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ABSTRACT

A multi-stagemoving objectdetectioralgorithmin videois
describedn this paper First, the cameramotion s elim-
inatedby motion compensation An adaptve subbandle-
compositionstructureis thenusedto analyzethe difference
image. In the high-bandsubimagesmaoving objectswhich
produceoutliers are detectedusing a statisticaltestdeter
mining non-Gaussianegions. It turnsout thatthe distribu-
tion of the subimagepixelsis almostGaussiarin general.
But, at the objectboundarieghe distribution of the pixels
in the subimagesleviatesfrom Gaussianitydueto the exis-
tenceof outliers. Regionscontainingmaving objectsin the
originalimageframearedetectedy detectingregionscon-
taining outliersin subimages.Finally, active contoursare
initiated in theseregionsin the waveletdomainand object
boundariesreaccuratelyestimated.
1. Introduction

In thispaperamultistagemoving objectdetectiormethod
basedon subbandanalysisof thevideois describedlin the
first stageof our algorithmbothtemporaldifferencingand-
or backgroundgubtractiormethodg1]-[2] canbeusedafter
compensatinghe cameramotion usinga standardnethod.
In the secondstageof our algorithm, we performwavelet
analysigto robustify the differencingoperation.n addition,
waveletanalysisallows usto usea statisticalnon-Gaussian
region detectionmethodto determineregions containing
moving objects. Our Algorithm is basedon the fact that
moving objectsproduceoutliers and local extremain the
wavelet (or subbanddomain. It is obsened by mary re-
searchershatthe distribution of wavelet coeficientstends
to beGaussiarn naturalimages.Ontheotherhand thedis-
tribution deviatesfrom the normaldistribution aroundmov-
ing objectsin thewaveletdomain.To determingheregions
containingoutlierswe studiedtwo non-Gaussiaregion de-
tection testsbasedon Higher Order Statistics(HOS) and
FractionalLower Order Statistics(FLOS). In someclassi-
cal object detectionmethods[3], variancesof the object
andthe backgrounds comparedo distinguishthe object
from the background.We comparedhe FLOS, HOS and
variancebasedstatisticattestsexperimentallyandobsened
thatthe FLOS basedtestproducedthe bestresults. In the

third stageof the algorithmthe wavelet subimagesre di-
videdinto smalloverlappingblocksandin eachblock FLOS
basedstatisticis estimatedIn staticregionstheteststatistic
is closeto zerowhereasn regions containingthe moving
object(s)it produceshigh values.Regionscontainingmov-
ing objectsaredeterminedy thresholdinghe teststatistic
in small blocks. In the last stageof the algorithm active
contoursareinitiatedin the detectedegionsto estimatehe
objectboundaries.

In Section2, we presenthe 2-D adaptve waveletanal-
ysis methodwhich reducesthe effects of the static back-
groundin highbandsubbandsin Section3, we review the
FLOS basedstatisticalteststhat we usefor moving object
detectionin highbandsubimagesln Setion4, we useactive
contourgo determingheobjectboundariesandpresenthe
resultsof simulationstudiesin Section5.

2.Adaptive Wavelet Transform

In mostmoving objectdetectiormethodsframediffer-
encingor backgroundsubtractioris usedto highlight mov-
ing regions. Boundarieof the static objectsare alsoem-
phasizedby differencingdueto undersamplingf images.
In additionnoisemay be amplified. To robustify the differ-
encingoperationwe useadaptve wavelet analysisandre-
move thehighestrequeng subbandvhich maycorrespond
to amplified high frequeng noise components.Adaptive
waveletfilterbankremovesthecorrelatiorbetweertheneigh-
boring image samplesusing a LeastMean Square(LMS)
type adaptatiorstratay. In thisway, we suppresshe static
backgroundpixels which are highly correlatedwith each
otherandhighlightthemoving objectsfrom thebackground
asmoving objectpixelsareuncorrelatedvith thebackground
pixels. The conceptof adaptve (wavelet) subbandlecom-
positionis developedin [4]. Adaptive subbanddecompo-
sition structureis obtainedby using adaptve LMS filters
insteadof fixed filters in the lifting basedwavelet trans-
form. One dimensionaladaptve subbanddecomposition
structurg[6,8,9]is shavn in Figurel. Its extensionto two-
dimensional(2-D) signalsis straightforvard by using the
row by row andcolumnby columnfiltering methodsasin
ordinary2-D separablsubbandlecompositiorfor wavelet
transform).Thefirst subsignab); is adownsampled/ersion



