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ABSTRACT

The mosaicgeneratiommethodsbenefitfrom recentglobal
motion estimation(GME) methodswhich yield almostac-
curateestimationof motion parametersHowever, the gen-
eratednosaicsareusuallymoreblurredthanoriginalframes
dueto imagewarpingstageanderrorsin motionestimation.
Thetransformedaoordinatesesultingfrom GME aregener
ally realnumberswhereasmagesare samplednto integer
values. Although GME methodsgenerateproper motion
parametersa slight error in motion estimationmay prop-
agateto subsequenimosaicgenerationsteps. In this pa-
per, we proposea methodto generateclearermosaicsrom
video. Thetemporalintegrationof imagesis performedus-
ing the histempoal filter basedon the histogramof values
within anintenal. Theinitial framein the video sequence
is registeredat a higherresolutionto generatehigh resolu-
tion mosaic. Insteadof warping of eachframe,the frames
are warpedinto the mosaicat intervals. This reducesthe
blurringin themosaic.

1. INTRODUCTION

Mosaicgeneratiorhasbeenstudiedfor both content-based
retrieval andvideo compression MPEG-4[1] enablegle-
codingandencodingof layeredspritesfor the objectsand
thebackgroundThe differenttypesof mosaicsandmosaic
generatiormethodsare coveredin [2, 3]. Theinitial stage
of amosaicgenerations GlobalMotion Estimation(GME).
Themotionis usuallymodeledusingperspectie, affine,
translation-zoom-rotatiomgr translationalmotion models.
Most of the GME techniquesconcentrateon the accurag
of motionparametersf thechosermotionmodelg4, 5, 6].
Thesemethodsusuallyinclude aninitial estimationof the
subsetof the motion parametersand then adjustingof the
motionparametersisinga hierarchicapyramidof low-pass
filteredimages.
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Differentrepresentationsf mosaicdik e static,dynamic
and synopsismosaichave beeninvestigatedn [2]. Direct
methodsare appliedto align imagesand to generatethe
mosaic. A sprite creationmethodbasedon connectedp-
eratords presentedh [7]. A detailedwork on estimationof
motion parameter&nd generatiorof spriteshasbeenpre-
sentedn [5]. A highresolutionmosaicis generatedby slid-
ing the mosaicandwarpingthe next frameinto the mosaic
[6]. Sincewarpingoccursfor every frame, the generated
mosaiccanstill be blurred. Moreover, temporalintegration
methodsare usedaccordingto the type of the mosaicthat
will be generated.The temporalintegration methodsalso
causedblurringin themosaic.

In this paper we proposea methodfor generatinghigh
resolutionmosaicfrom video. The framesare integrated
usingthe histempoal filter. The histempoal filter is agen-
eralizedfilter and keepsthe histogramof valuesthat map
to a specificinterval. The initial mosaicis maintainedat a
higherresolutionto reducethe blurring dueto real-valued
transformedcoordinates. The framesare warpedinto the
mosaicat intervals. Sincewarpingof framesis performed
usingbilinearinterpolation,alow-passeffectis introduced.
Thereforejgnoringunnecessarframesyieldsclearmosaic
generation.After developingour method,experimentsare
conductedn standardMPEG testsequences.

This paperis organizedas follows. The motion esti-
mationis explainedin Section2. High resolutionmosaic
generatiorandhistempoal filter arepresentedh Section3.
The experimentsaandresultsarereportedin Section4. The
lastsectionconcludesour paper

2. MOTION ESTIMATION

Themosaicshouldincludeeverysectiorthatis visible through-
outthevideosequencelf thereis no a priori motioninfor-
mationfor avideosequencethe motionhasto be estimated
betweereachsequentiaframe.

Therearedifferenttypesof motionmodelsthatareused
in GME dependingon the cameraoperationsandthe struc-
ture of the scene. In this paper we detectcameramotion
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thatis parameterizetly perspectie motionmodel:
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whereay, a1, as, as, a4, as, ag, anda; aremotion param-
etersand(z}, y}) is thetransformecdcoordinatefor (z;,y;).
This modelturnsinto affine motionwhen(ag = 0, a7 =
0), translation-zoom-rotatiomotionwhen(as = —as, a5 =
a2, ag = 0, ay = 0), andtranslationalmotion when
(a2=1, a5=1, a4=0, a5=0, a6=0, a7=0).
Theerrorbetweertwo framescanbedeclarecas
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wheree; = I'(z},y:) — I(z:,y:), I(zi,y;) istheintensityat
(%;, i) in thepreviousframe,andI'(z}, y}) is theintensity
at thetransformectcoordinatein the currentframe. Error e
is computedor pixelsoverlappingin two frames.

