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ABSTRACT

GlobalMotion Estimation(GME)techniquesiave been
developedand usually appliedon video that motion takes
placeoften. Althoughthesemethodsproduceaccuratere-
sultswherefrequentmotion occurs,they turn out to bein-
efficient if motionis not so oftenin the video asin 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-pasdfilteredimagesasin iteratve descenmethods.

1. INTRODUCTION

Global Motion Estimation(GME) techniquesplay anim-
portantrolein videocompressiomethods GME is usually
usedto describethe cameramotion in a video. The mo-
tion is usuallymodeledwith perspectie, affine, translation-
zoom-rotationor translationaimotion models. Most of the
GME techniqueslevelopedconcentraten the accuray of
motion parameter®f the chosenmotion models[1, 2, 3].
Thesemethodsusuallyinclude an initial estimationof the
subsetof the motion parametersand then adjustingof the
motionparametersisinga hierarchicapyramidof low-pass
filtered images. Thesemethodsare usually testedon dy-
namic video where thereis almostalways motion in the
video. In semi-dynamicvideo applications like distance
education the motion doesnot happenoften. The motion
usuallyhappenstintervalsandthenthe camerastabilizes.
A hierarchicalgradientdescentmethodwhich usesM-
estimatorshasbeenusedto performGME [1, 2, 3, 4]. An
initial matchingis necessaryo avoid beingtrappedin lo-
cal minima. Theiterative descents usedto adjustthe mo-
tion parameterst eachlevel of the pyramid. Therearetwo
drawbacksof thiskind of approacheserrorin initial estima-
tion andhierarchicalcomputatiorof iterative descentFirst
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drawback causedhe techniqueto be trappedin local min-

ima and the next one introducessignificant computation.
TomasiandShi [5] presentdeatureselectionprocessased
on adissimilarity of featureselection.The featuresare se-
lectedbasedon theinitial frameandthe currentframethus
dependingon the motion betweentwo frames. Thereare
featuregpresentedbasedbn edgeqhigh gradients)corners,
block having high spatialfrequeng. Featuresare selected
using the Laplaceoperatorwith its FIR filter coeficients
1,—2,1[6]. Thistype of featuresareselectechccordingto

the neighboringpixels.

In this paperwe proposemotionsensorsvhich aresen-
sitive to motionthatmaytake place. Themotionsensorsare
expectedto displacetheir positionsin ary type of motion
andshouldbe enoughto describethe motion. For example,
4 motion sensorsshouldyield information aboutperspec-
tive motion and 3 motion sensorshouldyield information
aboutaffine motion. For eachpixel within theinitial frame,
a block searchis performed.We usedtwo kinds of masks:
squareandcircular. The motionsensorarenot only edges
having high gradients. They are obtainedby using more
generalinformationthangradientsandcarrymoreinforma-
tion in caseof motion.

This paperis organizedasfollows. Section2 following
sectionexplainsmotion sensors.The GME is discussedn
Section3. Section4 explainsour experimentsandthe last
sectionconcludesur paper

2. MOTION SENSORS

Our experimentsshaved that motion estimationmethods
which processall the pixelsthat are available are slow for
video. So, rathera setof featurepoints are selectedand
they aretracked in eachframe. Mappingfeaturepointsin
two framesis not easysincetheremay be several feature
pointsthatsharethe samecharacteristics.
Thismethodaimsto matchblocksthathave motionsen-
sorsastheir centempointsratherthanmappingfeaturepoints
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themseles. This approactdoesnot requirethe exactmap-
ping of the featurepoint. The errorfunctionusedin block
matchingintroducesflexibility in tracking of the motion
sensorgpoints even though featurepoints are not located
asthey areexpected.

Motion sensorsarefeaturepointswhich aresensitve to
motion. The motion sensorsare expectedto displacetheir
positionsin ary type of motion. 2 motion sensorsshould
yield informationabouttranslation-zoom-rotatiomotionand
1 motion sensorshouldbe enoughto detecttranslational
motion.

Edgeshaving high gradientsarelikely to be candidates
for motion sensors. Unfortunately gradientcontainsin-
formation within +1 pixel distancewhich is usually not
enougho detectmotiondueto existenceof patternsor aper
ture problem. Anotherproblemwith the edgess the map-
ping of edgesin two frames. Becauseanotheredgemay
possessimilar informationto the desirededgeand makes
it difficult to detectthemotion.

