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ABSTRACT

GlobalMotion Estimation(GME)techniqueshave been
developedandusuallyappliedon video that motion takes
placeoften. Although thesemethodsproduceaccuratere-
sultswherefrequentmotionoccurs,they turn out to be in-
efficient if motion is not so often in the video as in semi-
dynamicvideos. In this paper, we proposemotion sensors
that will indicatethe existenceof motion andyield quick
approximationto the motion when motion exists thus re-
moving the computationsof the hierarchicalevaluationof
low-passfilteredimagesasin iterativedescentmethods.

1. INTRODUCTION

Global Motion Estimation(GME) techniquesplay an im-
portantrole in videocompressionmethods.GME is usually
usedto describethe cameramotion in a video. The mo-
tion is usuallymodeledwith perspective,affine,translation-
zoom-rotationor translationalmotionmodels.Most of the
GME techniquesdevelopedconcentrateon theaccuracy of
motion parametersof the chosenmotion models[1, 2, 3].
Thesemethodsusually includean initial estimationof the
subsetof the motion parametersand thenadjustingof the
motionparametersusingahierarchicalpyramidof low-pass
filtered images. Thesemethodsare usually testedon dy-
namic video where there is almostalways motion in the
video. In semi-dynamicvideo applications,like distance
education,the motion doesnot happenoften. The motion
usuallyhappensat intervalsandthenthecamerastabilizes.

A hierarchicalgradientdescentmethodwhich usesM-
estimatorshasbeenusedto performGME [1, 2, 3, 4]. An
initial matchingis necessaryto avoid being trappedin lo-
cal minima. The iterative descentis usedto adjustthemo-
tion parametersat eachlevel of thepyramid. Therearetwo
drawbacksof thiskind of approaches:errorin initial estima-
tion andhierarchicalcomputationof iterative descent.First
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drawbackcausesthe techniqueto be trappedin local min-
ima and the next one introducessignificantcomputation.
TomasiandShi [5] presentsfeatureselectionprocessbased
on a dissimilarityof featureselection.Thefeaturesarese-
lectedbasedon theinitial frameandthecurrentframethus
dependingon the motion betweentwo frames. Thereare
featurespresentedbasedonedges(highgradients),corners,
block having high spatialfrequency. Featuresareselected
using the Laplaceoperatorwith its FIR filter coefficients�������	���

[6]. This typeof featuresareselectedaccordingto
theneighboringpixels.

In thispaper, weproposemotionsensorswhicharesen-
sitiveto motionthatmaytakeplace.Themotionsensorsare
expectedto displacetheir positionsin any type of motion
andshouldbeenoughto describethemotion.For example,
4 motion sensorsshouldyield informationaboutperspec-
tive motionand3 motionsensorsshouldyield information
aboutaffinemotion.For eachpixel within theinitial frame,
a block searchis performed.We usedtwo kindsof masks:
squareandcircular. Themotionsensorsarenot only edges
having high gradients. They are obtainedby using more
generalinformationthangradientsandcarrymoreinforma-
tion in caseof motion.

This paperis organizedasfollows. Section2 following
sectionexplainsmotionsensors.TheGME is discussedin
Section3. Section4 explainsour experimentsandthe last
sectionconcludesour paper.

2. MOTION SENSORS

Our experimentsshowed that motion estimationmethods
which processall the pixels that areavailableareslow for
video. So, rathera set of featurepoints are selectedand
they aretracked in eachframe. Mappingfeaturepointsin
two framesis not easysincetheremay be several feature
pointsthatsharethesamecharacteristics.

Thismethodaimsto matchblocksthathavemotionsen-
sorsastheircenterpointsratherthanmappingfeaturepoints
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themselves.This approachdoesnot requiretheexactmap-
ping of the featurepoint. Theerror functionusedin block
matchingintroducesflexibility in tracking of the motion
sensorspoints even thoughfeaturepoints are not located
asthey areexpected.

Motion sensorsarefeaturepointswhich aresensitive to
motion. The motion sensorsareexpectedto displacetheir
positionsin any type of motion. 2 motion sensorsshould
yield informationabouttranslation-zoom-rotationmotionand
1 motion sensorshouldbe enoughto detecttranslational
motion.

