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ABSTRACT

A fastandefficient hybrid block-matchingmotion estima-
tion algorithmis proposedin this paper. The fact thatmo-
tion characteristicsarerelatively stablein a GOP(groupof
pictures)is utilized to reducethecomputationburdenwith-
out quality degradation. For P-frames,a multi-resolution
block-matchingalgorithm is used. At the coarsestlevel,
edgeinformationis usedto reducesearchingpositionsbe-
fore anexhaustive search.At thefiner levels,only thesev-
eralcandidateschosenat theupperlevel areverified.For B-
frames,mean-absolute-error (MAE) is usednotonly for the
matchingcriteria,but alsofor classifyingthe macroblocks
with themotioninformationextractedfrom P-frames.Con-
currently, thesearchwindow sizeis adjustedusingthecon-
tribution of differentmotion rangeto the improvementof
the picture quality with motion compensation.When the
decodedI-frame and P-framesare usedas the reference,
experimentalresultsshow that reconstructeddigital frames
have even betterquality than the full searchalgorithm in
termsof PSNR,underMPEG-1codingenvironment.

1. INTRODUCTION

Motion estimation/compensationis the standardapproach
to reducingtemporalredundancy in coding of real-world
videosequences.Dueto its simplicity, theblock-matching
algorithm(BMA) hasbeenwidely usedin motion estima-
tion. If exhaustive search(ES) is usedin a BMA, thecom-
plexity of the video coderbecomesdominatedby the cost
of motionestimation.ESexhaustively searchesfor thebest
matchedblock within a predefinedsizesearchwindow to
get the optimal solution in termsof the quality of motion
compensation.Quality is usuallymeasuredwith theMAE,
or sum-of-absolute-difference (SAD) for eachmacroblock.
Sincemassive computationis requiredin the implementa-
tion of ES, many fastsearchalgorithms[3]-[7] have been
developedto reducethecomputationburden.

Motion estimationalgorithmsarefocusedon thespeed
of finding optimumdisplacementvectorsthatgeneratethe
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leastdegradationin imagequality. Thefollowing issuesare
oftenconsidered:(1) In many videocompressionstandards,
theimageisdividedintomacroblocks(typically16x16pels).
A macroblockconsistsof four blocks (8x8 pels) of lumi-
nanceand oneblock for eachof the two chromacompo-
nents.Themotionvectoris searchedin a macroblockbasis
but thecompressionof themotioncompensatedmacroblock
is performedby using DCT on a block basis. Therefore,
theoptimalmotionvectordoesnot necessarilyhave a high
compressionperformancein block-basedDCT coding[3].
In otherwords,a sub-optimalmotion vectormay have the
samepeaksignal-to-noiseratio (PSNR),but higher com-
pressionperformanceand require less computationtime.
(2) Many fastsearchalgorithmsdonotusethemotioninfor-
mationwithin a GOPto guidethe motion estimation.Ex-
perimentalresults[1] show that themotionvectordistribu-
tion of real-world videosequencesarehighly center-biased.
Themotioninformationwithin a GOPmaybeexploitedto
adaptthesearchwindow sizeandclassifythemacroblocks
into different types. (3) For real-world video sequences,
motionvectorsaregenerallycorrelatedspatiallyandtempo-
rally. Thosecorrelationsmaybeusedto reducethe search
space[5]. They may alsohelp in reducingthe bit ratefor
motion vectors,sincestandardslike H.263[11] usediffer-
entiallycodedmotionvectorsin eachrow of macroblocksin
a group-of-blocks.(4) Whenusinga multiresolutionanaly-
sis,only dcvaluesareusedat coarsescales.

We proposea new hybrid motion estimationalgorithm
that takes into accountthe above four issues,except that
we useedgeorientationinformationat the lowestscalein
our multiresolutionanalysis.In Section2, we describethe
techniquesusedin the new algorithm. Section3 givesthe
proposedalgorithm . Simulationresultsare presentedin
Section4 andconclusionsin Section5.

