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Abstract

This paper presentsa new losslessinterframe coding
schemefor MagneticResonance(MR) images. Theexist-
ingschemes,likeblockmatchingmethodanduniformmesh-
basedscheme, are inadeqauteto modelthe motionfield of
MR sequence. Theabove schemesuseuniform meshele-
mentswhich maycomprisemultiple motions. We propose
a schemeconsistingof (a) content-basedmeshgeneration
(b) forward motion tracking (c) motion compensationus-
ing affine transformationand (d) context-basedmodeling.
By usingcontext-basedmodeling, intraframecorrelationis
also exploited in addition to interframecorrelation. The
obtainedaverage compressionratio of 4.3:1 is betterthan
the valuesof 4:1, achievedby CALIC, the stateof the art
losslessintraframecodingschemeand3:1, by the existing
uniformmesh-basedinterframecodingschemefor MR im-
ages.Theperformanceof theexistinguniformmesh-based
schemecan also be improvedby employingcontext-based
modeling.

1. Intr oduction
Imagecompressionis necessaryfor efficient archiving and
transmissionof images. Imagecompressionschemescan
bebroadlyclassifiedaslossyandlosslessschemes.A lossy
schemeis irreversiblein the sensethat it cannotfaithfully
retrieve the original image,whereas,a losslessschemeis
reversible. Lossy compressionschemescan achieve high
compressionratiosof theorder10:1to 30:1,whereas,loss-
lessschemesachieve modestcompressionratios of about
2:1to4:1. Thehighcompressionratiosof lossyschemesare
generallyat theexpenseof imagequality. Medicalimaging
generallyrequireslosslessschemes.This is dueto thefol-
lowing reasons:

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

2. Post processingoperationslike image enhancement

mayaccentuatethedegradationscausedby lossycom-
pression.

Hence,efficient losslesscompressionschemesarerequired
for medicalimages.

Several losslessschemesbasedon linearpredictionand
interpolation[5] have beenproposed. Recently, context
basedschemes[10], [3], [2] have gainedpopularitysince
they canenhancethe performanceof linearpredictionand
interpolationschemes.Theseschemesexploit the correla-
tion within theimage.

Medical imagesequenceis a dataset representing3-D
samplingof someorgan. Such sequencescontain inter-
frame correlation. If the slice thicknessis low (1.5 mm
andless),onemaygetanadvantagein trying to exploit in-
terframecorrelation. In principle, schemeswhich exploit
both interframeandintraframecorrelationareexpectedto
performbetterthanthosebasedon only intraframecorrela-
tion. Rooset al. [5] extendedtheir 2-D hierarchicalinter-
polationschemeto 3-D and found that thereis not much
gain in extending to the third dimension. They also re-
portedthatmotion-compensationschemes,basedonblock-
matchingalgorithms[6], arenotefficientfor medicalimage
sequences.Thiscouldbedueto inadequatemotionmodels.
Recently, 2-D meshmodelsbasedon spatial transforma-
tionshavegainedpopularity. Spatialtransformationsmodel
rotation, translationand scaling of image objectswithin
consecutive framesas opposedto modeling of only the
translationalmotion by block-matchingschemes.Nakaya
et al. [11] proposeda schemebasedon uniform meshel-
ements(trianglesandrectangles).Aria et al. [1] usedthis
modelfor compressingMR sequencesandthe residueob-
tainedaftermotioncompensationis compressedby wavelet
basedzero-treecoder. Hence,thisschemeis notsuitablefor
losslesscompression.Also, uniform meshmodelis inade-
quatesincepixelswithin eachelementmay have different
motionsasin block-matchingschemes.

In this paper, we proposea nonuniformmesh-basedin-
terframecodingschemefor MR sequences.Content-based
meshensuresthatmultiplemotionsareavoidedwithin each
element.We exploit both interframeandintraframecorre-



lationeffectively usingspatialtransformationsandcontext-
basedmodeling.

2. Pre-processing
A typical MR imageconsistsof two parts:

1. Air part(background)

2. Fleshpart(foreground)

Thefleshpartcontainstheusefulclinical informationwhich
needsto becompressedwithoutany loss.Ontheotherhand,
theair partdoesnot containany clinical information. It is
only noiseandconsumesunnecessarybit budgetand im-
pairs the performanceof a compressionscheme. In [2],
a schemeis proposedwhich usestwo sourcemodels,one
for backgroundand the other for foreground,and an im-
provementin performanceis reported.But no justification
is given to codethe air part asthereis no useful informa-
tion presentin it. In this work, we ignorethe air part. We
generateimagemasksin sucha way that the fleshpart is
totally includedandthepixel valuesin theair partaremade
zero.Therestof thissectionexplainsanimageindependent
algorithmfor maskgeneration.

