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ABSTRACT

Existing schemesfor 3-D MagneticResonance(MR) im-
ages,suchas block matchingmethodanduniform mesh-
basedscheme,areinadequateto modelthemotionfield of
MR sequencebecausedeformationwithin a meshelement
may not all be similar. We proposea schemeconsisting
of (a) content-basedmeshgenerationusingoptic flow be-
tweentwo consecutive images(b) forward motion track-
ing (c) motion compensationusing affine transformation
and (d) context-basedmodeling. We also proposea sim-
ple schemeto overcomeapertureproblemat edgeswhere
anaccurateestimationof motionvectorsis notpossible.By
usingcontext-basedmodeling,motioncompensationyields
a betterestimateof the next frameandhencea lower en-
tropy of theresidue.Theobtainedaveragecompressionra-
tio of 4.3is betterthanthevaluesof 4, achievedby CALIC,
and3, by theexisting uniform mesh-basedinterframecod-
ing scheme.

1. INTRODUCTION
In themedicalimagescenario,lossycompressionschemes
arenotuseddueto apossiblelossof usefulclinical informa-
tion. Operationslike enhancementmayresultin accentuat-
ing the degradationscausedby lossycompression.Hence
thereis a needfor efficient losslesscompressionschemes
for medicalimagedata.Several losslessschemesbasedon
linearpredictionandinterpolation[3] have beenproposed.
Recently, context basedapproach[6], hasgainedpopularity
sinceit canenhancetheperformanceof theaboveschemes.
Theseschemesexploit thecorrelationwithin theframe.

3-D MR imagesare correlatedboth within and across
theslices.Earlierattemptsto exploit thecorrelationin the
third dimensionresultedin decreasein compressionper-
formance. A close look into the MR sequencesreveals
thatthereis somedeformationbetweentwo consecutivese-
quences.Thisis dueto changein neuronaldensityfrom one
level to another. Rooset al., [4] modeledthis deformation
as”motion” andemployedconventionalblock-matchingal-
gorithm (BMA). This alsoresultedin reductionin perfor-
mance. Theseschemesassumedeformation(motion) due
to translationonly. But thedeformationin MR sequencesis
morecomplex thana meredisplacement.Hence,schemes

basedon BMA do not adequatelymodeltheinterframede-
formations. Aria et al., [1] proposeda schemebasedon
spatialtransformationsthatmodelrotation,translationand
scalingto modelthe deformationsin MR sequence.How-
ever, this model is inadequatesinceit usesuniform mesh
elements,wherein pixelswithin aelementmayhavediffer-
entmotions.

In this paper, we proposea schemeconsistingof (a)
content-basedmeshgenerationusing optic flow between
two consecutive images(b) forward motion tracking (c)
motion compensationusing affine transformationand (d)
context-basedmodeling.We alsoproposea simplescheme
to overcomeapertureproblemat edgeswherean accurate
estimationof motion vectorsis not possible. We alsouse
context-basedmodelingto furtherimprovethescheme.

2. CONTENT-BASED MESH DESIGN

In mesh-basedschemes,theimageis dividedinto triangular
elementsandthedeformationof eachelementin thesubse-
quentframeis modeledby a spatialtransformation.In the
caseof uniform meshelements,an elementcontainsmul-
tiple deformations,andhencea spatialtransformationcan-
not adequatelymodel thesedeformations.Hence,thereis
a needfor a content-basedmeshwhich assignsdenseele-
mentsto regionswith largedeformations,andfew elements
tosmoothregions.Here,weusetheschemeproposedin [7],
which placesnodepoints in sucha way that meshbound-
ariesalign with object boundariesand the densityof the
nodepointsis proportionalto the local deformations(mo-
tion). The densityof meshelementsis basedon the optic
flow of theregion. Thedensityis highin theregionsof high
optic flow andvice versa.Hence,this schemerequiresthe
computationof opticflow betweentwo consecutiveframes.