of the original signalv, a onedimensionakignalwhich is
usuallya columnor arow of theinputimage.As v, is ob-
tainedafterdown-samplingjt containsonly the evensam-
plesof v. The sequence, is a shiftedanddownsampled
versionof v, containingonly odd samplesf v. We predict
vy USingu; andsubtracthe estimatep, from v, to obtain
the signalv, which containsunpredictableegionssuchas
edgeof theoriginalsignal.Variousadaptatiorschemesan
be usedfor the predictorP; [4]. In our work, we usedthe
adaptie FIR estimatoy provento be goodfor the sample
imageghathave beentested.This adaptve estimatoiis ob-
tainedby predictingthe odd samples, (n) from the even
samples; (n)) usinganLMS-typealgorithmasfollows:

N N
Ua(n) = Z wnpv1(n — k) = Z wn, k(20 — 2k)
k=—N

k=—N

1)
Filter coeficientswy, ;, areupdatedusinganLMS type al-
gorithmasfollows:

W(n+ 1) = W(n) + MM- (2)
1Vl
whereW(n) = [wp,—n,...,wn,n] iS the weight vector at

time instantn, e(n) = v(n) = vy(n) — v (n)W(n), and
Vo =[v1(n=N),v1(n—N+1),...,0v1(n+N—1),v1(n+
N)]T. Thehighbandsubsignaby, is givenby

vn(n) = v2(n) — V2(n). 3)

Thisstructuras thesimplestadaptvefilterbank.Otheradap-
tivefilterbanksin which the”low-band”subsignals alow-
pasdilteredanddownsampledrersionof theoriginal signal
canbefoundin [4]. If thedifferencedmageis processetly
anadaptve filterbankwe expectthatmoving objectbound-
ariesare not predictedas good as the other static pixels.
Thusoutliersand/orlocal extremawill appearin vg[n] in
regionscorrespondingo moving objects.

Theextensionof theadaptve filterbankstructureto two
dimensionss straightforvard. We first processheimagez
row-wisethencolumnwiseandobtainfour subimagesy;;,
Zin, Thi, andxzyy. In generalthe‘low-high’ and‘high-low’
imagesobtainedare sharper(smother)at the edgesof the
objects(staticimageregions)in adaptve subbanddecom-
position comparedto the regular subbanddecomposition.
This is dueto the fact that static pixels can be predicted
effectively usingthe neighboringpixels whereaghe pixels
belongingto moving objectscannot.

3. Detection of Moving Regionsin Subbands

In our approach,a region containingthe moving ob-
ject(s)is(are)determinedasfollows: 1.A motion compen-
sateddifferenceimageis obtainedfrom two or threecon-
secutveimageframesof thevideo (backgroundubtraction
canbe alsoused,if the camerais stationary),2. adaptve

waveletanalysisof the motioncompensatedifferenceim-
ageis carriedout, 3. theresultingsubimages;;,[m, n] and
zpi[m, n] aresummedandanalyzedblock by block by us-
ing a non-Gaussiamegion detectiontest,and 4.theblocks
in which theteststatisticexceedsa thresholdaremarkedas
theregion(s)containing(portionsof) themoving object.

Recently Gonzalesand Arce [5] proposeda Fractional
Lower Order Statistics(FLOS) to analyzeimpulsive ran-
domprocessesndthey defineda statisticcalledGeometric
Pawver (GP).In maving objectdetectionve usethegeomet-
ric power asa teststatisticin the analysisof motion com-
pensatediifferenceimage.The geometricpower is defined
as