It is very hardto find absolutemotion sensorghat will
changetheir locationsafter every type of motion. Thegoal
is to find the motion sensorghat will displacetheir loca-
tionsin mosttypesof motion. In Fig. 1, therearetwo lines
intersectingeachother Every pointlying onlinesi; andis
is likely to displaceto their positionsafteramotion. Let the
slopedor I; andl; bem; andms, respectiely. If thereis a
motionin thedirectionof m,, thepointslying online I; will
be useles@andmoreorer, make the motion estimationdiffi-
cult. Similar statements alsotruefor line I,. Which points
carrythehighestinformationfor motion? Theanswelis the
intersectionof line I; andline I, becauséhe p will always
changeits locationeitherthereis a motionin the direction
of my orms.

Fig. 1. Intersectindines.

In realvideo,theexistenceof linesandtheirintersection
arenot guaranteedEventhough,the lines may exist, they
may not be straightlines or may be hardto detect. There-
fore, we proposea methodthatwill work without detection
of linesandusinggradientgsincethey carrylimited infor-
mationaboutthe surroundingpixels).

2.1. Detection of Motion Sensors

A featurepointis distinguishabléy its surroundingpixels.
A block matchingprocesss performedor ablock contain-
ing motionsensoms asits centerwithin the sameframe.
Theblock searchoperationis performedwithin distanceof
d. Eachblock sizehasa heightandwidth of n pixels. For

theblock searctoperationn-stepsearctcanbeused.As an
errorfunction,we usethe sumof absoluteerror differences
(SAD)

e(B?,B')py =TI, XIZT|B™ (i, §) — B3, 5)| (1)

where BP representshe block wherep is its centerand B¢

represents block within the searchdistanced. Let z, and
yp denotethe z andy coordinateof a pixel p. The sensi-
tivity of a pixel is determinedby s(p) which is computed

by
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Fig. 2. Squareandcircularmasks.

We have usedtwo differentmasksto detectmotionsen-
sors:squareandcircular. Figure2 depicts8x8 squaremask
anda circular maskof radius4. Squaremaskcontains64
pixels whereasircular maskhas61 pixels. Circular mask
is a betterapproximationthan squaremasks,since pixels
within a radiusis considered.In real examples the differ-
enceis not distinguishablewvhen either of thesemasksis
used.Fig. 3 shavsmotionsensorsletectedor aframefrom
amobile& calendaframeby squareandcircularmasks.

Fig. 3. Mobile & Calendarexamplefor motion sensorsa)
original frameb) motionsensorsn the framefrom circular
maskc) applicationof squaremaskd) applicationof circu-
lar mask.

One problemin matchingof the blocksis the signifi-
cantdisplacemenbetweentwo frames. In mostcasesthe
motionbetweertwo consecutie framesarenot huge.



2.2. Optimization in Detection of Motion Sensors

Althoughmotionsensodetectionis performedatthebegin-
ning, the comparisorof blocksis the mostexpensve part
andit shouldbe optimized.Therearea coupleof optimiza-
tions that can be performed. Sincethe goal is not to find
all themotionsensorsthereis no problemif someof them
aremissed.In mostcasesa motion sensotasa neighbor
ing motion sensorandan ordinary pixel hasa neighboring
ordinary pixel. Therefore,motion sensordetectioncanbe
performedat intervals. To increasehe performanceevery
otherpixel is skippedduringdetection.

Notethatthe distancebetweentwo blocksaresymmet-
ric. If the distancebetweentwo blocks are alreadycom-
puted,thereis no needto computethe distancebetween
thosetwo blocksagain. If the searchdistanceis d, there
areinitially (2d)? — 1 SAD computationsDueto symme-
try, thisis reducedo d? — 1.

The sensitvity of a pixel will be high if it is a mo-
tion sensar Otherwise,the pixel's region is similar to its
surrounding. If the sensitvity is low whencomparingthe
blocks,the furtherblocksdo not needto be compared Be-
causehatpixel canno longerbeamotionsensor

3. GLOBAL MOTION ESTIMATION USING
MOTION SENSORS

Therearedifferenttypesof motion modelsthatareusedin

global motion estimationdependingon the cameraopera-
tions andthe structureof the scene.In this paper our goal
is to detectthe cameramotion which is parameterizedy

perspectie motionmodel:
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whereaq, a1, as, as, a4, as, ag, anday; are motion pa-
rametersand (z},y;) is the new locationof (x;,y;). This
modelturnsinto affine motionwhen(as = 0, a; = 0),
translation-zoom-rotatiomotionwhen(a, = —as, as =
as, ag = 0, ay = 0), and translationalmotion when
(a2=1, a5=1, a4=0, a5=0, a6=0, a7=0).

