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Abstract In this paper, we proposea real-timevideo-surveillancesystemfor im-
agesequencesacquiredby a moving camera.The systemis ableto compensatethe
backgroundmotion andto detectmobile objectsin the scene.Backgroundcompen-
sationis obtainedby assuminga simple translationof the whole backgroundfrom
the previous to the actualframe.Dominanttranslationis computedon the basisof
the tracker proposedby Shi-TomasiandTomasi-Kanade.Featuresto be tracked are
selectedaccordingto a new intrinsic optimality criterion.Badly tracked featuresare
rejectedonthebasisof astatisticaltest.Thecurrentframeandtherelatedbackground,
aftercompensation,areprocessedby a changedetectionmethodin orderto obtaina
binary imageof moving points.Resultsarepresentedin thecontestof a visual-based
systemfor outdoorenvironments.

1 Introduction

Detectionandtrackingof moving objectsareimportanttasksfor computervision, particu-
larly for visual-basedsurveillancesystems[7, 2]. Videosurveillanceapplication,mosttimes,
imply to payattentionto a wide area,soomnidirectionalcameras[4] or mobilecameras[3]
aregenerallyused.
In theproposedsystem,a mobilecamerawith tunableparameters(i.e., a camerawhich can
changetheviewpoint, for exampleto keepa target in thecenterof the image,or modify in-
trinsicparameterslikefocusor zoom)hasbeenconsidered.Thedetectionof mobileobjectsis
themainobjectiveof theproposedsystem.Severalworksdemonstratedthatmotiondetection
is a difficult taskif imagesequencesareobtainedby amoving camera[1, 5, 8].
To this end,we introducea new real-timemotion detectiontechnique,basedon the well
knownShi-Tomasi[9] andTomasi-Kanade[10] tracker, for applicationtovisual-basedsurveil-
lancesystems.
Theproposedmethodis focusedparticularlyon thedeterminationof thebestdisplacement
vector, and it differs from the techniquesadoptedtill now. In [11], Tommasiniet al. used
featurerejectionrule to eliminatebadtracked featuresin themediancomputationof single
featuresdisplacements.In this case,the displacementcalculationis a consequenceof the
featurerejecting.In [1], theheuristicadoptedconsistsin thedeterminationof threefeatures
whoseaffine transformationparametersareoptimal.This involve to computetheparameters
for anuncertainnumberof times,thatis in contrastwith thereal-timeconstraint.
Our idea is to find , at the first iteration, the set of the featuresthat involve the bestdis-
placementestimation.After this,we rejectall thefeaturesthatdoesnot belongto thesetjust



determined.Theadvantageis thepossibilityto work in real-timeandabiggeraccuracy in the
displacementestimationcanbeobtained.
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Figure1: Generalarchitectureof thesurveillancesystem

2 System Description

As shown in Figure1, the proposedsystemis basedon a frameby framemotion detection
technique.An initialization occurswhenthesystemstarts.Fromthefirst framea featurese-
lection,usingthemethodexposedin [9], is necessaryin orderto built thefirst setof trackable
features.
The tracker developedby Shi-Tomasi[9] andTomasi-Kanade[10] is appliedon the feature
setandthefeaturepositionsin thecurrentframeareobtainedasresult.Currentpositionsare
comparedwith the old onesto estimatethe displacementamongthe frames.Resultsof the
displacementestimationareusedfor two differentobjectives:backgroundcompensationand
featurerejection.
The backgroundcompensationtranslatesthe currentframe by the estimateddisplacement
vectord. Theresultingimagehasthepropertythateverystaticpixel is in thesamepositionin
thetwo frames.Only pixelsbelongingto moving objectsarein differentpositions.Dif ference
imagesarethresholdedto obtaintheblob imagethatapproximately, in presenceof anhigh
frame-rate,containsthe edgesof the moving objects(calledmoving edeges [8]). The blob
generatedis composedby a superimpositionof theblob of themoving objectin theold and
new frame.
Thelaststepof thesystemconsistsin thesegmentationof theregionsbelongingto themov-
ing objects.
Moving regionscanbeusedto actavideosurveillancepurpose.Particularlyanobjectcanbe



detectedandtrackedmaintainingit at thecenterof theacquiredimage.
Thefocusof thepaperis onthedescriptionof displacementestimation,necessaryto build

a robustfeaturetrackerandto compensatethebackground.

