
correspondenceasnbe obtainedeitherfrom the computed
optic flow or using simple block matchingalgorithm. We

usethe latter methodsince motion vectorsfrom the optic

flow do not ensurethe meshconnectvity. Hence,prepro-
cessings neededo enforcethis connectvity. Insteadwe

employ BMA algorithmwhich ensuresneshconnectvity.

Wetakeal6 x 16 blockwith thenodeasthecenter We
assumehatthemaximumdisplacemendf nodeis notmore
than5 pixels. We move the block in the next framewithin
aregion of 5 x 5 and choosethe positionwith minimum
meansquaredifferenceasthe correspondingiodepointin
thenext frame. The differencebetweerthetwo positionsis
sentto the decoderassideinformation. The above proce-
dureis repeatedor all thenodesandthetriangularelements
aredeformedaccordingly

We rasterscarthepixelsin I4, th frameandfind theap-
propriatecoordinate(u, v) in the previousframeusingthe
correspondingneshelements affine transformation. The
coordinate(u, v) in kth frame may not correspondo the
grid pixel. We usebilinearinterpolationto estimatethein-
tensityat thesecoordinates We usethe roundingoperator
sothatthe predictedvaluesareintegersso thatthe residue
ascalculatedbelow canbeentropy codedwithoutary loss.

resd(:c, y) = Ik+1 (Z’, y) - Ik+1 (.CL', y) (2)
The motionvectorsat intensityedgescannotbe calculated
accuratelydueto the apertureproblem. To overcomethis
problem,we estimatethe pixel valuesat edgepointsusing
thecausaheighborhoodnformationin the sameframeand
pixel valuesin smoothregions(texture etc.,)from the pre-
vious frame,wherethe motion estimationis accurate.The
algorithmis givenbelow:
IF  (Ixy1(z,y) isonedge)

Ii1(z,y) = It (z — 1,y) horizontaledge

Iji1(z,y) = Inpq (z,y — 1) verticaledge
ELSE

determinely  (z,y) from affine transformation.
The above algorithm effectively exploits the linear corre-
lation of neighborhoodoixels. The residuecanbe further
compressethy Huffman or Arithmetic coderby assuming
thatthe residuepixels areindependenaindidentically dis-
tributed (memoryless). Advancedsourcemodelscan be
usedto effectively compresghe residue.We useonesuch
sourcemodelgivenby Xiaolin Wu etal., [6].

4. SOURCE MODELING

Statisticalmodelingof the sourcebeing compresseglays
an importantrole in ary datacompressiorscheme. Ad-

vanceshave beenmade[6] in building sourcemodelsthat
can predict a symbol with a higher probability than the
memorylesamodel and there by achieve higher compres-
sion. Thesemodelsemploy contets or conditioningevents
to exploit intersymboldependencied.et X bethe ensem-
ble of sequencegmittedby the the sourceandY be the
ensembleof correspondingcontexts. One can shav that
H(X) < H(X/Y). where, H(X) is the self informa-
tion and H(X/Y) is the mutualinformation of X given
Y. Hence,by appropriatelyforming contexts one canre-

ducetheentropy of theresiduesbtainedn thelastsection.
Here,we usethe proceduragivenin [6].



The estimationof I, (z,y) by the algorithmgivenin
the previous sectionexploits only linear redundang. It
doesnot completelyremove the statisticalredundang in
the image sequence.The predictionerror strongly corre-
lateswith thesmoothnessf theimagearoundthe predicted
pixel I41(x,y). To modelthis correlation,formulatean
errorenegy estimator

A =dp + dy + |ew],

wheree,, = Iy11(z,y) — Iry1(z,y) (previous prediction
error) andd;, andd, denoteestimationof horizontaland
vertical edges. This enegy estimatoris quantizedinto 8
levels[6]. Theresidueresd(z,y) is classifiedinto oneof
thesebins. By conditioningthe errordistribution on A, we
canseparatehe predictionerrorsinto classeof different
variances. Thus, entropy coding of errorsusing the esti-
matedconditionalprobability p(resd/A) improvescoding
efficiency over p(resd).

In additionto this, we can capturehigher orderimage
patterndik e texture patterndy forming additionalcontexts
C. Weformthesecontexts C' with 3 causaheighborsn the
currentframeand5 neighborsn the previousframe:

C = [zm(a:,y—l,Z) Ik+1(x_17y)

Ik_H_(.’L' — 1,y — 1,2) Ik+1($ — 1,y—|— 1)
Iy (z,y) In(z,y + 1)
Ii(z +1,y) Ir(z + 1,y + 1)].