We computethe optic flow using the methodof Horn-
Schunck[2]. This is a gradient-basedmethodwhich as-
sumesconservation of intensity betweentwo imagesand
givesasmoothoptic flow ascomparedto BMA. Let

���
and�������

be the currentandnext framesrespectively. Meshis
to begeneratedon

���
by taking its spatialinformationand

optic flow between
� �

and
� �����

. Let �	�
����
������ be the
displacedframedifferencewhichcanbecomputedas
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where, �� � ��
������ is an estimationof

� � ��
������ basedon the
opticflow vector �� ���"%� . Theprocedurefor meshgeneration
is givenbelow:

1. Labelall pixelsas”unmarked”.
2. Compute the average displaced frame difference�	�
�'&�(*) asgivenbelow:�	�
�'&�(*)
�,+-/.10 2�3 �	�
����
������546

where,
6

is thenumberof unmarkedpixels.

3. Find the edgemapof the imageusing”Canny” edge
operator.

4. Selecta pixel asa ”node” if it is ”unmarked” andfalls
on a spatialedgeandis sufficiently away from all the
previouslymarkedpixels..

5. Grow a circle about this node point until7 �8�	�
����
���������4 in this circle is greater than�	�
� &�(*) . Label all pixels within the circle as
”marked”.

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

7. Giventhe selectednodes,applya delaunaytriangula-
tion to obtaintherequiredcontent-basedmesh.

In this work, the minimum distancebetweentwo nodesis
keptat 12 andamaximumof 200nodesis chosen.

3.. MOTION COMPENSATION
Motion compensationmethodsdivide imagesinto local re-
gionsandestimatefor eachregion a setof motionparame-
ters.Theprocedurethatsynthesizesthepredictedimageof
the (k+1)th frame 9� ����� from theprevious frame

� �
canbe

regardedasan imagewarping. Thegeometricrelationship
between 9� ����� and

� �
canbedefinedby theaffine transfor-

mation[1]:  :�<;%= � 
?>@;A= 4 �
>B;%=/C"?�<;%=EDF
?>@;A=/G��
>B;%=/H (1)

where ;%= � to ;%=/H arethesix deformationparametersof theI
th element.(  ," ) arethe coordinatesin

� �
corresponding

to the coordinates( 
�� y) in
� ���J�

. The parameterscan be
computedif thethreenodepointcorrespondencesof the

I
th

elementin �LKM>ONF� th and K th framesare known. These
correspondencescanbeobtainedeitherfrom thecomputed
optic flow or usingsimpleblock matchingalgorithm. We
usethe latter methodsincemotion vectorsfrom the optic
flow do not ensurethe meshconnectivity. Hence,prepro-
cessingis neededto enforcethis connectivity. Instead,we
employ BMA algorithmwhich ensuresmeshconnectivity.

We takea NFPRQSNTP blockwith thenodeasthecenter. We
assumethatthemaximumdisplacementof nodeis notmore
than5 pixels. We move theblock in thenext framewithin
a region of UVQ@U andchoosethe positionwith minimum
meansquaredifferenceasthecorrespondingnodepoint in
thenext frame.Thedifferencebetweenthetwo positionsis
sentto the decoderassideinformation. The above proce-
dureis repeatedfor all thenodesandthetriangularelements
aredeformedaccordingly.

Werasterscanthepixelsin
� ���J�

th frameandfind theap-
propriatecoordinate�� J��"�� in the previous frameusingthe
correspondingmeshelement’s affine transformation.The
coordinate �� J��"�� in K th frame may not correspondto the
grid pixel. We usebilinear interpolationto estimatethein-
tensityat thesecoordinates.We usethe roundingoperator
so that thepredictedvaluesareintegersso that the residue
ascalculatedbelow canbeentropy codedwithout any loss.WYX[ZF\ ��
������]� �T����� ��
��������^9������� ��
������ (2)

Themotionvectorsat intensityedgescannotbecalculated
accuratelydueto the apertureproblem. To overcomethis
problem,we estimatethepixel valuesat edgepointsusing
thecausalneighborhoodinformationin thesameframeand
pixel valuesin smoothregions(textureetc.,)from thepre-
vious frame,wherethemotionestimationis accurate.The
algorithmis givenbelow:
IF (

� ����� ��
������ is on edge)9�����J� ��
������_� ������� ��
	�`Na����� horizontaledge9�����J� ��
������_� ������� ��
����b�`NY� verticaledge
ELSE

determine 9�T����� ��
������ from affine transformation.
The above algorithm effectively exploits the linear corre-
lation of neighborhoodpixels. The residuecanbe further
compressedby Huffmanor Arithmetic coderby assuming
that the residuepixelsareindependentandidenticallydis-
tributed (memoryless). Advancedsourcemodelscan be
usedto effectively compressthe residue.We useonesuch
sourcemodelgivenby Xiaolin Wu et al., [6].

