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ABSTRACT

A multi-stagemoving objectdetectionalgorithmin videois
describedin this paper. First, the cameramotion is elim-
inatedby motion compensation.An adaptive subbandde-
compositionstructureis thenusedto analyzethedifference
image. In thehigh-bandsubimages,moving objectswhich
produceoutliersaredetectedusinga statisticaltestdeter-
mining non-Gaussianregions. It turnsout thatthedistribu-
tion of the subimagepixels is almostGaussianin general.
But, at the objectboundariesthe distribution of the pixels
in thesubimagesdeviatesfrom Gaussianitydueto theexis-
tenceof outliers.Regionscontainingmoving objectsin the
original imageframearedetectedby detectingregionscon-
taining outliers in subimages.Finally, active contoursare
initiated in theseregionsin thewaveletdomainandobject
boundariesareaccuratelyestimated.

1. Introduction
In thispaper,amultistagemovingobjectdetectionmethod

basedon subbandanalysisof thevideois described.In the
first stageof our algorithmbothtemporaldifferencingand-
or backgroundsubtractionmethods[1]-[2] canbeusedafter
compensatingthecameramotionusinga standardmethod.
In the secondstageof our algorithm,we performwavelet
analysisto robustify thedifferencingoperation.In 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 subband)domain. It is observedby many re-
searchersthat thedistribution of waveletcoefficientstends
tobeGaussianin naturalimages.Ontheotherhand,thedis-
tributiondeviatesfrom thenormaldistributionaroundmov-
ing objectsin thewaveletdomain.To determinetheregions
containingoutlierswestudiedtwo non-Gaussianregionde-
tection testsbasedon Higher Order Statistics(HOS) and
FractionalLower OrderStatistics(FLOS). In someclassi-
cal object detectionmethods[3], variancesof the object
and the backgroundis comparedto distinguishthe object
from the background.We comparedthe FLOS,HOS and
variancebasedstatisticaltestsexperimentallyandobserved
that the FLOS basedtestproducedthe bestresults. In the

third stageof the algorithmthe wavelet subimagesaredi-
videdintosmalloverlappingblocksandin eachblockFLOS
basedstatisticis estimated.In staticregionstheteststatistic
is closeto zerowhereasin regionscontainingthe moving
object(s)it produceshigh values.Regionscontainingmov-
ing objectsaredeterminedby thresholdingtheteststatistic
in small blocks. In the last stageof the algorithm active
contoursareinitiatedin thedetectedregionsto estimatethe
objectboundaries.

In Section2, we presentthe2-D adaptivewaveletanal-
ysis methodwhich reducesthe effects of the static back-
groundin highbandsubbands.In Section3, we review the
FLOS basedstatisticalteststhat we usefor moving object
detectionin highbandsubimages.In Setion4, weuseactive
contoursto determinetheobjectboundaries,andpresentthe
resultsof simulationstudiesin Section5.

2.Adaptive Wavelet Transform
In mostmoving objectdetectionmethods,framediffer-

encingor backgroundsubtractionis usedto highlightmov-
ing regions. Boundariesof the staticobjectsarealsoem-
phasizedby differencingdueto undersamplingof images.
In additionnoisemaybeamplified.To robustify thediffer-
encingoperationwe useadaptive wavelet analysisandre-
movethehighestfrequency subbandwhichmaycorrespond
to amplifiedhigh frequency noisecomponents.Adaptive
waveletfilterbankremovesthecorrelationbetweentheneigh-
boring imagesamplesusinga LeastMeanSquare(LMS)
typeadaptationstrategy. In thisway, wesuppressthestatic
backgroundpixels which are highly correlatedwith each
otherandhighlightthemovingobjectsfromthebackground
asmovingobjectpixelsareuncorrelatedwith thebackground
pixels. Theconceptof adaptive (wavelet)subbanddecom-
positionis developedin [4]. Adaptive subbanddecompo-
sition structureis obtainedby using adaptive LMS filters
insteadof fixed filters in the lifting basedwavelet trans-
form. One dimensionaladaptive subbanddecomposition
structure[6,8,9] is shown in Figure1. Its extensionto two-
dimensional(2-D) signalsis straightforward by using the
row by row andcolumnby columnfiltering methodsasin
ordinary2-D separablesubbanddecomposition(or wavelet
transform).Thefirst subsignal��� is adownsampledversion



of theoriginal signal � , a onedimensionalsignalwhich is
usuallya columnor a row of theinput image.As ��� is ob-
tainedafterdown-sampling,it containsonly theevensam-
plesof � . The sequence��� is a shiftedanddownsampled
versionof � , containingonly oddsamplesof � . We predict��� using � � andsubtracttheestimate,