Edgeshaving high gradientsarelikely to becandidates
for motion sensors. Unfortunately, gradientcontainsin-
formation within 
 �

pixel distancewhich is usually not
enoughto detectmotiondueto existenceof patternsor aper-
tureproblem. Anotherproblemwith theedgesis themap-
ping of edgesin two frames. Becauseanotheredgemay
possesssimilar informationto the desirededgeandmakes
it difficult to detectthemotion.

It is very hardto find absolutemotionsensorsthatwill
changetheir locationsafterevery typeof motion. Thegoal
is to find the motion sensorsthat will displacetheir loca-
tionsin mosttypesof motion. In Fig. 1, therearetwo lines
intersectingeachother. Every point lying on lines �
� and ���
is likely to displaceto theirpositionsafteramotion.Let the
slopesfor � � and � � be � � and � � , respectively. If thereis a
motionin thedirectionof � � , thepointslying online � � will
beuselessandmoreover, make themotionestimationdiffi-
cult. Similar statementis alsotruefor line � � . Whichpoints
carrythehighestinformationfor motion?Theansweris the
intersectionof line � � andline � � becausethe � will always
changeits locationeitherthereis a motion in thedirection
of ��� or ��� .
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Fig. 1. Intersectinglines.

In realvideo,theexistenceof linesandtheir intersection
arenot guaranteed.Eventhough,the linesmayexist, they
may not be straightlinesor may be hardto detect.There-
fore,we proposea methodthatwill work without detection
of linesandusinggradients(sincethey carry limited infor-
mationaboutthesurroundingpixels).

2.1. Detection of Motion Sensors

A featurepoint is distinguishableby its surroundingpixels.
A blockmatchingprocessis performedfor ablockcontain-
ing motion sensor��� asits centerwithin the sameframe.
Theblock searchoperationis performedwithin distanceof�
. Eachblock sizehasa heightandwidth of � pixels. For

theblocksearchoperation,n-stepsearchcanbeused.As an
errorfunction,we usethesumof absoluteerrordifferences
(SAD)

���
��� � ��� � �"!# �%$'&)(* # � &%+ # (+ # �-, �/.102�43 �65 � � �7�8�
3 �95 � , (1)

where � � representstheblock where� is its centerand � �
representsa block within thesearchdistance

�
. Let : � and; � denotethe : and ; coordinatesof a pixel � . Thesensi-

tivity of a pixel is determinedby � � � � which is computed
by
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Fig. 2. Squareandcircularmasks.

We haveusedtwo differentmasksto detectmotionsen-
sors:squareandcircular. Figure2 depicts8x8 squaremask
anda circular maskof radius4. Squaremaskcontains64
pixelswhereascircularmaskhas61 pixels. Circular mask
is a betterapproximationthan squaremasks,sincepixels
within a radiusis considered.In real examples,the differ-
enceis not distinguishablewhen either of thesemasksis
used.Fig. 3 showsmotionsensorsdetectedfor aframefrom
a mobile& calendarframeby squareandcircularmasks.

(a) (b)

(c) (d)

Fig. 3. Mobile & Calendarexamplefor motion sensorsa)
original frameb) motionsensorsin theframefrom circular
maskc) applicationof squaremaskd) applicationof circu-
lar mask.

One problemin matchingof the blocks is the signifi-
cantdisplacementbetweentwo frames. In mostcases,the
motionbetweentwo consecutive framesarenot huge.



2.2. Optimization in Detection of Motion Sensors

Althoughmotionsensordetectionis performedatthebegin-
ning, the comparisonof blocks is the mostexpensive part
andit shouldbeoptimized.Therearea coupleof optimiza-
tions that canbe performed. Sincethe goal is not to find
all themotionsensors,thereis no problemif someof them
aremissed.In mostcases,a motionsensorhasa neighbor-
ing motion sensorandanordinarypixel hasa neighboring
ordinarypixel. Therefore,motion sensordetectioncanbe
performedat intervals. To increasetheperformance,every
otherpixel is skippedduringdetection.