4.. SOURCE MODELING
Statisticalmodelingof the sourcebeingcompressedplays
an important role in any datacompressionscheme. Ad-
vanceshave beenmade[6] in building sourcemodelsthat
can predict a symbol with a higher probability than the
memorylessmodel and thereby achieve higher compres-
sion.Thesemodelsemploy contextsor conditioningevents
to exploit intersymboldependencies.Let c betheensem-
ble of sequencesemittedby the the sourceand d be the
ensembleof correspondingcontexts. One can show thate ��c!�gf e ��cih�d#� . where,

e ��cS� is the self informa-
tion and

e ��cih�d#� is the mutual information of c givend . Hence,by appropriatelyforming contexts onecanre-
ducetheentropy of theresiduesobtainedin thelastsection.
Here,weusetheproceduregivenin [6].



The estimationof
� ����� ��
������ by the algorithmgiven in

the previous sectionexploits only linear redundancy. It
doesnot completelyremove the statisticalredundancy in
the imagesequence.The predictionerror strongly corre-
lateswith thesmoothnessof theimagearoundthepredicted
pixel

�T����� ��
������ . To model this correlation,formulatean
errorenergy estimatorj � \%k > \ ( >ml XYn lo�
where XYn � � ����� ��
������p�q9� ����� ��
������ (previousprediction
error) and \Ak and \ ( denoteestimationof horizontaland
vertical edges. This energy estimatoris quantizedinto 8
levels [6]. The residueW[X[ZF\ ��
������ is classifiedinto oneof
thesebins. By conditioningtheerrordistribution on

j
, we

canseparatethe predictionerrorsinto classesof different
variances. Thus, entropy coding of errorsusing the esti-
matedconditionalprobability r�� WYX[ZF\ h j � improvescoding
efficiency over r�� W[X[ZF\ � .

In addition to this, we can capturehigher order image
patternslike texturepatternsby formingadditionalcontextss

. Weform thesecontexts
s

with 3 causalneighborsin the
currentframeand5 neighborsin thepreviousframe:s � t Ivu ��
����R�gNw�*xw� � ����� ��
	�`Na������������ ��
:�`Na���#�gNw�*xw� ������� ��
:�`Na���y>zNF���� ��
������ ��� ��
����
>zNF���� ��
'>{Na����� ��� ��
?>{Na���
>{NY�v|v}
We quantize

s
into an 8-ary binary number by using9������� ��
������ asa threshold:s �8K��_�^~�� � if

s �8K���� 9� ����� ��
������Nw� otherwise}
We form a compoundcontext by combiningthe above

context
s

with the 4 levelsof energy context

j
. Classify

theerror into oneof the compoundcontexts ���]���J� , where� is the energy context and � is the texture context. This
canbe viewed asproductquantizationof two independent
imagefeatures. We accumulatethe error in eachcontext
and maintainthe numberof occurrencesof eachcontext.
We canassumethatwe make similar errorsunderthesame
context. Hence,by addingthemeanof errorsin eachcon-
text asa biasto the earlierprediction,the predictionerror
reduces.To be able to repeatthis at the decoder, we cal-
culatethemeanuptothepreviouserror. This is a feedback
mechanismwith onetimeunit delay. Let �� ����� ��
������ denote
thecorrectedprediction,givenby��T����� ��
�������� 9�T����� ��
�������>��8� I ; Z��W[X[ZF\a� ��
�������� � ����� ��
�������� �� ����� ��
������ (3)

where � I ; Z � XFWFW[�YW ���]���J��h��@���]����� , where �@���]����� is the
numberof occurrencesand XFWYW[�YW ���]����� is theaccumulated
errorof thecompoundcontext ���]����� and W[X[ZF\a� ��
������ is the

error after the improvedprediction. Updatethe errorsand
countsof thecontext..