Morphologicaloperationscanbeeffectivelyusedto gen-
erateimagemasks,whichcontainavalueof ’1’ in thefore-
groundanda valueof ’0’ in the background.Theoriginal
imageis thenmultiplied with thesemasksto obtain”back-
groundnoisefree” imageswhile keepingthe information
in the foregroundintact. The algorithmfor generatingthe
maskis givenbelow:

1. Binarizetheimagewith athresholdvalueof ’15 ’. This
valuehasbeendecidedafterstudyingthebackground
characteristicsof variousimages.

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

3. Backgroundmaycontainspuriouslines. Usemorpho-
logical ’erode’ operationto removetheselines.

4. Theaboveerosionoperationalsoerodestheboundary
of theforegroundregion. To make surethat themask
spanstheentireforegroundregion,usemorphological
’ thickening’ operationto thicken the boundaryof the
foregroundregion.

5. Multiply the original imagewith the resultingbinary
mask.

6. Fit the smallestboundingbox to the resultingimage.
Sendthepositionandsizeof thebox to thedecoderas
asideinformation.

Figure1 shows an MR image,its maskandthe imageob-
tainedafter multiplication with the mask. Note that this
algorithmensuresthat the fleshpart, which is to be com-
pressedwithout any loss, remainsintact while the back-
groundis suppressed.

(a) (b) (c)
 

Figure1: Suppressionof backgroundin anMR imageusing
morphologicaloperations.(a)original image(b) thegener-
atedmask(c) backgroundsuppressedimage.

3. Interframe Coding
This sectionexplains in detail the proceduresfor content-
basedmeshgeneration,forward motion trackingandmo-
tion compensationof thenext framebasedon theprevious
frame.

3.1 Nodeselectionand meshgeneration

An imagecanbe motion compensatedbasedon the previ-
ousimageby estimatingtheopticalflow of eachpixel in the
image.Thecorrespondingpixel positionsneedto besentto
thedecoderasa sideinformation. This pixel by pixel side
informationtakesa lot of bit budgetandimpairstheoverall
performanceof the scheme.To reducethe amountof side
information,the imageis divided into differentblocks. In
MPEG-1andMPEG-2standards,theimageis dividedinto
rectangularboxesof equalsize.It isassumedthateachpixel
in a block hasthesamemotion. Only translationmotionis
assumedandthemotionvectorsof eachblock is estimated
by block matchingalgorithm[8]. This translationmotion
modelis inadequatein ourcase,sinceit cannotmodelrota-
tion andscalingof imageobjects.A promisingalternative
is motioncompensationby 2-D meshmodels,which allow
for spatialtransformationsto modeltranslation,rotationand
scalingof the image. 2-D meshescanbeclassifiedasuni-
form with equalsizeelementsandnonuniformmeshesthat
adaptto particularscenecontent. Nakayaet al. [11] pro-
posedmotion compensationbasedon uniform mesh.Aria
et al. [1] usedthis schemefor MR images.This schemeis
inadequateaseachelementmayhave multiple motions.A
betterapproachis to designa content-basedmesh.Wanget
al. [9] proposeda schemebasedon anoptimizationframe
work. In thiswork, weproposeasimpleschemeto generate
a content-basedmesh.This methodconsistsof selectionof



nodepointsat salientpositionsfollowedby delaunaytrian-
gulation.Theprocedureis explainedbelow :

1. Labelall pixelsas”unmarked”.

2. Find thespatialedgemapof theimageusing”Canny”
edgedetector.

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

4. Goto step-3until requirednumberof nodesaregener-
ated.

The basic idea is to (i) place node points in such a
way thatmeshboundariesalign with objectboundaries,(ii)
maintainthe distancebetweentwo nodepoints in sucha
waythatthenodesspantheentireimage;(iii) form triangu-
lar elementsby delaunaytriangulation.