3 Robust feature tracking

The purposeof our tracker was to operate,in real-time,in most of the real environments
situationslike indoor andoutdoorscenesandin every kind of luminance(acceptablefor a
CCDcamera).Theseconstraintshaverequiredto introducesomeimprovementswith respect
to existing techniques[1, 11].
Oncethesetof featureis built, thefeaturetrackingalgorithmis usedonit. As aresultwehave
correspondencesamongfeaturesin the currentframeandin theprevious framethatallows
to computetheir displacement.The problemis that not all the featuresaretracked well. It
is necessarydistinguishthosetrackedwell from theothers.The ideais to labela featureas
trackedwell if its displacementcorrespondsto theimagedisplacement.
Thestrategy followedto determinethedisplacementis to definea reliability factorfor each
displacementpresentin thefeatureset.For eachfeature,aresidualcomputationis normalized
in orderto limit theeffectsof intensitychangesbetweenframes,by subtractingtheaverage
grey level for eachwindow:��
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consideredregions.Thereliability factoris thencalculatedby addingall residualerrorsof the
featurehaving thesamedisplacementandweightingtheresultby dividing it by thenumber
of theinterestingfeatures:
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where
� 8 is the residualof the featurecalculatedby the equation(1),

2
is the set of all

displacementscomingout from thefeaturesetto betracked.
Thedisplacement,with thelowestreliability factor, is selectedasestimatedego-motion.By
constructionthedisplacementvectorselectedis thevectorwhosefeatureshavetheminimum
meanerrorandtheir numberis maximumfor all minimumRF displacement:
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The featuresthathave determinedthedisplacementvectoraretheonly featuresconsidered
well tracked.All othersfeaturearerejected.
In [11], Tommasinietal. reducethedetectionof badfeaturesto aproblemof outlierdetection
basedonaneffectivemodel-freerejectionrule.Usingthistechniqueonasmallsetof features,
anew problemoccurs:in presenceof onereally worsetrackedfeaturethevalueof theMAD
is enoughlargeto avoid therejectionof thesinglebadfeature.



Pan Tilt
Speed Speed Zoom AutofocusJLKNMIOIP JLKNMIOIP

Seq.1 QIRTSVUXW RTSVYXZ 4x ON
Seq.2 QIRTSVUXW RTSVYXZ 2x ON
Seq.3 QIRTSVUXW RTSVYXZ 1x ON
Seq.4 [\S#Q:] RTS^WN_ 2x OFF
Seq.5 [\S#Q:] RTS^WN_ 1x OFF
Seq.6 Y\S`YaQ RTS^WN_ 2x OFF
Seq.7 ]bSVcNU RTS^WN_ 2x OFF

Table1: Experimentalsequencessetups

4 Experimental Results

The experimentsconsiston testingthe proposedmethodon outdoorsequencesshowing a
parkingareaaroundtheUniversityof Udine.Dif ferentkindsof sequencescontainingall type
of cameramovementshavebeenconsidered:pan,tilt andacombinationof thosetwo. An in-
crementalcomplexity of thescenarioshasbeenconsidered:scenariosin whichnoobjectsare
moving, oneobjectis moving andmoreobjectsaremoving. Theexperimentarecompleted
by changingthezoom,cameramotionspeedandthesettingsof intrinsic cameraparameters
(e.g., focusandiris).

4.1 Camera Setup and Experiments

The sequencesusedfor thoseexperimentsare grabbedfrom a Cohu 3812 CCD camera
mountedon a Pan-Tilt Unit (PTU 46-17.5).The sizeof the acquiredimagesis NxM pix-
els, whereN=384 andM=288. A Matrox METEOR-II PCI boardframe-grabberhasbeen
usedfor imageacquisitionanda1.2GhzPC-IBM compatiblehasbeenusedto runthesystem
at thefrequency of QIR framesKNMIOIP .
Sevendifferentsequenceshavebeenconsidered.Table1 shows their characteristics.
All the sequenceshave beenacquiredfrom the Ued:f floor of the University Campusthat is

aboutfifteenmetersfrom theground.
Multiple parametershave beenselectedto verify the algorithmefficiency. First the module
displacementdifferenceMDD hasbeenconsidered.It representsthe Euclideandifference
betweenthe estimatedvectord andthe real imagedisplacementrd (the displacementthat
minimizethecompensationerror):gD2h2i
kj �3lm� Re!n�po l,� Rq!r� " � �slm� Q:!b�to lm� Q:!H� " (4)