2. THE TECHNIQ UES

2.1. Modified ExhaustiveSearch Algorithm

Most fastblock-matchingalgorithmsrestrictthenumberof
searchlocationspresumingaunimodalerrorsurfacemodel,



i.e.,thematchingerrorincreasesmonotonicallyasthesearch
movesawayfrom thepositionof theglobalminimumerror.
Becausethis assumptionis not always true for real-world
video sequences,a local optimal is generallyfound. The
successiveeliminationalgorithm (SEA) [7] drasticallyre-
ducesthecomputationloadof themotionestimationwith-
out loosingoptimalityof themotionvectorfield. In contrast
to otherfastalgorithms,theSEAexcludesmany searchpo-
sitionin calculationof theerror, by evaluatinglowerbounds
for theerrormeasure.In [6], theSEA is improvedby intro-
ducing tighter boundsfor the SAD and by exploiting the
alreadycalculatedlower boundsduring the calculationof
thematchingcriterion.

In theproposedalgorithm,amulti-resolutionblockmatch-
ing algorithm,similar to [5] is usedto performthe motion
estimationfor the two P-framesin a GOP. We first take
the Wreathproducttransform(WPT [8], [9]) to obtainthe
multiresolutionrepresentationof the currentframe. At the
coarsestlevel,afull searchwhichusesthetechniquein SEA
is performedby usingnot only the MAE but alsothe edge
orientationinformation[10]. Thereasonfor usingedgeori-
entationis thatthedifferencebetweenedgeorientationsfor
unmatchingmacroblockswill be relatively larger thanthat
of matchingmacroblocks.Someunmatchingmacroblocks
will bepickedoutby comparingtheedgeorientationsin ad-
vance.Concurrently, thespatialcorrelationof motionvec-
tors is also usedfor searchingcontinuousmotions. After
the coarsestlevel search,several initial motionvectorcan-
didatesarechosenfor thenext level. At thefollowing levels,
themotionvectorcandidatesarerefinedwithin thesmaller
searchwindow asin [5].

2.2. Motion Inf ormation to Guide the Estimation

2.2.1. Classficationof Macroblocks

Although motion estimationis not normative in all stan-
dards,the formation of the end result of the motion esti-
mation is specified[2]. When selectingthe macroblock
type for B-frames,the encoderneedsto calculatethe best
motioncompensatedmacroblockfor forwardmotioncom-
pensation.It thencalculatesthe bestmotion compensated
macroblockfor backwardmotioncompensationby a simi-
lar method.Finally it averagesthetwo motion-compensated
macroblocksto producethe interpolatedmacroblock. It
thenselectsthe onewith the bestperformance.After this
step,if themotioncompensatedmacroblockis only slightly
betterthan the uncompensatedmacroblock,then the zero
vectorisassignedto thismacroblock.For thosemacroblocks
with motionvector(0, 0), theleastnumberof bits areallo-
catedto themotionvector, if variablelengthcoding(VLC)
is usedto codethemotionvectors.Thosemacroblocksare
codedin intra-mode. We show in Table 1 (UMB stands
for uncompensablemacroblocks)theaveragenumberof un-

compensablemacroblocksfor varioustestsequencesusing
exhaustivesearch.Onaverage,abouthalf of themacroblocks
areuncompensable.If theuncompensablemacroblockscan
be classifiedbeforethe motion compensation,the compu-
tation burdencan be reducedfurther. For I-frame andP-
frames,MPEG [2] suggestsusing more bits to guarantee
the quality of the pictures. Thereforein the proposedal-
gorithm, only the GOPmotion informationis usedfor the
classificationof uncompensablemacroblocksfor B-frames.
By usingthis technique,thecomputationburdenis seento
bereducedfurtherby almostahalf.