���� from ��� to obtain
thesignal �	� which containsunpredictableregionssuchas
edgesof theoriginalsignal.Variousadaptationschemescan
beusedfor thepredictor


 � [4]. In our work, we usedthe
adaptive FIR estimator, proven to be good for the sample
imagesthathavebeentested.Thisadaptiveestimatoris ob-
tainedby predictingthe odd samples� ����
�� from the even
samples��� ��
�� ) usinganLMS-typealgorithmasfollows:
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Filter coefficients � �! � areupdatedusinganLMS typeal-
gorithmasfollows:
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Thisstructureis thesimplestadaptivefilterbank.Otheradap-
tivefilterbanksin which the”low-band”subsignalis a low-
passfilteredanddownsampledversionof theoriginalsignal
canbefoundin [4]. If thedifferencedimageis processedby
anadaptivefilterbankweexpectthatmoving objectbound-
ariesare not predictedas good as the other static pixels.
Thusoutliersand/orlocal extremawill appearin � ��8 
 > in
regionscorrespondingto moving objects.

Theextensionof theadaptivefilterbankstructureto two
dimensionsis straightforward.We first processtheimageO
row-wisethencolumnwise,andobtainfour subimages,O�PQP ,O	P � , O � P , and O �0� . In general,the‘low-high’ and‘high-low’
imagesobtainedaresharper(smother)at the edgesof the
objects(static imageregions) in adaptive subbanddecom-
position comparedto the regular subbanddecomposition.
This is due to the fact that static pixels can be predicted
effectively usingtheneighboringpixelswhereasthepixels
belongingto moving objectscannot.

3. Detection of Moving Regions in Subbands
In our approach,a region containingthe moving ob-

ject(s)is(are)determinedasfollows: 1.A motioncompen-
sateddifferenceimageis obtainedfrom two or threecon-
secutiveimageframesof thevideo(backgroundsubtraction
canbe alsoused,if the camerais stationary),2. adaptive

waveletanalysisof themotioncompensateddifferenceim-
ageis carriedout,3. theresultingsubimagesO	P �R8 S : 
 > andOR� P 8 S : 
 > aresummedandanalyzedblock by block by us-
ing a non-Gaussianregion detectiontest,and4.theblocks
in which theteststatisticexceedsa thresholdaremarkedas
theregion(s)containing(portionsof) themoving object.

Recently, GonzalesandArce [5] proposeda Fractional
Lower Order Statistics(FLOS) to analyzeimpulsive ran-
domprocesses,andthey definedastatisticcalledGeometric
Power(GP).In moving objectdetectionweusethegeomet-
ric power asa teststatisticin the analysisof motion com-
pensateddifferenceimage.Thegeometricpower is defined
as �TVU �/WYX4Z�� .[]\ F
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where3 8 S : 
 > representsthesumof thepixelvaluesO�P �R8 S : 
 >
and O � P 8 S : 
 > and

[
x F is thesizeof the region in whichTVU

is estimated.As pointedabove thesubimages,O	P � andO	P � areobtainedby processingthemotioncompensateddif-
ferenceimageusing the adaptive subbanddecomposition.
The high-highsubimageO �d��8 S : 
 > containsalmostno in-
formation. The statistic

T U
can also be expressedas fol-

lows:
�T U �e�gf ^_ � � f �� � � `=a�b

c 3 8 S : 
 > c � . Subbandimages,O P � and O�� P , arezero-meanimagesasthey do not contain
any low frequency information. In staticregionspixelsofO P � and OR� P arecloseto zero.Thereforewe expectthatthe
geometricpower takessmallvaluesin staticimageregions
andit shouldtake largevaluesaroundmoving objectsdue
to outliersin 3 8 S : 
 > . As discussedin thenext sectionit is
experimentallyobservedthatFLOSbasedstatisticproduces
betterresultsthantheHOSbasedstatistic.

