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Abstract In this paper we proposea real-timevideo-sureillancesystemfor im-
agesequencescquiredby a moving camera.The systemis ableto compensat¢he
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 proposeddy Shi-Tomasiand Tomasi-KanadeFeaturedo be tracked are
selectedaccordingto a new intrinsic optimality criterion. Badly tracked featuresare
rejectedonthebasisof astatisticatest. Thecurrentframeandtherelatedbackground,
after compensationare processedby a changedetectionmethodin orderto obtaina
binaryimageof moving points.Resultgre presentedn the contestof a visual-based
systemfor outdoorervironments.

1 Introduction

Detectionandtracking of moving objectsareimportanttasksfor computervision, particu-
larly for visual-basedunreillancesystemg7, 2]. Videosurwillanceapplicationmosttimes,
imply to pay attentionto a wide area,soomnidirectionalcamerag4] or mobile camerag3]
aregenerallyused.

In the proposedsystem,a mobile camerawith tunableparametergi.e., a camerawvhich can
changethe viewpoint, for exampleto keepa targetin the centerof theimage,or modify in-
trinsic parametersk e focusor zoom)hasbeenconsideredThedetectiorof mobileobjectsis
themainobjectie of theproposedystem Severalworksdemonstratethatmotiondetection
is adifficult taskif imagesequenceareobtainedoy amoving camerdl, 5, 8.

To this end, we introducea new real-time motion detectiontechnique basedon the well
known Shi-Tomasi[9] andTomasi-Kanadg§l0] tracker, for applicationto visual-baseduneil-
lancesystems.

The proposedmethodis focusedparticularly on the determinatiorof the bestdisplacement
vector andit differs from the techniquesadoptedtill now. In [11], Tommasiniet al. used
featurerejectionrule to eliminatebadtracked featuresn the mediancomputationof single
featuresdisplacementsin this case,the displacementalculationis a consequencef the
featurerejecting.In [1], the heuristicadoptedconsistan the determinatiorof threefeatures
whoseaffine transformatiorparametersreoptimal. This involve to computethe parameters
for anuncertaimmumberof times,thatis in contrastwith thereal-timeconstraint.

Our ideais to find , at the first iteration, the set of the featuresthat involve the bestdis-
placemenestimation After this, we rejectall thefeatureghatdoesnot belongto the setjust



determinedTheadvantagds the possibilityto work in real-timeanda biggeraccurayg in the
displacemengstimationcanbe obtained.
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Figurel: Generalarchitectureof the surneillancesystem

2 System Description

As showvn in Figure1, the proposedsystemis basedon a frameby frame motion detection
technique An initialization occurswhenthe systemstarts.Fromthefirst framea featurese-
lection,usingthe methodexposedn [9], is necessarin orderto built thefirst setof trackable
features.

Thetracker developedby Shi-Tomasi[9] and Tomasi-Kanad¢l10] is appliedon the feature
setandthefeaturepositionsin the currentframeareobtainedasresult.Currentpositionsare
comparedwith the old onesto estimatethe displacemenamongthe frames.Resultsof the
displacemengstimationareusedfor two differentobjectves:backgrounccompensatiomand
featurerejection.

The backgroundcompensatioriranslateshe currentframe by the estimateddisplacement
vectord. Theresultingimagehasthe propertythatevery staticpixel is in thesamepositionin
thetwo frames Only pixelsbelongingto moving objectsarein differentpositions Difference
imagesarethresholdedo obtainthe blob imagethat approximatelyin presencef an high
frame-rate containsthe edgesof the moving objects(called moving edgges[8]). The blob
generateds composedy a superimpositiorof the blob of the moving objectin the old and
new frame.

Thelaststepof the systemconsistdn the segmentatiorof theregionsbelongingto the mov-
ing objects.

Moving regionscanbeusedto actavideosuneillancepurposeParticularlyanobjectcanbe



detectechndtracked maintainingit atthe centerof theacquiredmage.
Thefocusof the papelis onthedescriptiorof displacemengstimationnecessaryo build
arobustfeaturetracker andto compensat¢he background.

3 Robust featuretracking

The purposeof our tracker wasto operate,in real-time,in mostof the real ervironments
situationslik e indoor and outdoorscenesandin every kind of luminance(acceptabldor a
CCD camera)Theseconstrainthave requiredto introducesomeimprovementswith respect
to existing techniqueg1, 11].

Oncethesetof featureis built, thefeaturetrackingalgorithmis usedonit. As aresultwe have
correspondencemmongfeaturesin the currentframeandin the previous framethatallows
to computetheir displacementThe problemis that not all the featuresaretracked well. It
is necessarylistinguishthosetracked well from the others.Theideais to labela featureas
trackedwell if its displacementorrespond$o theimagedisplacement.