3.2 Motion Estimation

In uniform meshcoding, an uniform meshis laid on the
current frame and the correspondingnodesin the previ-
ous frame areestimated.This procedureis called ”back-
wardtracking”. In thenonuniformmeshcoding,backward
trackingcannotbeemployedsincethepositionsof thenode
pointsneedto be sentto the decoder. To reducethe side
information,we selectnodeson thepreviousframe(which
is availableboth at encoderanddecoder)andestimatethe
correspondingnodeson thecurrentframe. This procedure
is called”forwardtracking”.

Weuseblock-matchingalgorithmto estimatethemotion
of eachnode. Take a

���������
block with the nodeasthe

center. We assumethat themaximumdisplacementin any
directionof eachnodeis not morethan5 pixels. Move the���������

block in thenext framewithin aregionof 	 � 	 and
take thepositionwith minimummeansquaredifferenceas
the correspondingnodepoint in the next frame. Sendthe
differencebetweenthetwo positionsto thedecoderasaside
information. Repeatthe above procedurefor all the nodes
andthetriangularelementsaredeformedaccordingly.

3.3 Affine Model

The motion field within each triangular element can
be representedby an affine model with six parameters
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���� , where� is theelementindex.

Let � � � denotethe coordinatesof a pixel in � -th ele-
mentand! � " denotethecorrespondingpixel in theprevious
frame.Then,
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Weneedto find theabovesix unknown parametersfor each
triangularelement.For eachelement,we have correspon-
dencebetweenthe verticesof a triangularelementin the
currentframewith the verticesof the correspondingtrian-
gular elementin the previous frame. Hence,we have six
equationsin six unknownswhich canbe easilysolved for
theaffineparameters.

3.4 Motion Compensation

Let �,+.-/� ���0� ��1 and�,+.-/� � �0��2 1 denotethepreviousandcur-
rent frames,respectively. Let �435-6� � � 1 bethepredictedim-
ageof �7+.-/� � �0��2 1 basedon �,+.-/� ���0� ��1 . �,+8-6� � �0�92 1 is com-
pensatedbasedon �,+8-6� � �0� ��1 asfollows:

Scanthetriangularelementsin �,+.-/� � �0��2 1 oneafteran-
other. Transformthe pixel coordinates-6� ��� 1 in eachele-
mentby usingtheaboveaffinetransformation.Let -/! � " 1 be
thecorrespondingcoordinatesin thepreviousimage.Gen-
erally -/! � " 1 will be real numbers.Find the pixel valueat-/! � " 1 by bilinearinterpolationasgivenbelow:

�435-/� � � 1 # : - �<;>=?1A@ - �B;8C51 �,+8-6D ��EF� ��1 %C �,+.-/DG% � ��EF� ��1,H % =F@ - �B;8C51
�,+.-/D ��E % � � ��1 % C �,+8-6DI% � ��E % � � ��1,H�J

KMLMN�O -/� � � 1 #P�,+8-6� � �0�92 1Q; ��3Q-/� � � 1
where -6D ��E 1

, - = � C51
are the integral and fractional part

of the coordinate -/! � " 1 , respectively and : ) J represents
the roundingoperator. The residue,KMLMN�O -6� � � 1 , is entropy
codedandsentto thedecoder.

The predictionstepdoesnot completelyremove there-
dundancy in the image.This is dueto theerrorsin motion
modelandestimationof motionof nodepoint. To improve
theprediction,weemploy theprocedureadoptedin CALIC
[10], which is a stateof art losslesscompressionscheme.
It employsgradientadjustedprediction(GAP)andcontext-
basedcoding.By employing thesein interframecoding,we
canexploit both intraframeandinterframecorrelationand
canreducetheaboveresidue.
Estimatethegradientsin imageby

O�R # S �,+.-/� ;T� ���U�92 15; �7+.-/� ; 2V���0��2 1 S'%
S �,+.-/� ��� ;�� �92 1Q; �7+.-/� ;�� ��� ;�� �92 1 S�%
S �,+.-/� ��� ;�� �92 1Q; �7+.-/�W% � ��� ;�� �92 1 SO�X # S �,+.-/� ;T� ���U�92 15; �7+.-/� ;�� ��� ;�� �92 1 S�%
S �,+.-/� ��� ;�� �92 1Q; S �,+.-/� ��� ; 2V�92 1 S�%
S �,+.-/�W% � ��� ;Y� ��2 1Q; �,+.-/�W% � � � ; 2Z��2 1 S )



where, O R ��O�X are the estimatesof horizontaland vertical
gradients,respectively.
The prediction �435-6� � � 1 is improved by (refer to CALIC
[10]) usingtheaboveestimatedgradientsasfollows:

IF - - O X ; O�R 1\[T]*^�1`_
sharphorizontaledgea

��3Q-/� � � 1 #b�,+.-/� ;�� ���0��2 1
ELSEIF - - O�X ; O R 1\cd;B]�^�1B_

sharpverticaledgea
��3Q-/� � � 1 #b�,+.-/� � � ;�� �92 1
ELSE

_
�435-/� � � 1 #e:Z- �<;.=Q1'@ - �B;fCQ1 �,+8-6D ��EF� ��1
% C �7+.-/De% � ��EF� ��1,H % =\@ - �<;fC51
�,+8-6D ��E % � � ��1 % C �,+.-/De% � ��E % � � ��1,H�J

IF -�- O�X ; O R 1g[�h 2 1B_
horizontaledgea

�435-6� � � 1 #i: �
2 @ �435-/� � � 1 %j�7+.-/� ;Y� � �0��2 1,H'J

ELSEIF - - O�X ; O R 1\[�]�1`_
weakhorizontaledgea

�435-6� � � 1 #i: �k @ h �435-6� ��� 1 %j�,+8-6� ;Y� � �0��2 1,H�J
ELSEIF - - O�X ; O R 1gcd;Bh 2 1`_

verticaledgea
�435-6� � � 1 #i: �

2 @ �435-/� � � 1 %j�7+.-/� � � ;�� ��2 1,H'J
ELSEIF - - O X ; O�R 1\cd;B]�1`_

weakverticaledgea
�435-6� � � 1 #i: �k @ h �435-6� ��� 1 %j�,+8-6� ��� ;�� ��2 1,H�J

a )
The predictionerror stronglycorrelatesto the smoothness
of the imagearoundthe predictedpixel �,+8-6� ���U�92 1 . To
modelthis correlation,formulateanerrorenergy estimatorl # O R % O�X %mS L�n S �
where L�n #o�7+.-/� ;b� ���0��2 1p; ��3Q-/� ;b� ��� 1 (previouspre-
dictionerror)andquantizedinto eightlevels.Theresidueis
classifiedinto oneof thesebins. Theabove bin levelsand
thresholdsettingsfor GAP aretakenfrom [10]. In addition
to this,texturecontextscanbeformedto capturethetexture
patternsandbehaviour of error. Form the compoundcon-
text q by combiningtexturecontexts andenergy contexts.
Thetexturecontexts areformedwith 3 causalneighborsin
thecurrentframeand5 neighboursin thepreviousframeas
follows:

q # @ �,+.-/� � � ;�� �92 1 �,+8-6� ;�� � �0�92 1
�,+8-6� ;Y� � � ;�� �92 1 �,+8-6� ;�� � � % � � ��1
�,+8-6� � �0� ��1 �,+8-6� � � % � � ��1
�,+8-6�W% � � �0� ��1 �,+.-/�&% � ��� % � � ��1,H )

Quantizeq into an 8-ary binarynumberby using ��3Q-/� � � 1
asa threshold:

qr-ts 1 #
u ^ � if qr-ts 1\v �435-6� � � 1� � otherwise)

Classifytheerrorinto oneof thecompoundcontexts - = � C51
,

where
=

is theenergy context and
C

is the texturecontext.
Thesecompoundcontextsareformedby combiningtheen-
ergy contexts and texture contexts. This can be viewed
asproductquantizationof two independentimagefeatures.
Accumulatetheerrorin eachcontext andmaintainthenum-
ber of occurrencesof eachcontext. The meanof errorsin
eachcontext is the most likely error. Add this meanerror
asa biasto the earlierprediction. Let �43xw*-/� ��� 1 denotethe
correctedpredictionandis givenby

�43xw�-6� � � 1 # ��3Q-/� � � 1 %y:6z9� 
VN JK�LMN�O w�-/� � � 1 # �7{|-6� ���U�92 1Q; �43xw�-6� � � 1
where z9� 
VN # L�K�K�}�K - = � C51�~A� - = � C51

, where
� - = � C51

is the
numberof occurrencesand L�K�KM}�K - = � C51

is theaccumulated
errorof thecompoundcontext - = � C51

and KML�N�O w�-/� � � 1 is the
erroraftertheimprovedprediction.