We quantize C' into an 8-ary binary number by using
Iy11(z,y) asathreshold:

C(k) — {0, if C(k) Z jk-i-l (;v,y)

1, otherwise

We form a compoundcontext by combiningthe above
contet C' with the 4 levels of enegy context A. Classify
the errorinto one of the compoundcontexts (a, 3), where
a is the enegy context and 3 is the texture context. This
canbe viewed asproductquantizationof two independent
imagefeatures. We accumulatethe error in eachcontext
and maintainthe numberof occurrence®f eachcontext.
We canassumehatwe make similar errorsunderthe same
contt. Hence,by addingthe meanof errorsin eachcon-
text asa biasto the earlierprediction, the predictionerror
reduces.To be ableto repeatthis at the decoderwe cal-
culatethe meanuptothe previouserror. Thisis afeedback
mechanisnwith onetime unit delay Let I, (z, y) denote
thecorrectedprediction,givenby

Deri(@y) = Ippa(z,y) + |bias|
Iy (z,y) — I (z,y)  (3)
wherebias = error(a, 8)/N(a, 8), whereN (a, 3) is the

numberof occurrencesnderror(a, () is theaccumulated
errorof thecompounctontext (a, 8) andresde(z, y) is the

resde(z,y) =

error after the improved prediction. Updatethe errorsand
countsof thecontext..

In addition to improving the estimated value of
I+1(x,y), we canpredictthe signof theresidueusingthe
estimatedneanof the presentontext. Thesignis predicted
as:

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

At thedecoderthereverseoperationcanbe doneby main-
tainingthe samecontext errorsandcounts.Thesignpredic-

tion helpsin reducingthe entropy of the residuesincethe
uncertainityin the signbit reducesWe classifytheresidue
resdc(z,y) into eight enegy contets as describedabove
andusearithmeticcodingin eachcontext to further com-
presstheresidue.

5. RESULTS AND DISCUSSION

We comparegheproposedchemeavith CALIC anduniform
mesh-basethterframecoding. We have used256 x 256, 8-
bit MR sequencesvith slice thicknessof 1 mm provided
by National Institute of Mental Healthand NeuroSciences
(NIMHANS), Bangalore We needto sendthe locationsof
nodepointsandmotionvectorsasa sideinformationto the
decoderWe generateneshin two ways. In thefirst method
(SchemeA), meshis generatecbn frame k by using the
optic flow betweenframesk andk + 1. This requiresthe
nodepointsto be sentasa sideinformation. In the second
method(SchemeB), meshis generatedn framek by using
the optic flow betweerframesk andk — 1. Here,only mo-
tion vectorsof the nodesbetweerframesk andk + 1 need
to be sentasa side information. Hencethe sideinforma-
tion to be sentis lessin this case.The performanceén terms
of compressiomatio in the Table1 shavs thatthereis only
a maminal improvementby the secondmethod. However,
if alossycompressionvererequired,secondnethodwould
giveabettercompressiomatio sincesideinformationwould
beless.

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

256 x 256 x 8

compressionratio(CR) = T mob
si 4+ no

wheresi is sideinformationandnob is the numberof bits
for residueafterarithmeticcoding.

Figure 1 shaws the original two consecutie MR im-
ages. Figure 2 shawvs nonuniformmeshon sframesl and
2. Figure 3 shaws the residuesafter direct difference,mo-
tion compensationwith spatialtransformatiorandnonuni-
form mesh-basethotioncompensatioschemewith source
modeling. Clearly, the modified schemeexploits the intra



andinter framecorrelationmoreeffectively andreduceghe
entropy of theresidues.

Thefollowing reasonsnayaccountfor the superiorper
formanceof the proposedscheme:(1) The uniform mesh
modelis inadequatsinceeachelementmay have multiple
motions. (2) CALIC effectively exploits intraframecorre-
lation but not interframecorrelation. (3) By incorporating
sourcemodelsin interframecoding, complex correlation
areexploitedin additionto linearcorrelation.(4) Theaper
ture problemin optic flow estimationis avoidedby estimat-
ing pixelson intensitygradientsbasedon neighborhoodf
thesameplane.(5) We generatenonuniform meshin such
a way that only the objectin the imageis meshedandthe
air region is left out. This straightaway improvesthe per
formanceof the scheme.This kind of meshcodingcanbe
consideredis”object basedcoding” employedin MPEG-4
andthis is achievedwithout ary additionalshapeinforma-
tion.

6. CONCLUSION
The proposedschemeobtains an improved performance
comparedo the existing interframecodingschemegor 3-
D MR images.This canalsobe usedfor lossycompression
schemes.Sinceresiduecontainsvery little information, it
canbe quantizedcoarselywithout degradingthe quality of
the imagethereby achieving high compression.Thexist-
ing uniformmeshbasedschemecanalsobeimprovedusing

contet-basedsourcemodeling.
Tablel: Compressiomatios. (Note: "frames1, 2” means

thatframe2 is compensatetlasedon framel.)

frames| calic| uniform non Scheme SchemeB
A
uniforny

1,2 5.71| 3.97 - - -

2,3 5.34| 3.82 4.97 5.54 5.61
15,16 | 3.62| 2.79 3.35 3.74 3.8
16,17 | 3.62| 2.72 3.32 3.73 3.78
28,29 | 3.28| 2.54 3.13 3.44 3.49
29,30 | 3.25| 2.47 3.03 3.34 3.39
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Figurel: An example,?rame 2 to be compensatedfsing
framel. (a) framel (b) frame2
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Figure3: Residuesbtainedby (a)dfrectdifference(b)%o—
tion compensatiomnisingspatialtransformatiorand(c) mo-
tion compenasatioy spatial transformationand Source
modeling
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