The stratgyy followedto determinethe displacemenis to definea reliability factorfor each
displacemenpresentin thefeatureset.For eachfeature aresidualcomputatioris normalized
in orderto limit the effectsof intensitychangedetweenframes,by subtractinghe average
grey level for eachwindow:

E= Z[ (x+d)—J) = (I(x) - D)J* (1)

where J(-) = I(-,t + 1), I(-) = I(-,t), J and T arethe averagegrey levelsin the two
consideredegions.Thereliability factoris thencalculatedy addingall residualerrorsof the
featurehaving the samedisplacemenandweightingthe resultby dividing it by the number
of theinterestingfeatures:
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RF (D) = =122

VD; € D (2)
where E; is the residualof the featurecalculatedby the equation(1), D is the setof alll
displacementsomingout from thefeaturesetto betracked.

Thedisplacementwith the lowestreliability factor is selectecasestimatedego-motion.By
constructiorthedisplacementectorselecteds thevectorwhosefeatureshave the minimum
meanerrorandtheir numberis maximumfor all minimum RF displacement:

d=D; | RF(Di)= min RF(D;) 3)

The featuresthat have determinedhe displacemenvectorarethe only featuresconsidered
well tracked.All othersfeaturearerejected.

In [11], Tommasinietal. reducethedetectiorof badfeaturego aproblemof outlier detection
basednaneffective model-freerejectionrule. Usingthistechniqgueonasmallsetof features,
anew problemoccurs:in presenc®f onereally worsetracked featurethe valueof the MAD
is enoughlargeto avoid therejectionof thesinglebadfeature.



Pan Tilt

Speed| Speed| Zoom | Autofocus

o/sec | o/sec
Seq.l | 10.28 | 0.79 4x ON
Seq.2| 1028 | 0.79 | 2x ON
Seq.3| 1028 | 0.79 | 1x ON
Seq4 | 5.14 | 0.83 2Xx OFF
Seq5| 5.14 | 0.83 1x OFF
Seq6| 7.71 | 0.83 2X OFF
Seq.7| 4.62 | 0.83 2X OFF

Tablel: Experimentabequencesetups

4 Experimental Results

The experimentsconsiston testingthe proposedmethodon outdoorsequenceshaving a
parkingareaaroundthe Universityof Udine.Differentkindsof sequencesontainingall type
of cameramovementdave beenconsideredpan,tilt andacombinationof thosetwo. An in-
crementatompleity of thescenariohiasbeenconsideredscenariosn whichno objectsare
moving, one objectis moving andmore objectsare moving. The experimentare completed
by changingthe zoom,cameramotion speedandthe settingsof intrinsic camergparameters
(e.g, focusandiris).

4.1 Camera Setup and Experiments

The sequencesisedfor thoseexperimentsare grabbedfrom a Cohu 3812 CCD camera
mountedon a Pan-Tilt Unit (PTU 46-17.5).The size of the acquiredimagesis NxM pix-

els, whereN=384 and M=288. A Matrox METEOR-II PCI boardframe-grabbehasbeen
usedfor imageacquisitionanda 1.2GhzPC-IBM compatiblehasbeenusedto runthesystem
atthefrequengy of 10 frameg sec .

Sevendifferentsequencebave beenconsideredTablel shavs their characteristics.

All the sequencesave beenacquiredfrom the 27 floor of the University Campusthat is

aboutfifteen metersrom the ground.

Multiple parameterfiave beenselectedo verify the algorithmefficiengy. First the module
displacementifferenceM DD hasbeenconsideredIt representshe Euclideandifference
betweenthe estimatedvectord andthe real imagedisplacementd (the displacementhat
minimizethe compensatiomrror):

MDD = \/(d[0] — rd[0])2 + (d[1] — rd[1])2 (4)

Then, the compensatiorerror CE hasbeencomputedas percentagef static pixelsin the
changeadetectiorresultingimage:

e %) Bly)
~ )

whereB(z, y) is thebinaryimageresultingfrom thechangedetection Thesewo parameters
give the quality of the displacemenéstimationalgorithm.

CE =




7 Max
MDD | 0.185| 1
CE | 0.0016] 0.0707
MDD | 0.198 | 1
PAN CE [0.0022| 0.0785
PAN & | MDD | 0.255 | 2
TILT | CE [0.0051] 0.0802

