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Abstract

Peoplerackingis onemajorpartof visualsuneillancesystemsA numberof differentpeopletrackersexist

nowadays.Oneof thosemulti-peopletrackersis the ReadingPeopleTracker. It consistof four individual

co-operatingrackingmodules. Weaknessesf one moduleare therebycompensatetyy the strengthof

anotherone. The Motion Detectorperformsbackground-forground segmentationto extract moving re-

gions. The Region Tradker tracksthe regionsfrom the Motion Detectorover time. Region memging and
splitting helpsto overcomeproblemsduringmotiondetection.The HumanFeatuie Detectordetectgossi-
ble headpositionsin moving regions. But thefundamentatrackingmoduleof the ReadingPeopleTracker
is the Active ShapeTracker. It usesa 2D appearancenodelof humanbeings,the Active ShapeModel

A persons outlinesarerepresentethy an Active Shapewhich is actuallya closedparameterize®-spline
curve. An additionalfeatureof the ReadingPeopleTracker is its useof cameracalibrationto perform
imagemeasurementsThis diplomathesisevaluatesqualitatvely and quantitatvely the ReadingPeople
Tracker. In orderto performtheevaluation,alargesetof testvideosequenceis captured A capturingand
calibrationervironmentis implementedo rapidly capturevideo sequencesCameracalibrationis accom-
plishedusingTsai's perspectie pin holecameramodel. A particularmethodis explainedto eliminatethe
effectsof radiallensdistortion. Inputimagepointsto the calibrationalgorithmarecomputedn sub-piel

accurag by tting linesto a checlerboardcalibrationtarget. The focus of the evaluationpartis put on

the Motion Detectorandthe Active ShapeTracker. Evaluationsareaccomplishedy comparingtracking
outputobjectswith a setof groundtruth objectsaccordingo differentperformancenetrics. Thesemetrics
arepixel-basechswell asobject-basedThe VIPER packagés usedto annotateestvideo sequenceand
to computethe evaluationperformancemetrics.
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Chapter 1

Intr oduction

We livein adangerousvorld. Thedemandor visualsuneillancesystemss still growing. Airports, train
stationscourtsandpublic buildingsareonly few examplesof placeswvheresecurityhasanextremelyhigh
priority. Securitysystemanmustprovide a high degreeof reliability to be credible. This meansfor visual
suneillancesystemgo minimizefalsealarmsasmuchaspossible.Thisis especiallytrue for systemshat
provide automaticalarmingmechanisms.

Onemajor partof visual surweillanceis peopletracking. A peopletracker mustbe ableto dealwith
mary differentsituations.Simplesituationsvhereonly onepersorappearsn the sceneandvery comple
situationsas multiple peoplein scene large groupsor peopleoccludingeachother Trackingpeoplein
real-timeis alsoa veryimportantrequiremendf a trackingsystems.

Therearenowadaysa lot of differenttrackingsystemsausingdifferentapproache$o overcomemajor
trackingproblems.The PCCVfTradker [1] is basedon a Bayesiarmulti-peopletracker. The humanbody
is modeledas a cylinder with threesggments: Legs, torso and head. In addition, a blob-basedbject
detectionsystemallows to detectabandoneabjectsin the scene.BraMBLe[2] is anothertracker which
usesaBayesianlter for trackingmultiple objects.

Thegoalof thisdiplomathesisis to evaluatequalitatively andquantitatvely theReadingPeopleTracker
[3] whichis originally basedn the LeedsPeopleTradker [4, 5]. Thefundamentapropertyof the Reading
PeopleTracler is its useof a 2D appearancenodelof humanbeings.The Active ShapeModelrepresents
the shapeof humanbeingsasparameterize®-splinecurves. So-calledActive Shapeg6, 7, 8, 9, 10] are
tted to personoutlinesandcorrectedon aframe-by-framebasis.The Active Shap€eTradker is oneof four
trackingmodules.The Motion Detector the Region Tradker andthe HumanFeatuie Detectoraretheother
modules.The purposeof usingfour individual modulesis to compensatéhe weaknessesf onemodule
by the strengthsf anotherone. An additionalfeatureof the ReadingPeopleTracker is the possibility to
usecamerecalibrationto performimagemeasurements.