Theiterative descentnethodsarelik ely to betrappedn
local minima. Our mosaicgenerationmethodskips some
of the framesto reduceblurring in the mosaic.The motion
estimationis performedbetweereachsequentiaframeand
alsobetweerframesat specificintervals. Motion estimation
betweenfartherframesis more proneto errorsdueto the
initial estimationand possiblelarge displacement.Accu-
mulatedmotion parameter®r relative motion with respect
to the initial framein the intenal is a goodapproximation
of themotionparametersln matrix form, affine motiones-
timationcanbewritten as
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More generallythis canbewritten as

v = Mo+t 4)

where M containsthe motion parameterdor the first ma-
trix andt containghetranslationaparametersTherelative
motionis computedas

V=M Mv+t)+t = MMv+ (Mt+t) (5)

wherev” is thevectorfor thenew transformedtoordinates;
M' andt’ hold the currentmotionparametersand M andt
hold the motionparametersip to the currentframe.

To increaseaherobustnes®f motionestimationwe use
M-estimatord4, 5] andtheerroris expresseds:

N
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wherep(e;) = e? in the original formulation. Sincethis
function givesmore weightto large errors, it is biasedby

local motion (which areoutliersfor global motion). To de-
creasehe effect of outliers,the truncatedquadraticmotion

is used: 2 i e
e;, IMle| <t
plei) ={ . if e >t (7

wheret is a thresholdselectedaccordingto the histogram
of theerrors.

3. MOSAIC GENERATION

3.1. Histemporal Filter

The linear temporalfilters like averaging,recursie filters
like Kalmanfilter [8], andorderstatisticfilters like median
filters have beenusedfor noisereductionor removal in im-
age sequences.Temporalaveragingyields a blurred mo-
saic,if thevideoincludesmoving objectsor motioncannot
be estimatedaccurately Median filters requireenormous
storageo detecthetemporalmediarfilter. Moreover, tem-
poral medianmay yield erroneougesults,if the expected
mediancantake severalvalues.For example thefrequeny
of pixel values100and101is 20 and 22 for a pixel coor
dinatein the mosaic,respectiely. Althoughthis difference
mayresultfrom theilluminancechangen theervironment,
they are treatedas different. If the frequeng of another
pixel valueis 25, this valuewill be chosenby mistale. In
fact,averaging(of 100and101)would yield a betterresult.
Histempoal filter is a tempoal filter thatis basedon the
histogramof intensityvalueswithin a specificinterval.

Theinterval determineghe precisionof temporalin-
tegrationin mosaicgeneration.For a 8-bit per pixel gray-
scaleimage, all the pixels lay in [0,255]. Therewill be
[ 25817 slotsin the histogram. If interval is 256, his-
temporalfilter becomegemporalaveraging.If interval is
1, thetemporalinterval becomedemporalmedianfilter.

Two datastructuresare usedto obtainthe histemporal
filter: frequencyarrayandaverage array Frequencyarray
keepsthe frequeng of eachinterval of the histogram. As
theframesareprocessedhefrequeng of aninterval is in-
creasedor eachpixel valuebelongingto theinterval. Aver
age arraymaintainghe averageof thevaluesasnew values
are processedor eachslot. Histemporalfilter returnsthe
averagevalue of theinterval having the highestfrequeng.
Figurel (a) shows a histogramwhereinterval is 16. The
interval [81, 96] hasthe highestfrequeng. Figurel (b) dis-
playsthe frequencief the valuesthatlay in this interval.
During histemporafilter computationthe averageof these
valuesis computedasthey arrive.

3.2. High Resolution Mosaic Generation

Motion parameterghat are obtainedfrom Equationl are
usuallyrealnumbersandyield real-valuedtransformecdto-
ordinates.The originalimagesaresamplednto integerdo-
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Figurel: Histemporafilter.

main. The ordinary techniquescreatea mosaichaving a
resolutionof the initial framein the sequence.The pixel
locationsin the mosaicmay not correspondo the integer
valuedpixel locationsin the new frame. Approachedike
bilinearinterpolationareusedto estimatethe pixel valueat
thelocation.Bilinear interpolationtakesthe weightedaver-
ageof the closestpixelsandblurstheimage.