TILT

Table2: Resultsfrom first scenarion

7 Max
MDD | 0.190 | 1
TILT I —CGE 10.0011| 0.0432
o | MDD [ 0202] 1

CE | 0.0019| 0.0635
PAN & | MDD | 0.256 2
TILT CE | 0.0073| 0.0795

Table3: Resultsfrom secondscenariomoving objects

For eachof theseparametershe mediany andthe maximumvalue M az over the entirese-
quencehasbeencalculated.
A. First Scenario (6000 frames): no moving object. This scenariccontainsall thoseresults
derivedfrom piecesof sequencem whichthereis any moving object(Figure2a).Thisis the
simplestscenaricsinceno occlusionsof thefeaturesoccur Theresultsareshovn in Table2.
In all kindsof movementsthesystembehaior appeargood. The MDD hasamedianvalue
under0.3 thatmeanghatthe displacemengstimations optimal (MDD = 0) for the majority
of theframes.
B. Second Scenario (1400 frames): moving objects.This partof the experimentatiorcon-
sistson testingthe systemon all the subsequencesontainingat leastone moving object
(Figure2b and2c). The problemcompleity is increasedrom thefirst scenaricsincea new
problemappearsThe systemcanselect,asa goodfeatureto track, a point belongingto the
moving object. Certainly this featurehasa displacementifferent from that of the back-
ground,soit canincreasahe MDD error This obligethe systento rejectof thefeature.The
resultsareshown in Table3 . The proposedejectionrule permitsthe presencef features
belongingto the moving objectonly in the first framethe objectappearThis featurecannot
bein thesetusedto estimatehedisplacementsoit is rejected Furthermoretheintroduction
of otherfeatureselongingto the objectis avoidedoncethe objectis detectedSotheframes
in which this problemoccursarevery few. As resultthe systembehaior in this scenarias
closedsimilar to thefirst. Moving objectsdoesnotinvolve a lessaccuratalisplacemenésti-
mation.



° Max
1%t Scenario| 1,266| 8,246
2nd Scenario| 3,587 11,180

Table4: MDD valuesobtainedusingMAD technique

4.2 Result Comparisons

In Table(4) is shovn how the displacemenestimationis performedusingthe MAD factor
definedby Tommasinietal. in [11]. The experimenthasbeenmadewith the samecondition
usedfor our system.The medianvaluesof the MDD parametersare always bigger than
one.In the averagecasethis techniqguecommitsat least1 pixel error. Too badfor a good
compensation.

Figure 2: Backgroundcompensatiorwith displacemengestimation:(a) No ary object. (b) Only one object.
(c)Two objects

5 Conclusions

In this paperwe have proposed video-baseduneillance-systenfior imagesequencesc-
quiredby amoving cameraThanksto thedisplacemengstimatiormodulethe systemworks
atthefrequeng of 10 frameg sec onimageswhosesizeis 384 x 288 pixels.

Resultson realimagesdemonstrateéhat the averagedisplacemenerror ,over 7000 frames,
is under0.25pixel. Thisimply agoodcompensatiorrror (CE) whoseaveragevaluein less
than0.008. The robustnes®f the systemguarantee gooddetectionof mobile objectsthat
socanbetrackedandclassified.



References

(1]

(2]

(3]

(4]

(5]

(6]

(7]

(8]

9]

(10]

(11]

S. Araki, T. MatsuokaN. Yokoya, H. Takemura,"Real-Time Trackingof Multiple Moving ObjectCon-
toursin aMoving CamerdmageSequence”|EICE Trans.Inf. & Syst, Vol. E83-D,No.7,July 2000,pp
1583-1591.

R.T. Collins, A.J. Lipton, H. Fujiyoshi,andT. Kanade,Algorithms for Cooperatie MultisensorSunweil-
lance”, In Proceedingsf the [EEE, October2001,Vol. 89,No0.10,pp 1456-1477.

A. J. Davison, . D. Reid, and D. W. Murray, "The active cameraas a projective pointing device”, in
Proceedingsf 6" British MachineVision ConferenceBirimingham,1995,pp 453-462.

J. Gluckmanand S. Nayar’Ego-motion and omnidirectionalcameras’in Proceeding®f International
Conferenceon ComputerVision,Bombay India, Jan.3-51998,pp 999-1005.

M. Irani, P Anandan,A Unified Approachto moving Object Detectionin 2D and 3D ScenesPattern
AnalysisandMachinelntelligence Vol.20,No.6,1998,pp.577-589.

B.D. Lucas,T. KanadeAn Iterative ImageRegistrationTecniquewith an Applicationto stereoVision” ,
Proceedingsf the7t" Internationalloint Conferenceon Artificial Intelligence Vancouer, pp.674—679

L. MarcenaroF. Oberti,G.L. Foresti,C. S. Regazzoni,"Distribuited ArchitecturesandLogical-TaskDe-
compositionn Multimedia SuneillanceSystems” Proceedingsf the IEE,October2001,Vol.89,No. 10,
pp 1419-1440.

D. Murray, A. Basu,”Motion Trackingwith an Active Camera”,IEEE Trans.On PatternAnalysis and
Machinelntelligence Vol. 16,No. 5, May 1994,pp.449-459

J. Shi, C. Tomasi,"Good featuredo track”, In proceeding®f ComputerVision andPatternRecognition
, 1994,pp.593-600.

C. Tomasi, T. Kanade,"Detection and tracking of point features”, Technicalreport CMU-CS-91-132
Carngjie Mellon University, Pittshurgh, PA, April 1991.

T. Tommasini,A. Fusiello,E. Trucco,V. Robertd,Making GoodFeaturesirack Better”, Proceeding®f
the IEEE Conferenceon ComputenVision andPatternRecognition1998,pp. 178-183.