A large datasetof testvideo sequenceseededo be capturedn orderto evaluatethe ReadingPeople
Tracker. This datasetis alsoconsideredasa benchmarkinglataset. Differenttracking systemscanbe
comparedwith the samegroundtruth. In addition, by analyzingthe tracking output, algorithmscanbe
improvedto achiese bettertrackingperformance.

A capturingandcalibrationervironmentis implementedo capturetestvideo sequencesTsai's per
spectve pin hole cameramodel[11, 12, 13] is usedto perform cameracalibration. The algorithmto
performthecalibrationneedsalargeset(  7) of inputimagepoints.A checlerboardcalibrationtargetis
usedto selecttheseimagepointsin sub-pixel accurag. The pointsarethenobtainedby rstly tting lines
to edgesof thecheclerboardandsecondlyby intersectingheselines.

An importantissuewhenevaluatingtrackingalgorithmsis to de ne whatis to be evaluatedandhow.
This thesisevaluatesthe tracking output of the ReadingPeopleTracker. Computationalperformance,
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i.e. real-timetrackingis not examined. The tracking outputfor a video sequencés comparedwith the
correspondingyroundtruth of that video sequenceaccordingto differentperformancemetrics[19, 20].
In generalprecisionof outputobjectsandrecall of groundtruth objectsareanalyzed. The evaluationis
focusedon the Motion Detectorandthe Active ShapeTracker. The Motion Detectoris responsiblefor
correctlyidentifying and extracting moving regionsfrom video images. It thereforemaintainsa model
of the backgroundanduseshackground-forground segmentatiorto identify moving regions. The Active
ShapeTrackerin turntriesto decideif atrackedregion containsa person.

VIPER [21, 22] is usedto calculatethe performanceametrics. It offersthreedifferentevaluationtypes:
framawise, objectandtracking evaluation. In this thesisonly framewise evaluationsare performed,i.e.
trackingoutputandgroundtruthis alwayscomparedn aframe-by-framebasis.

Outline. Thisthesisis dividedinto threemain parts. Startingwith this introduction,chapter2 describes
the processof cameracalibration. Tsai's perspectie pin hole cameramodelis explained. To eliminate
the effectsof radiallensdistortion,analgorithmis introducedthatstraightengurvedlinesin thedistorted
videoimage.Theproceduredf selectingaccuraténputimagepointsto the calibrationalgorithmby tting
andintersectindinesis explainedaswell in chapter2.

Chapter3 introduceshe ReadingPeopleTracker. The four individual co-operatingrackingmodules
aredescribedThefocusof the chaptelis on the Active ShapeTracker andthe Active ShapeModel which
describeshe 2D appearancef humanbeings.

Chapte# de nespixel-basedpbject-basedndlocalizedobject-basedvaluationperformancenetrics.
Quantitatve and qualitative evaluationresultsare presented The last chapterof this thesisgivesconclu-
sionsandremarksfor future work. The appendixcontains(amongothers)additionalprecisionandrecall
curvesanda shortusermanualof theimplementectapturingandcalibrationernvironment.



Chapter 2

Camera Calibration

This chapterexplains the capturingand calibrationernvironmentthat was built for capturingtestvideo
sequencewhichwill laterbe usedto evaluatethe ReadingPeopleTracker (seechapterd). Thecapturing
andcalibrationapplicationthat wasdevelopedis CCTool . Referto appendixC for a shortusermanual.
Videosequencewerecapturedrom aSory EVI-D100Ppan-tilt-zoom(PTZ) camerd40, 41]. Videoframe
acquisitionis implementedisingthe video4linux API [44]. Theencodingof individual videoframes
is implementedisingtheffmpeg library [45]. Finally, thegraphicaluserinterface(GUI) is implemented
usingQt [43]. It is possibleto supplycamerecalibrationdatato the ReadingPeopleTracker (3) to perform
imagemeasurementsut it is notmandatory

Basically cameracalibrationis the processof nding a setof intrinsic and extrinsic parameterdo
specify the relation between3D world coordinates and 2D imagecoordinates in
the cameras framebuffer. Figure2.1shows the referencesystemdor camereacalibration. Tsai's pin hole
cameramodelwas usedfor cameracalibration[11, 12, 16]. The cameramodelaswell asintrinsic and
extrinsic parametersredescribedn section2.1. Section2.2 describesmplementatiordetailsandshowvs
resultsof camerecalibration.