To beableto repeattheprocessat thedecoder, take the
accumulatederrorsup to previouserror. This is similar to
feedbackwith a time delayof oneunit. Updatethe errors
andcountsof eachcontext.

In addition to improving the estimated value of�,+8-6� � �0�92 1 , we canpredict the sign of the residueby us-
ing the estimatedmeanof thepresentcontext. The sign is
predictedasfollows:

IF
_ L�K�K�}�K - = � C51BcT^ a send

; KMLMN�O w*-/� ��� 1
ELSE send KMLMN�O w*-/� ��� 1 )

At thedecoder, thereverseoperationcanbedoneby main-
tainingthesamecontext errorsandcounts.Thesignpredic-
tion helpsin reducingthe entropy of the residuesincethe
uncertainityin thesignbit reduces.We classifytheresidueKML�N�O w�-/� � � 1 into eight energy contexts asdescribedabove
andusearithmeticcoding in eachcontext to further com-
presstheresidue.

4. Resultsand Discussion
We comparethe proposed”Context-basedinterframecod-
ing using nonuniform mesh” with CALIC and uniform
mesh-basedinterframecoding.We have foundthattheper-
formanceof uniform mesh-basedcoding improvesby in-
corporatingcontext-basedcodingasexplainedin theprevi-
oussection. We comparethe performanceof our scheme
with the original uniform mesh-basedcodingproposedby
Nakayaetal [11] andAria etal [1]. Wehaveused2 	 �5� 2 	 � ,
8-bit MR sequenceswith slicethicknessof 1 mm provided
by NationalInstituteof Mental HealthandNeuroSciences
(NIMHANS), Bangalore.



frames calic uniform context non- context
based uniform based
uniform nonuniform

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
Table1: Compressionratios.(Note: ”frames1, 2” means

thatframe2 is compensatedbasedon frame1.)

Table-1comparestheperformances(compressionratios)
of the above mentionedschemes.The resultsinclude the
sideinformationfor motion vectors. The compressionra-
tiosarecalculatedasfollows:

w } +W3 K�LMN�N � } { K�
�� � } -tq�� 1 # 2 	 �<� 2 	 �B�\]
N �0%j{ } z

where N � is sideinformationand { } z is thenumberof bits
for residueafterarithmeticcoding.

Figure 2 shows the original two consecutive MR im-
agesand the direct pixel to pixel differencesof the origi-
nal images. Figure3 shows nonuniformmeshon slices1
and2. Figure4 shows the residuesfor the uniform mesh-
basedtecniqueswithout andwith context-basedmodeling
andnonuniformmesh-basedmotioncompensationschemes
with context-basedmodeling.Clearly, themodifiedscheme
exploits the intra and inter frame correlationmore effec-
tively andreducestheentropy of theresidues.
Thefollowing reasonsmayaccountfor thesuperiorperfor-
manceof theproposedscheme:

1. Theuniformmeshmodelis inadequatesinceeachele-
mentmayhavemultiplemotions.

2. CALIC effectively exploits intraframecorrelationbut
not interframecorrelation.

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

4. Wegeneratenonuniformmeshin suchaway thatonly
theobjectin theimageis meshedandtheair region is
left out. This straightaway improvesthe performance
of thescheme.This kind of meshcodingcanbecon-
sideredas”objectbasedcoding”employedin MPEG-4
andthisis achievedwithoutany additionalshapeinfor-
mation.

5. Conclusion
A losslesscontext-basednonuniformmesh-basedcodingis
proposed.Both intra andinterframecorrelationcanbe ef-
fectively exploited by employing context-basedmodelsin

mesh-basedcoding schemes. The proposedschemecan
alsobeusedfor lossycompressionschemes.Sinceresidue
containsverylittle information,it canbequantizedcoarsely
without degradingthe quality of the image. Hencehigh
compressionratioscanbeachieved.
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Figure2: Correlationbetweensuccessiveslices.(a) slice1 (b) slice2 (c) directdifferencebetweenpixelsof slices1 and2.
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Figure3: Nonuniformmeshon(a) slice1 (b) slice2

(a)  (b)
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Figure4: Performancecomparison.Residueafter (a) uniform mesh-basedcompensation(b) context anduniform mesh-
basedcompensation(c) context andnonuniformmesh-basedcompensation.Theresidueshave beenlevel shiftedto include
bothnegativeandpositivedifferences.
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