Then,the compensationerror CE hasbeencomputedaspercentageof staticpixels in the
changedetectionresultingimage:
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where| �H~�%�� � is thebinaryimageresultingfrom thechangedetection.Thesetwo parameters
give thequality of thedisplacementestimationalgorithm.



� Max

TILT
MDD 0.185 1
CE 0.0016 0.0707

PAN
MDD 0.198 1
CE 0.0022 0.0785

PAN &
TILT

MDD 0.255 2
CE 0.0051 0.0802

Table2: Resultsfrom first scenarion� Max

TILT
MDD 0.190 1
CE 0.0011 0.0432

PAN
MDD 0.202 1
CE 0.0019 0.0635

PAN &
TILT

MDD 0.256 2
CE 0.0073 0.0795

Table3: Resultsfrom secondscenario:moving objects

For eachof theseparametersthemedian� andthemaximumvalue
gD�N~

over theentirese-
quencehasbeencalculated.
A. First Scenario (6000 frames): no moving object.This scenariocontainsall thoseresults
derivedfrom piecesof sequencesin which thereis any moving object(Figure2a).This is the
simplestscenariosincenoocclusionsof thefeaturesoccur. Theresultsareshown in Table2.
In all kindsof movements,thesystembehavior appearsgood.TheMDD hasamedianvalue
underRTS^_ thatmeansthatthedisplacementestimationis optimal(MDD �*R ) for themajority
of theframes.
B. Second Scenario (1400 frames): moving objects.This partof theexperimentationcon-
sistson testingthe systemon all the subsequencescontainingat leastone moving object
(Figure2b and2c).Theproblemcomplexity is increasedfrom thefirst scenariosincea new
problemappears.Thesystemcanselect,asa goodfeatureto track,a point belongingto the
moving object.Certainly, this featurehasa displacementdifferent from that of the back-
ground,soit canincreasetheMDD errorThis obligethesystemto rejectof thefeature.The
resultsareshown in Table3 . Theproposedrejectionrule permitsthepresenceof features
belongingto themoving objectonly in thefirst frametheobjectappear. This featurecannot
bein thesetusedto estimatethedisplacement,soit is rejected.Furthermore,theintroduction
of otherfeaturesbelongingto theobjectis avoidedoncetheobjectis detected.Sotheframes
in which this problemoccursarevery few. As resultthesystembehavior in this scenariois
closedsimilar to thefirst. Moving objectsdoesnot involvea lessaccuratedisplacementesti-
mation.



� MaxQI�s� Scenario 1,266 8,246U d:f Scenario 3,587 11,180

Table4: MDD valuesobtainedusingMAD technique

4.2 Result Comparisons

In Table(4) is shown how thedisplacementestimationis performedusingthe MAD factor
definedby Tommasiniet al. in [11]. Theexperimenthasbeenmadewith thesamecondition
usedfor our system.The medianvaluesof the MDD parametersare always bigger than
one.In the averagecasethis techniquecommitsat least1 pixel error. Too badfor a good
compensation.

(a)
 (b)
 (c)


Figure 2: Backgroundcompensationwith displacementestimation:(a) No any object. (b) Only one object.
(c)Two objects

5 Conclusions

In this paperwe have proposeda video-basedsurveillance-systemfor imagesequencesac-
quiredby amoving camera.Thanksto thedisplacementestimationmodulethesystemworks
at thefrequency of QIR framesKNMIOIP on imageswhosesizeis _NWX]���UXWNW pixels.
Resultson real imagesdemonstratethat the averagedisplacementerror ,over YXRNRNR frames,
is under0.25pixel. This imply a goodcompensationerror(CE) whoseaveragevaluein less
than RTS^RNRNW . The robustnessof thesystemguaranteea gooddetectionof mobileobjectsthat
socanbetrackedandclassified.
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