In addition to improving the estimated value of� ����� ��
������ , we canpredictthesignof theresidueusingthe
estimatedmeanof thepresentcontext. Thesignis predicted
as:

IF � XFWYWY�YW �8�_������� ��� send � W[X[ZF\a� ��
������
ELSE send W[X[ZF\a� ��
�������}

At thedecoder, thereverseoperationcanbedoneby main-
tainingthesamecontext errorsandcounts.Thesignpredic-
tion helpsin reducingthe entropy of the residuesincethe
uncertainityin thesignbit reduces.We classifytheresidueW[XYZF\A� ��
������ into eight energy contexts asdescribedabove
andusearithmeticcoding in eachcontext to further com-
presstheresidue.

5. RESULTS AND DISCUSSION
Wecomparetheproposedschemewith CALIC anduniform
mesh-basedinterframecoding.WehaveusedxwUwP�Q�xaU1P , 8-
bit MR sequenceswith slice thicknessof 1 mm provided
by NationalInstituteof Mental HealthandNeuroSciences
(NIMHANS), Bangalore.We needto sendthelocationsof
nodepointsandmotionvectorsasa sideinformationto the
decoder. Wegeneratemeshin two ways.In thefirst method
(SchemeA), meshis generatedon frame K by using the
optic flow betweenframes K and K'>�N . This requiresthe
nodepointsto besentasa sideinformation. In thesecond
method(SchemeB), meshis generatedonframe K by using
theoptic flow betweenframesK and K?�gN . Here,only mo-
tion vectorsof thenodesbetweenframesK and K#>zN need
to be sentasa side information. Hencethe side informa-
tion to besentis lessin thiscase.Theperformancein terms
of compressionratio in theTable1 shows thatthereis only
a marginal improvementby the secondmethod.However,
if a lossycompressionwererequired,secondmethodwould
giveabettercompressionratiosincesideinformationwould
beless.

Table-1comparestheperformances(compressionratios)
of the above mentionedschemes.The resultsinclude the
sideinformationfor motion vectors. The compressionra-
tiosarecalculatedasfollows:��� u r W[X[ZYZ I �Y��W ;A� I � � s�� �_� xwU1P?Q�xwUwPbQV�Z I > ��� �
where Z I is sideinformationand ��� � is thenumberof bits
for residueafterarithmeticcoding.

Figure 1 shows the original two consecutive MR im-
ages.Figure2 shows nonuniformmeshon sframes1 and
2. Figure3 shows theresiduesafter directdifference,mo-
tion compensationwith spatialtransformationandnonuni-
form mesh-basedmotioncompensationschemewith source
modeling. Clearly, the modifiedschemeexploits the intra



andinter framecorrelationmoreeffectively andreducesthe
entropy of theresidues.

Thefollowing reasonsmayaccountfor thesuperiorper-
formanceof the proposedscheme:(1) The uniform mesh
modelis inadequatesinceeachelementmayhave multiple
motions. (2) CALIC effectively exploits intraframecorre-
lation but not interframecorrelation. (3) By incorporating
sourcemodelsin interframecoding, complex correlation
areexploitedin additionto linearcorrelation.(4) Theaper-
tureproblemin opticflow estimationis avoidedby estimat-
ing pixelson intensitygradientsbasedon neighborhoodof
thesameplane.(5) We generatenonuniform meshin such
a way that only the object in the imageis meshedandthe
air region is left out. This straightaway improvesthe per-
formanceof thescheme.This kind of meshcodingcanbe
consideredas”object basedcoding” employedin MPEG-4
andthis is achievedwithout any additionalshapeinforma-
tion.

6.. CONCLUSION
The proposedschemeobtainsan improved performance
comparedto theexisting interframecodingschemesfor 3-
D MR images.Thiscanalsobeusedfor lossycompression
schemes.Sinceresiduecontainsvery little information,it
canbequantizedcoarselywithout degradingthequality of
the imagethereby achieving high compression.Theexist-
ing uniformmeshbasedschemecanalsobeimprovedusing
context-basedsourcemodeling.
Table1: Compressionratios.(Note: ”frames1, 2” means

thatframe2 is compensatedbasedon frame1.)

frames calic uniform non Scheme
A

SchemeB

uniform
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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Figure 1: An example,frame 2 to be compensatedusing
frame1. (a) frame1 (b) frame2

a b 

Figure2: Content-basedmeshon (a) frame1 (b) frame2

a b c 

Figure3: Residuesobtainedby (a)directdifference(b) mo-
tion compensationusingspatialtransformationand(c) mo-
tion compenasationby spatial transformationand Source
modeling
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