M N
So = exp(M i N Z Zlog|e[m,n]|). (4)
m=1n=1
wheree[m, n] representthesumof thepixel valuesz;, [m, n]
andzp[m,n] and MxN is the sizeof the region in which
S, is estimated.As pointedabove the subimagesg;;, and
a1, areobtainedby processinghe motioncompensatedif-
ferenceimageusing the adaptve subbanddecomposition.
The high-highsubimager;,[m,n] containsalmostno in-
formatAion. The statistic S, canalso be expresseds fol-
lows: S, = ([T¥_, [T>_, log |e[m,n]|). Subbandmages,
x;, andzxy,;, arezero-mearimagesasthey do not contain
ary low frequeng information. In staticregions pixels of
x;, andzxy; arecloseto zero. Thereforewe expectthatthe
geometricpowver takessmallvaluesin staticimageregions
andit shouldtake large valuesaroundmoving objectsdue
to outliersin e[m,n]. As discussedn the next sectionit is
experimentallyobsenedthatFLOSbasedstatisticproduces
betterresultsthanthe HOS basedstatistic.

We divide theimageto beanalyzednto M by N blocks.
TheFLOSbasedstatistic(9) is calculatedvithin eachblock.
Theseblocks may overlap. In our experimentalwork we
usedblocksof sizeM = 8 by N = 8 whereoverlappingoc-
cursat4 pixel steps.If the FLOS basedstatisticexceedsa
thresholdvaluein ablock thenthis blockis markedasare-
gion containinga moving objector partof a moving object
if theobjectsizeis largerthan8 by 8.

Thedetectionprocedurecanbe consideredsa hypoth-
esistestingproblemin which the null hypothesisH, corre-
spondgo theno moving objectcaseand H; correspond$o
the presencef amoving pixelswithin a block of data:

H0:§0<Th

H1:§02Th

Thethresholdl}, is experimentallydeterminedisdescribed
in the next section. The blocksin which the test statistic
exceedshethreshold T}, aremarkedasregionscontaining
moving objects.

In [3], [6] varianceor power is usedto distinguishthe
objectsfrom thebackgroundvhich hasa differentvariance.



Variancebaseddetectionproducesa lot of falsealarmsin
thevideosthatwe have tried comparedo FLOS andHOS
basedteststatistics. It turnsout that the FractionalLower
OrderStatistic(FLOS)produceshebestresults.Theuseof
FLOS brings robustnessand reducesthe numberof false
alarms. This approachcannotbe usedto detectmoving
pointorverysmalltargetswhicharetreatedasnoiseby both
theHOSandFLOSbasedeststatistics.

5. Active Contours

The laststepof our moving objectdetectionalgorithm
is to determinethe boundarieof the moving objects. The
problemof objectboundaryestimatiorrecevealot of atten-
tion [3,6,8,9]. Active contourscanbe usedfor this purpose.
We carryout boundarydetectionin the waveletdomainus-
ing the highbandsubimages; andx;,. The 2-D signal
|Zpi| + |zin| containsbothhorizontalandvertical edgesof
the original object. Thereforean active contourinitiated
from the edgesof therectangularegion determinedoy the
statisticaltestconvergesto the boundaryof the object. We
placetheinitial snaxels aroundthe edgesof the region de-
tectedby the FLOS testwhich containsthe moving object.
Snale contourestimationalgorithmsaregreedyalgorithms
minimizing a linearcombinationof the so-calledmageen-
ergy, cunatureenegy, andthecontinuityenegy. They may
convergeto local minima. In our case the minimizationis
carriedoutin thewaveletdomainbasedn the pixel values
of |zpi| + |zi|. In all the corvex examplesthat we tried
they corvergeto the boundaryof theobjects.

In this paper decimatedvavelettransformwhosespace
resolutionis lower thanactualdatais used.If higheraccu-
rag is desiredhenundecimateavavelettransformmaybe
usedto determinethe boundaryof a moving object,or the
last few iterationsof the contouralgorithm canbe imple-
mentedovertheactualimage.

In Figure 10, thefinal control pointsof asnale curveis
shavn over a helicopterimagefrom aninfraredtestvideo.

4. Experimental Results

The performanceof the detectionschemels testedby
analyzingl0 infrared FLIR videosandtwo regular videos
containingmoving objectson variousbackgrounds.