2.1 Tsal CameraModel

Thecameranodelthatis usedfor cameracalibrationin thisthesisis thecameramodeloriginally proposed
by Tsai[11, 12, 15. It is basedon the pin hole cameramodel of perspectre projection. Given the
positionof apoint in known 3D world coordinates , themodelprojectspoint
ontoits positionin 2D pixel coordinates in thecamerasframebuffer. Themodel
has ve intrinsic andsix extrinsic parametersOnly four of the intrinsic parameterareusedfor coplanar
cameracalibration (asis the casefor this thesis). Extrinsic parametersleterminethe relation between

world coordinates and cameracoordinates , i.e. they specify the orientation
of the camera. Intrinsic parametersre cameraspeci ¢ parametergleterminedby the hardware of the
cameraThey specifytherelationbetweercameracoordinates in millimeters(here)andimage
coordinates in pixels.

Thefollowing extrinsic parametergareapproximatedy thecameranodel:

, and : Roll, pitch andyaw rotationanglesfor the transformatiorbetweenworld and
cameracoordinatesin sensoricsprientationsareusuallydescribedwith roll, pitch andyaw angles
[38]. Roll anglecorrespondso arotationaround -axis, pitch angleto arotationaround -axis
andyaw angleto arotationaround  -axis.
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Figure 2.1: Reference systems for camera calibration. The gur eillustratestherefeencesystems
usedfor camen calibration. Theworld coorinate system and camen coordinate system
are shown. Theoptical axis( -axis) of the camern coordinate systems perpendicularto

thecamenr's sensomplane Thesensomplaneis assumedo be parallel to the -planeat a distance

, where is the effectivefocal lengthof the camen. Theoptical axis intersectsthe sensorplaneat the
principal point . Apoint in world coodinates is r sttransformedy a rigid
bodytransformationinto point  in camer coordinates . Thesecondtransformationis an
ideal perspectiveprojectionof point  into point  in undistortedsensorplane coordinates
Then,point  is transformednto distortedsensomplanecoordinates . Thelasttransformationis
betweerpoint  andits coodinates in thecamenr's framebuffer.

, and : Thetranslationalcomponent®f the transformatiorbetweenworld and camera
coordinates.

Approximatedntrinsic parametersre.

Principle Point: Coordinates (in pixels)of theintersectiorof the  -axisandthecameras
sensomplane.

Focallength (principal distance): Distancebetweerthecenterof projection  andtheprincipal
point

. Firstorderradiallensdistortioncoefcient (seesection2.1.3).
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2.1.1 Sceneo Camera Transformation

To transformworld coordinatesnto cameracoordinatestotatingandtranslatingworld coordinatesesults
in correspondingameracoordinatesFor apoint  in world coordinatesthisis expresseas

(2.1)

where isa3x3rotationmatrixdescribingheorientationof thecameran theworld coordinatesystem

(2.2)
and avectorspecifyingthetranslationof world coordinatego cameracoordinates.

(2.3)
Having foundasolutionfor , and ,theorthonormarotationmatrix is build by lling inthe

rotationmatrix elements asde nedin appendixB.

2.1.2 Camerato SensorPlane Transformation

Thetransformatiorof cameracoordinate$o undistortedsensoplanecoordinatess anidealized3D-to-2D
projectionbecausén uencesof lensdistortionarenot yet considered.The transformatiorof point  to
anundistortedmagepoint  is doneusingperspectie projectionwith pin hole camerageometry The
theoremon intersectinginesis usedby comparingsimilar triangles. The coordinates and  of the
projectedpoint  aregivenby theequations

— (2.4a)

— (2.4b)

2.1.3 LensDistortion

Thenext stepis to considerthe effectsof lensdistortion. Figure2.2 shows two typesof distortion,barrel
andpincushiondistortion.Barreldistortionis associateavith wide angellenses Theimageappearsurved
outward. Pincushiordistortionis associateavith telephotdensegmaximumzoomlensesyandcauseshe
imageto appeabentinward.