Notethat thedistancebetweentwo blocksaresymmet-
ric. If the distancebetweentwo blocks are alreadycom-
puted, there is no needto computethe distancebetween
thosetwo blocks again. If the searchdistanceis

�
, there

areinitially � � � � � �U�
SAD computations.Dueto symme-

try, this is reducedto
� � �V�

.
The sensitivity of a pixel will be high if it is a mo-

tion sensor. Otherwise,the pixel’s region is similar to its
surrounding.If the sensitivity is low whencomparingthe
blocks,thefurtherblocksdo not needto becompared.Be-
causethatpixel canno longerbeamotionsensor.

3. GLOBAL MOTION ESTIMATION USING
MOTION SENSORS

Therearedifferenttypesof motionmodelsthatareusedin
global motion estimationdependingon the cameraopera-
tionsandthestructureof thescene.In this paper, our goal
is to detectthe cameramotion which is parameterizedby
perspectivemotionmodel:

:HW*J$YXTZ K X8[ >C\4K XT] NF\XT^ >�\
K X8_ NF\4K �; W* $ XA` K XFa > \ K X8b N \X8^ >C\4K X8_ NF\4K � (3)

where c"d , c�� , ce� , cef , c"g , ceh , cei , and cej are motion pa-
rametersand � : W* � ; W* � is the new locationof � : * � ; * � . This
model turns into affine motion when � cei $lk � c"j $mk � ,
translation-zoom-rotationmotion when � c"g $ � cef � ceh $ce� � cei $nk � cej $nk � , and translationalmotion when� ce� $ ��� ceh $ �o� cog $pk � ceh $pk � cei $Uk � c"j $pk � .

Theerrorbetweentwo framescanbedeclaredas

� $pqprts �*vuxwysCz{sxs * $U| W � : W* � ; W* � � | � : * � ; * � (4)

where | � : * � ; * � is the intensity at � : * � ; * � in the previous
frameanditscorrespondingin thecurrentframeis | W � : W* � ; W* � .
Error � is computedfor pixelsoverlappingin two frames.

Theiterativedescentmethodsarelikely to betrappedin
local minima whenthey try to minimize Equation4. The
hierarchical(iterative descent)approachis usuallyapplied
to detectthemotionparameters.Initial estimationof trans-
lationalparametersis necessaryto avoid localminima.This
methodrequiresgenerationof low-passfiltering of a frame,

computationof gradientsand computinggradientdescent
for eachlayer. In our experiments,motionsensorsapprox-
imately give the motion parameterswithout generationof
hierarchicalpyramid.

Themappingof amotionsensoriscomputedusingblock
matching. For finding the best matchingblock, the full
searchingor n-stepsearchingcan be applied. Since the
numberof featurepoints is usually very few, the process
of full searchingis still fastandsometimesis desiredif ac-
curacy is needed.For perspective,affine, translation-zoom-
rotationandtranslationalmotionat least4, 3, 2 and1 mo-
tion sensorsarerequired,respectively. Extramotionsensors
canbeusedto checkthecorrectnessof motion.

In our implementation,we choose3 motion sensorsto
estimatethemotion. Since3 motionsensorsareused,only
theparametersfor affine motioncanbeestimated.Thepa-
rametersfor translationalandtranslation-zoom-rotationare
subsetsof theseparameters.Sinceperspective motion is
sensitive to slight changesin the parametersand iterative
descentmethodscanbetrappedin local minima,theinitial
guessof perspectivemotionparametersis notperformedby
motionsensors.Thegeneralstructureof themotionestima-
tion algorithmis depictedin Fig. 4.

Fig. 4. GlobalMotion EstimationAlgorithm.

If themotiondetectionby motionsensorsis confirmed,
affinemotionis estimatedusingLevenberg-Marquardt(LM)
iterative nonlinearminimization algorithm. Oncethe pa-
rametersareestimatedfor affine motion, theseparameters
areagainfed into LM algorithmto estimatetheperspective
motionparameters.

If themotionsensorscannotuniquelyidentify a global
motion,themotionestimationis determinedasin [1]. After
the motionparametersareobtained,motion sensorswhich
donotconformto globalmotionareeliminatedandnotused
in thesubsequentmotiondetection.