In thefirst step,aclassicablock matchingbasednotion
compensatiolgorithmwith subpixel accuray is used.In
the secondstep, motion compensatedmagesare filtered
usingthe adaptie wavelet transformerand the subimages
xy[m, n] andzy[m, n] areobtained Finally, theteststatis-
tic valuesareobtainedin small overlappingblocks. In our
detectionschemewe use adaptve thresholdvalueswhich
are determinedrom the first two imagesof the video se-
quencaandupdatedifterseveralframes.Theimagee[m,n] =
|zin[m, n]|+|zri[m, n]| is dividedinto threehorizontalstrips.
In eachstrip the meanandthe varianceof the teststatistic
is estimatecanda thresholdis determinedor eachstrip as

follows
Th,i = pi + Ao; %)

wherey; ando; arethe meanandthe standardieviation of
the teststatisticin the strip i, respectiely. The parameter
A is usuallyselectedhs3 asarule of thumbwhichis based
onthefactthatin regulardistributionsincludingthe Gaus-
sian distribution almostall of the obserationsfall within
thesggmentdeterminedy the3o; . Any blockin whichthe
teststatisticexceedshethresholdl}, is consideredo con-
tain outliersor equivalentlya portion of the moving object.
In our experimentghe parameten is selectechs2.5to fur-
therreducetherateof missedargets.In Figure2, animage
of a moving minivanextractedfrom avideois shavn. The
imagesin Figure3 shaw the union of the smallregionsex-
ceedingthethresholdbasedn variance andthe geometric
power, the FLO statisticdefinedin Equation(4). The mini-
vanshawn in Figure?2 is detectedoy both methods.If we
carryouthypothesigestingbasednvarianceof thewavelet
coeficientsthe minivanis detectecbut therearefour other
falsealarms. The outputof the FLOS basedsystemis also
shawn in Figure 3 in which thereareno falseregions. In
all of the 10 testinfraredvideosandtwo regularthe mov-
ing targetsaresuccessfullydetectedIn thesedetectionex-
perimentsthe numberof falsealarmsfor variance Higher
OrderStatistics(HOS)and FLOS baseddetectionmethods
are3.23,1.35,and1.31perimage,respectiely. Theuseof
geometricpower significantlyreduceghe numberof false
alarmscomparedo the variancebaseddetectionmethod.
Miss rateof geometricoower basednethodis lessthanthe
HOSbasedeststatisticwhich utilizesthird andsecondor-
dercorrelationd7]. TheHOSor geometricpower (FLOS)
baseddetectionmethodsrarely missmoving objectsin all
the videosthat we have tried. Evenif a moving objectis
missedin the currentimageframeit is alwaysdetectedn
thenext two or threeimageframes.

In Figure 4, snaels of the active contouraroundthe
minivanis shovn. 12 snaelscharacterizinghe active con-
tour areinitiated in the waveletdomainfrom the edgesof
the detectedegion shavn in Figure3. In Figure5, a heli-
copterfrom aninfraredFLIR videois shavn. Final snaxel
locationsarealsomarkedon thisimage.

6. Conclusion

In this paperamoving objectdetectioralgorithmis pro-
posed. The methodis basedon adaptve subbanddecom-
positionandnon-Gaussianegion detectionin subbandm-
ages Experimentatesultandicatethatthe proposedanethod
is morerobustcomparedo thefirst andsecondrderstatis-
tics basedmethodsin which the differenceimage datais
thresholdedor detection.

Non-Gaussiaregionsin subbandsorrespondingo mov-
ing objectsare detectedusing a FLOS testwhich canbe
easily combinedwith othersegmentationcluesto achiere
more complex moving objectdetectionsystems.The pro-



posedmethodis computationallyefficient asthe detection
operationis carriedout over quartersize subbandmages
insteadof thefull sizeimageframe. By usingan ordinary
fixed waveletfilterbankthe computationatostcanbe fur-
ther reducedas thereare mary computationallyvery effi-
cient(Order(N))wavelettransforms.In the last stepof the
algorithmactive contoursare initiated in detectedregions
in thewaveletdomainandobjectboundariegreaccurately
estimated.
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Figure 1: One-dimensionahdaptve subbanddecomposi-
tion structure.

Figure 3. Detectedregions using the variance(left) and
FLOS (right) basedmethods.
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Figure4: Estimatedsnaels of the active contouraredark
pointson the edgesof the minivan.

Figure5: A helicopterimagefrom aninfraredvideo. Esti-
matedsnaels of the active contourare dark pointson the
edgeof thehelicopter