Theerrorbetweertwo framescanbedeclaredhs

e=Y"e} wheree;=TI'(al,y)) — I(xi,ys) (4

where I(z;,y;) is the intensity at (x;,y;) in the previous
frameandits correspondingn thecurrenfframeis I' (z}, y}).
Errore is computedor pixelsoverlappingin two frames.
Theiterative descentnethodsarelik ely to betrappedn
local minima whenthey try to minimize Equation4. The
hierarchical(iterative descentapproachis usually applied
to detectthe motion parameterslnitial estimationof trans-
lationalparameterss necessaryo avoid local minima. This
methodrequiresgeneratiorof low-pasdiltering of aframe,

computationof gradientsand computinggradientdescent
for eachlayer. In our experimentsmotion sensorsapprox-
imately give the motion parametersvithout generationof
hierarchicalpyramid.

Themappingof amotionsensois computedisingblock
matching. For finding the best matchingblock, the full
searchingor n-stepsearchingcan be applied. Sincethe
numberof featurepointsis usually very few, the process
of full searchings still fastandsometimess desiredif ac-
curag is neededFor perspectie, affine, translation-zoom-
rotationandtranslationalimotion at least4, 3, 2 and1 mo-
tion sensorgrerequiredrespectiely. Extramotionsensors
canbeusedto checkthe correctnessf motion.

In our implementationwe choose3 motion sensorgo
estimatehe motion. Since3 motionsensorareused,only
the parametergor affine motion canbe estimated.The pa-
rameterdor translationalndtranslation-zoom-rotatioare
subsetsof theseparameters. Since perspectie motion is
sensitve to slight changesn the parameterand iterative
descentmethodscanbetrappedn local minima,theinitial
guesf perspectie motionparameterss not performecby
motionsensorsThegeneraktructureof themotionestima-
tion algorithmis depictedn Fig. 4.
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Fig. 4. GlobalMotion EstimationAlgorithm.

If the motiondetectionby motionsensorss confirmed,
affine motionis estimatedisingLevenbeg-Marquadt(LM)
iterative nonlinearminimization algorithm. Oncethe pa-
rametersare estimatedor affine motion, theseparameters
areagainfedinto LM algorithmto estimatethe perspectie
motionparameters.

If the motion sensorgannotuniquelyidentify a global
motion,themotionestimations determinedasin [1]. After
the motion parametersre obtained,motion sensorsvhich
donotconformto globalmotionareeliminatedandnotused
in the subsequenmnotiondetection.

Toincreaseherobustnes®f motionestimation M-estimators
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Fig. 5. Experiments.a) Backgroundspritefrom coastguard) dynamicspritefrom coastguard) a framefrom a lectured)

thedynamicspriteof theframe.

areused[1, 2] andtheerroris expresseds:

N
> ples) (5)

wherep(e;) = e? in the original formulation. Sincethis
function gives more weightto large errors, it is biasedby
local motion (which areoutliersfor globalmotion). To de-
creasehe effect of outliers,the truncatedquadraticmotion

is used: 2 it o

N_ g € IFle| <t

plei) = { L if e >t (6)

wheret is athresholdselectedaccordingto the histogram
of theerrors.

4. EXPERIMENTS

Ourtestdatabaseonsistsf the lecturesrecordedanddig-
itized at SUNY/Buffalo. Thelecturestake placein a class-
roomwhichis arestrictedervironment. Thecameramotion
is not oftenandlessthan10%of theframescontaincamera
motion. Theglobalmotionis usuallycameranotionandthe
perspectte motion modelis choserfor motion estimation.
To shaw the effectsof our experimentswe have alsotested
on MPEG-4testsequenceBk e coastguardvhich contains
almostcontinuousmotionin all frames.

The difficulty with this type of videois thatthe motion
sensorsnay be occludedby moving objectsor may disap-
pearfrom the scenedueto cameramotion. In thosecases,
motionsensorwill significantlyincreaseheerrorin Equa-
tion 4. Thethresholdt.,,,, determineghatthe maximum
averagee? could be betweenconsecutie frames. In our
testervironmentt,,... is chosenas 100. Oncethe error
exceeds, o, Motionsensorarerecomputedor the new
frame.Thedynamicandstaticmosaicq7] aregeneratedo
evaluatethe correctnes®f the algorithm. If spritescanbe
generategbroperly the GME is assumedo beright. Figure
5 shawvsthe spritesgeneratedrom coastguaraxampleand
lectureexamples.

5. CONCLUSION

In this paperwe introduceda methodto performtheglobal
motionestimationmethodfrom semi-dynamicideo. If the

video doesnot containcontinuousmotion, the existenceof
the motion canbe detectedby motion sensors.Moreover,
motionsensoralsogive goodapproximatiorto the motion
modelparametersThis initial estimationreduceghe num-
berof computatioratthelevelsof pyramid. Althoughinitial
detectionof the motion sensorss costly it is usuallydone
onceatthebeginningandcanbeoptimizedby the methods
givenin Section2.2.
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