Sequence Num of UMBs Percentage
tennis(CIF) 217/(18x22) 72
missa(CIF) 177/(18x22) 81

salesman(CIF) 254/(18x22) 68

Table1. Percentof uncompensablemacroblocks

The uncompensablemacroblockscould be : (a) those
correspondingto a stationarybackground;(b) thosecor-
respondingto an uncoveredbackgroundand new objects
whereno informationcanbefoundfrom thepreviousrefer-
enceframe,or (c) thosewith nonhomogeneousmotionbe-
causeonevectorcompensateoneor moreof its four blocks
incorrectly.

In [3] thereversedsquaresum(RSS)is proposedasthe
matchingcriterionto find theuncompensablemacroblocks.
The frame differencecontrast(FCON) and the local vari-
ancecontrast(LCON) [4] areusedto find themacroblocks
with nonhomogeneousmotion.But theperformanceof these
algorithmsstronglydependonthechoiceof somethreshold.
Furthermore,thecomputationsareintensive, andthe char-
acteristicsof thevideosequencearenot takeninto account
to guidefutureestimation.

We proposeto useMAE betweenthemacroblockin the
currentB-frameand the correspondingmacroblockin the
referenceframe with motion vector (0, 0) to find the un-
compensablemacroblocksaccordingto the following two
thresholds:
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��� ������ is theaveragemacroblockMAE from the
motionestimationof two P-framesandR1 andR2 aretwo
predefinedratios. If the
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(MAE for an MB) is

smallerthanT1, themacroblockis definedasa type-A un-
compensablemacroblock. If the



�����! 
is large than

T2, thenwe compareit with theMAE of thecorresponding
macroblockin referenceframes(pastand future frames).
If thereis no significantimprovement,this macroblockis
identifiedasa type-Bmacroblock.For othermacroblocks,
we needto classify the blocks in it. If all four blocksare
compensable,themacroblockis identifiedascompensable,
otherwiseit is classifiedasa type-Cuncompensablemac-
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Fig. 1. Averagecontributionof motionvectorsize

roblock. Thethresholdvaluesaredependenton thetheav-
erageMAE of thetwo P-framesandtwo predefinedratios.
We assumethattheaverageMAE for theB-frameswill not
bemuchlargerthantheaverageMAE for theP-frames,ex-
ceptfor theoccurrenceof scenecuts[4].

2.2.2. AdaptiveWindowSizeSearch

Macroblockswith differentmotion vectorscontribute dif-
ferently to the reductionin total redundancy. Fig. 1 shows
the averagecontribution of motion vectorswith different
sizesfor the ”salesman”sequence.After the motion es-
timation for the two P-frames,if only a small numberof
macroblockshave large motion vectors,andno significant
contribution,thesearchwindow sizemaybeadjustedto re-
ducethe computation. Therefore,the motion information
for theGOPis alsousedto derive thesearchwindow size.
By consideringVLC codingof themotionvectors,thewin-
dow sizesare classifiedas small (window = 4), medium
(window = 8) and large (window = 16). The initial win-
dow sizeis large. Window sizeis adjustedasfollows: (1)
For motion vectorswith " #%$'&(" or " #%$')*",+.- , if the con-
tribution is lessthansomethresholdvalue,thewindow size
is set at medium. " #/$0&1" and " #/$0)*" are motion displace-
mentsin verticalandhorizontaldirectionsrespectively. (2)
For motionvectorswith " #/$0&1" or " #/$0)*"2+�3 , if thecontri-
bution is lessthansomethresholdvalue,thewindow sizeis
setat small.