To increasetherobustnessof motionestimation,M-estimators
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Fig. 5. Experiments.a) Backgroundspritefrom coastguardb) dynamicspritefrom coastguardc) a framefrom a lectured)
thedynamicspriteof theframe.

areused[1, 2] andtheerroris expressedas:

r} ~ � s * � (5)

where
~ � s * � $�s �* in the original formulation. Sincethis

function givesmoreweight to large errors,it is biasedby
local motion(which areoutliersfor globalmotion). To de-
creasetheeffect of outliers,thetruncatedquadraticmotion
is used: ~ � s * � $�� s �* � if , s * ,e�V�k �

if , s * ,e�V� (6)

where � is a thresholdselectedaccordingto the histogram
of theerrors.

4. EXPERIMENTS

Our testdatabaseconsistsof thelecturesrecordedanddig-
itized at SUNY/Buffalo. Thelecturestake placein a class-
roomwhichis arestrictedenvironment.Thecameramotion
is not oftenandlessthan10%of theframescontaincamera
motion.Theglobalmotionis usuallycameramotionandthe
perspective motionmodelis chosenfor motionestimation.
To show theeffectsof our experiments,we havealsotested
on MPEG-4testsequenceslike coastguardwhich contains
almostcontinuousmotionin all frames.

Thedifficulty with this typeof video is that themotion
sensorsmaybeoccludedby moving objectsor maydisap-
pearfrom thescenedueto cameramotion. In thosecases,
motionsensorswill significantlyincreasetheerrorin Equa-
tion 4. The threshold���R���F��� determinesthat the maximum
average s �* could be betweenconsecutive frames. In our
test environment � �R�O�F�O� is chosenas 100. Oncethe error
exceeds� �R�����O� , motionsensorsarerecomputedfor thenew
frame.Thedynamicandstaticmosaics[7] aregeneratedto
evaluatethe correctnessof the algorithm. If spritescanbe
generatedproperly, theGME is assumedto beright. Figure
5 shows thespritesgeneratedfrom coastguardexampleand
lectureexamples.

5. CONCLUSION

In this paper, we introducedamethodto performtheglobal
motionestimationmethodfrom semi-dynamicvideo. If the

videodoesnot containcontinuousmotion,theexistenceof
the motion canbe detectedby motion sensors.Moreover,
motionsensorsalsogivegoodapproximationto themotion
modelparameters.This initial estimationreducesthenum-
berof computationatthelevelsof pyramid.Althoughinitial
detectionof themotionsensorsis costly, it is usuallydone
onceat thebeginningandcanbeoptimizedby themethods
givenin Section2.2.

6. REFERENCES

[1] F. Dufaux andJ. Konrad, “Efficient, robust, and fast
global motion estimationfor video coding,” IEEE
Transactionson Image Processing, vol. 9, no. 3, pp.
497–501,March20002000.

[2] T. SikoraA. SmolicandJ.-R.Ohm, “Long-termglobal
motionestimationandits applicationfor spritecoding,
contentdescriptionandsegmentation,” IEEE Transac-
tionsonCircuitsandSystemsfor VideoTechnology, vol.
9, no.8, pp.1227–1242,December1999.

[3] A. Smolic andJ.-R.Ohm, “Robust global motion es-
timation usinga simplified m-estimatorapproach,” in
Proc.ICIP2000,IEEEInternationalConferenceonIm-
ageProcessing, September2000.

[4] WenGaoYanLu andFengWu, “Fastandrobustsprite
generationfor mpeg-4 video coding,” in The second
IEEE Pacific-Rim conferenceon Multimedia (PCM),
October2001,pp.118–125.

[5] J.ShiandC. Tomasi,“Goodfeaturesto track,” in IEEE
Conferenceon ComputerVision and Pattern Recogni-
tion(CVPR). Seattle,June1994.

[6] B. StabernackH. Richter, A. SmolicandE.Mller, “Real
time globalmotionestimationfor anmpeg-4 videoen-
coder,” in Proc.PCS’2001,PictureCodingSymposium,
April 2001.

[7] M. Irani and P. Anandan, “Video indexing basedon
mosaicrepresentations,” in Proceedingsof IEEE, May
1998,pp.905–921.