Wedividetheimageto beanalyzedinto M by N blocks.
TheFLOSbasedstatistic(9) iscalculatedwithin eachblock.
Theseblocksmay overlap. In our experimentalwork we
usedblocksof sizeM = 8 by N = 8 whereoverlappingoc-
cursat 4 pixel steps.If theFLOSbasedstatisticexceedsa
thresholdvaluein a block thenthisblock is markedasa re-
gion containinga moving objector partof a moving object
if theobjectsizeis largerthan8 by 8.

Thedetectionprocedurecanbeconsideredasa hypoth-
esistestingproblemin which thenull hypothesishji corre-
spondsto thenomoving objectcaseand h�� correspondsto
thepresenceof amoving pixelswithin a blockof data:

hjilk �T ilmIn �
h � k �T ilo np�

Thethresholdn � is experimentallydeterminedasdescribed
in the next section. The blocks in which the teststatistic
exceedsthethreshold,n � , aremarkedasregionscontaining
moving objects.

In [3], [6] varianceor power is usedto distinguishthe
objectsfrom thebackgroundwhichhasadifferentvariance.



Variancebaseddetectionproducesa lot of falsealarmsin
thevideosthatwe have tried comparedto FLOSandHOS
basedteststatistics. It turnsout that the FractionalLower
OrderStatistic(FLOS)producesthebestresults.Theuseof
FLOS brings robustnessand reducesthe numberof false
alarms. This approachcannotbe usedto detectmoving
pointorverysmalltargetswhicharetreatedasnoiseby both
theHOSandFLOSbasedteststatistics.

5. Active Contours

The last stepof our moving objectdetectionalgorithm
is to determinetheboundariesof themoving objects.The
problemof objectboundaryestimationreceivealot of atten-
tion [3,6,8,9].Activecontourscanbeusedfor thispurpose.
We carryout boundarydetectionin thewaveletdomainus-
ing the highbandsubimagesO � P and O	P � . The 2-D signalc O�� P c , c O P � c containsbothhorizontalandverticaledgesof
the original object. Thereforean active contour initiated
from theedgesof therectangularregion determinedby the
statisticaltestconvergesto theboundaryof theobject. We
placethe initial snaxelsaroundtheedgesof the region de-
tectedby theFLOStestwhich containsthemoving object.
Snake contourestimationalgorithmsaregreedyalgorithms
minimizinga linearcombinationof theso-calledimageen-
ergy, curvatureenergy, andthecontinuityenergy. They may
convergeto local minima. In our case,theminimizationis
carriedout in thewaveletdomainbasedon thepixel values
of
c O � P c , c O�P � c . In all the convex examplesthat we tried

they convergeto theboundaryof theobjects.

In thispaper, decimatedwavelettransformwhosespace
resolutionis lower thanactualdatais used.If higheraccu-
racy is desiredthenundecimatedwavelettransformmaybe
usedto determinetheboundaryof a moving object,or the
last few iterationsof the contouralgorithmcanbe imple-
mentedover theactualimage.

In Figure10, thefinal controlpointsof a snake curve is
shown overa helicopterimagefrom aninfraredtestvideo.

4. Experimental Results

The performanceof the detectionschemeis testedby
analyzing10 infraredFLIR videosandtwo regular videos
containingmoving objectsonvariousbackgrounds.