3. THE PROPOSEDMOTION ESTIMATION
ALGORITHM

The following is the proposedalgorithm. First, the GOP
is setasI-B-B-P-B-B-P-B-B-I(next GOP)which arein dis-
play order. The I-frame is codedfirst. Thenthe modified
exhaustivesearchmotionestimationalgorithmis performed
for thetwo P-frames.Then,themotionvectorfieldsfor the
two P-framesand the predictedframesare usedto create

themacroblock–type-tableandthewindow sizeadaptedfor
the group of pictures. After the coding of P-frames,the
bi-directionalmotion estimationis performedfor eachB-
frame.Themacroblock-type-tableis usedto decidewhether
weneedto performmotionestimationfor eachmacroblock.
The modified window size helps reducethe computation
burden.

For motionestimationfor P-frames,thethree-levelmul-
tiresolutionframestructureandtheconventionalthree-step
searchmethodareused[5]. Theaveragespeedupfactoris
about38 comparedto the computationneededfor the ex-
haustive search. It is betterthan the speedupfactor27 in
[5]. For the motion estimationof B-frames,the percent-
agefor the found uncompensablemacroblocksrepresents
the reductionin computation.In the classificationof mac-
roblocks,the only additionalcomputationis for the com-
parison,becausewe do not needto recalculatethe match-
ing metric–MAE.Thereforethefinal speedupfactorfor B-
framesis about57 on averagefor the threetestsequences:
”tennis”, ”missa” and”salesman”.Table1 alsoshows the
percentageof uncompensablemacroblocksfoundbeforethe
motionestimationfor B-frames.

4. SIMULA TION RESULTS

All thethreetestsequencesarein CIF format (352x 288).
The framerate is 30 frames/sec.Fixed quantizationscale
is usedin coding. For motionestimation,thedecodedpast
andfutureframesareusedasreferenceframes.ThePSNR
is usedwidely asthe performancemeasurein video com-
pression.For videosequencewith pixel depthof 8 bits, the
PSNRis definedas
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where NPO ���RQ'S denotesthe original frameand UNPO ���WQ�S is the
reconstructedframe(beingroundedtowardsthenearestin-
teger). Y � and Y!Z arethe numbersof pelsin vertical and
horizontaldirectionsrespectively.

The averagebit-rateandPSNRof the compressedse-
quencewereanalyzedusingthreedifferentblock-matching
algorithms: the full-searchalgorithm, the MRBMA algo-
rithm [5], and the proposedalgorithm. Fig. 2 shows the
PSNRcomparisonswith thesameaveragebit-rates,for the
first 36 frameof the”missa” sequenceusingdifferentalgo-
rithms. Thealgorithmsobtainalmostsimilar performance.
However, theproposedalgorithmgivesabetteraveragePSNR
for B-framesby almost2dB.Thatis shown in Fig. 3 where
weseetheaveragebit-rateversustheaveragePSNRof ”missa”
sequencefor the threealgorithms.Table2 shows theaver-
agePSNRfor thefirst 36frames(four GOPs)of threevideo
sequences.
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Algorithm salesman tennis missa
ESA 31.98 33.13 31.07

MRBMA 31.43 33.01 30.31
Proposed 32.22 33.14 32.17

Table2. AveragePSNR(dB)for the first 36 framesof
threevideosequences

5. CONCLUSION

In this paper, a new hybrid motion estimationalgorithm
whichconsiderthe“speed-quality-bitrate”tradeoff waspro-
posed.Thefactthatmotioncharacteristicsarerelativelysta-
ble in a GOPis utilized to reducethe computationburden
without quality degradation.For P-frames,sinceedgeori-
entationis usedin thecoarsestlevel of themulti-resolution
block matchingalgorithm, the computationburden is re-
ducedby about30 percentcomparingto MRBMA. For B-
frames,MAE is usednot only for thematchingcriteria,but
alsofor classifyingthemacroblockswith themotioninfor-
mationextractedfrom P-frames.Therefore,almostnoover-
headcomputationis neededfor classifyingtheuncompens-
ablemacroblocks.WhenthedecodedI-frameandP-frames
areusedasthereference,experimentalresultsshow thatre-
constructeddigital frameshave evenbetterquality thanthe

full searchalgorithmin termsof PSNR.
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