A high resolutionvideo mosaickingapproachis pro-
posedin [9]. A high resolutionmosaicis generatedvhere
amosaicalsocontainshalf-pel data. Whena new frameis
processeda shift (diagonal,vertical, or horizontal)on the
mosaicis assumedandthe frameis warpedinto the cor-
respondingareain the mosaic. This usually preseresthe
original sharpnes®f the image. However, this approach
doesnot considerthe precisionof the transformedcoordi-
natesandwarpingstill occursatalow resolutionbecaus®f
shifting. In ourcasewarpingoccursathighresolution(Fig-
ure2). Every pixel in thewarpingregionis updatedduring
warping.
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Figure2: High resolutionmosaic.

The motion parameterarealsoaffectedby the moving
objectsandapertureproblem. This causessomedeviation
from the original valuesof motion parameters.Whenthe
motion estimationis performedfrom frameto frame, the
error accumulatesnd propagatego the later motion esti-
mationandwarping. In addition, warping at every frame
alsointroducesblurring. Thus,insteadof warpingat every

frame, the framesare warpedinto the mosaicat intervals.
But the motion estimationhasto be performedfor eachse-
quential frame. The previous frame is mappedfrom the
mosaicto avoid error accumulation. Threethresholdsare
used: maximumaccumulatedlisplacemen{mad), maxi-
mumscalefactor(ms f) andmaximumintervallength(mil).
The motion betweenconsecutie framesare accumulated
until thedisplacemenis lessthanmad andscale(zooming)
factoris lessthanms f. Otherwise the motionbetweerthe
first frame andthe last framein the interval may increase
significantly andmotionestimatiormethodsmayyield less
accuratgparametersif thereis no significantmotionin the
sequencethe relative motionis computedfor at mostmil
frames. This upperboundis neededo remove the objects
from thebackgroundnosaic.Theframeis alsowarpedinto
themosaicwhenthedirectionof cameramotionchanges.

4. EXPERIMENTS

In our experimentstheresolutionof the mosaicis twice as
theinitial frame of the sequencethusresultingin half-pel
accuray. Themad andmil arebothselectedas10. Figure
3 shawvs anordinaryblurredmosaicgeneratedrom 'coast-
guard’ MPEG testsequencelf the motioncanbe modeled
usingtranslationamodel theimagesanbewarpedaccord-
ing to the precisionof transformedcoordinates. MPEG-
4 test sequencécoastguard’can be modeledusing trans-
lational model. Figure 4 shows the high resolutionback-
ground mosaicgeneratedafter 300 frames. No segmen-
tation maskis usedin the generation. The water texture
is smoothedecausef temporaltexture, andhasbeenre-
movedfrom themosaic.Theright sideof thefigureincludes
partsthatarenotfilled by frames. Thereforetheright side
looks darker. Theselocationsarefilled with bilinearinter-
polation. The smoothedegionsin the ordinarymosaicare
clearlyvisiblein the high resolutionmosaic.

Figure3: OrdinaryMosaic.

Thereis no standardizegherformancedestsfor generat-
ing mosaics.Themostcommonmethodis averagingPSNR
valuesfor a video. Although PSNRis a good indication
of similarity betweenimages,averageof PSNRvaluesis
not alwaysa good measurdor video. Figure5 shavs the
mosaicgeneratedor 'foreman’ MPEG testsequencdérom
frames195 to 240. The correspondind®SNR valuesfor
framesthatare generatedrom high resolutionmosaicand
ordinarymosaicaregivenin Figure6. We have usedaffine
motionmodelfor 'foreman’ sequence.



Figure4: High resolutionmosaicfrom coastguard.

Figure5: Mosaicgeneratedrom 'foreman’.
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Figure6: PSNRfor foremansequence.

5. CONCLUSION

In this paperwe presente@methodfor highresolutionmo-
saicgeneratiorfrom video. Motion estimations performed
betweeneachconsecutie frame not to missvisible areas
in the sequencdor mosaicgeneration.The blurring in the
mosaicgenerations reducedy warpingatintervalsandat
ahigherresolution.Althoughhigh resolutionmosaicwarp-
ing increase®lapsedime, this is compensatetly warping
atintervals. The numberof framesthatareskippedcanfur-

therbedecreasedyut thisis left asa furtherresearch.
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