In thefirst step,aclassicalblockmatchingbasedmotion
compensationalgorithmwith subpixel accuracy is used.In
the secondstep, motion compensatedimagesare filtered
usingthe adaptive wavelet transformerandthe subimagesO P � 8 S : 
 > andOR� P 8 S : 
 > areobtained.Finally, theteststatis-
tic valuesareobtainedin smalloverlappingblocks. In our
detectionschemewe useadaptive thresholdvalueswhich
aredeterminedfrom the first two imagesof the video se-
quenceandupdatedafterseveralframes.Theimage3 8 S : 
 > �c O�P �R8 S : 
 > c , c O � P 8 S : 
 > c isdividedinto threehorizontalstrips.
In eachstrip themeanandthevarianceof the teststatistic
is estimatedanda thresholdis determinedfor eachstrip as

follows n �  q �/2 q ,sr�t q (5)

where2 q and t q arethemeanandthestandarddeviationof
the teststatisticin the strip i, respectively. The parameterr is usuallyselectedas3 asa rule of thumbwhich is based
on the fact that in regulardistributionsincludingtheGaus-
sian distribution almostall of the observationsfall within
thesegmentdeterminedby the3t q . Any blockin whichthe
teststatisticexceedsthethresholdn � is consideredto con-
tain outliersor equivalentlya portionof themoving object.
In ourexperimentstheparameterr is selectedas2.5to fur-
therreducetherateof missedtargets.In Figure2, animage
of a moving minivanextractedfrom a videois shown. The
imagesin Figure3 show theunionof thesmall regionsex-
ceedingthethresholdbasedon variance,andthegeometric
power, theFLO statisticdefinedin Equation(4). Themini-
vanshown in Figure2 is detectedby both methods.If we
carryouthypothesistestingbasedonvarianceof thewavelet
coefficientstheminivanis detectedbut therearefour other
falsealarms.Theoutputof theFLOSbasedsystemis also
shown in Figure3 in which thereareno falseregions. In
all of the 10 testinfraredvideosandtwo regular the mov-
ing targetsaresuccessfullydetected.In thesedetectionex-
perimentsthe numberof falsealarmsfor variance,Higher
OrderStatistics(HOS)andFLOSbaseddetectionmethods
are3.23,1.35,and1.31perimage,respectively. Theuseof
geometricpower significantlyreducesthe numberof false
alarmscomparedto the variancebaseddetectionmethod.
Miss rateof geometricpowerbasedmethodis lessthanthe
HOSbasedteststatisticwhich utilizesthird andsecondor-
dercorrelations[7]. TheHOSor geometricpower (FLOS)
baseddetectionmethodsrarely missmoving objectsin all
the videosthat we have tried. Even if a moving object is
missedin the currentimageframeit is alwaysdetectedin
thenext two or threeimageframes.

In Figure 4, snaxels of the active contouraroundthe
minivanis shown. 12snaxelscharacterizingtheactivecon-
tour areinitiated in the wavelet domainfrom the edgesof
thedetectedregion shown in Figure3. In Figure5, a heli-
copterfrom aninfraredFLIR videois shown. Final snaxel
locationsarealsomarkedon this image.

6. Conclusion
In thispaper, amovingobjectdetectionalgorithmis pro-

posed. The methodis basedon adaptive subbanddecom-
positionandnon-Gaussianregiondetectionin subbandim-
ages.Experimentalresultsindicatethattheproposedmethod
is morerobustcomparedto thefirst andsecondorderstatis-
tics basedmethodsin which the differenceimagedatais
thresholdedfor detection.

Non-Gaussianregionsin subbandscorrespondingtomov-
ing objectsare detectedusing a FLOS test which can be
easilycombinedwith othersegmentationcluesto achieve
morecomplex moving objectdetectionsystems.The pro-



posedmethodis computationallyefficient asthe detection
operationis carriedout over quartersize subbandimages
insteadof the full sizeimageframe. By usinganordinary
fixedwaveletfilterbankthecomputationalcostcanbe fur-
ther reducedas therearemany computationallyvery effi-
cient(Order(N))wavelet transforms.In the laststepof the
algorithmactive contoursare initiated in detectedregions
in thewaveletdomainandobjectboundariesareaccurately
estimated.
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Figure 1: One-dimensionaladaptive subbanddecomposi-
tion structure.

Figure2: A moving minivanimagefrom a video.

Figure 3: Detectedregions using the variance(left) and
FLOS(right) basedmethods.

Figure4: Estimatedsnaxelsof theactive contouraredark
pointson theedgesof theminivan.

Figure5: A helicopterimagefrom aninfraredvideo. Esti-
matedsnaxels of the active contouraredark pointson the
edgesof thehelicopter.