Tsai's cameramodelonly addressesadial lensdistortion. Tangentiallensdistortionis ignored. The
centerof radialdistortionis assumedo be atthe centerof the cameras sensoiplane . Thetruesensor
planecoordinates of point arede nedas

(2.5a)
(2.5b)
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r— & * 7]

- g R N

original barrel pincushion

Figure 2.2: Example of barrel and pincushion radial lens distor tion. The gur esshowso types
of radial lensdistortion,barrel and pincushion A barrel distortedimage appeas curvedoutward wheieas
a pincushiondistortedimage appeas bentinward. Barrel distortionis associatedvith wideanglelenses,
pincushionwith telephotdensegmaximunzoomlenses).

where and aregivenby thepowerseries'

(2.6a)
(2.6b)
Thedistance is theradiusfrom theprincipal point to thedistortedpoint
(2.7)
Thisresultsin new equationgor and
(2.8a)
(2.8b)

It is sufcient to only usethe rst orderterm of equations2.6. Using moretermscausesiumerical
instability [12]. Thus,only is approximatedy themodel.The nal transformatioris betweerposition
of point  onthecameras sensomplaneandits position in the cameras framebuffer.

(2.93a)
(2.9b)

where and arethepixel coordinate®f theprincipal point.

2.2 Calibration

The calibrationis performedusingthe calibrationsoftware provided by R.G.Willson [17]. It needsas
inputalargenumber( ) of correspondin@D world pointsand2D imagepoints. Thereasorto select
mary world-imagepoint correspondencds to systematicallyeliminateinaccuraciesn the imagepoints
selection.The approactpresentedn this thesisto chooseaccuratdnputimagepointsis to intersectines
givenby the grid of acheclerboardcalibrationtarget( gure 2.6). Thelinesto beintersectedreobtained
by tting themto a setof userselectedmagepointsusingleast-squaresthe precisionof thelinesis then
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improvedby tting thelinesto edgesof thecheclerboard.Thecheclerboards a suitablestandargattern
thatmalkesit easyto selectpoints. Thedesirednputimagepointsto the calibrationsoftwarearethe points
of intersectiorof thelines. Thesepoint shouldcoincidewith the cornerpointsof the checlerboard.

Oneproblemarisesdueto distortion. Fitting linesto distortedimagepointswould resultin inaccurate
intersectionpoints. Therefore,it is necessaryo rst undistortthe image of the checlerboard,i.e. to
calculatean approximationof the distortioncoefcient  (section2.1.3)prior to approximateit by the
calibrationsoftware. This methodto approximate is describedn section2.2.1. Having found , ary
imagepointcanbeundistortecby equation®.8 whereonly the rst termof  is used.

Lines canthenbe tted to undistortedimagepoints. Intersectingtheselines resultsin undistorted
intersectionpoints. The desiredinput image points are found by applyingdistortionto the intersection
pointsagain,i.e. solvingequation.8for , . Theprocesf acquiringthese2D inputimagepoints

is describedmorepreciselyin section2.2.2. Finally, an overdeterminedetof non-linearequationss
obtainedby settingequalequation2.4 and2.8.

(2.10a)

(2.10b)

This setof equationss solvedby theLevenbeg-Marquardleast-squaremethod42]. Having obtained

a solutionfor and , and ,apointin world coordinates canbe projected
onto a point in image coordinates asdescribedby the following equationusinghomogeneous

coordinates.

(2.11)

2.2.1 Approximation of

The methodto approximate is to identify curved linesin the distortedimagethat are straightin the
realworld [39]. Thesecurved lines arethenstraightenediuring the undistortionprocess.This approach
givesa rst approximationof  beforecameracalibrationis performed.A set of linesis speci edto

undistortedan image. The numberof linesin this setis . Oneline is given
by manuallychoosinga setof arbitrary points  online in the distortedimage of the checlerboard
calibrationtarget. Thesizeof thei pointset is . Forline , theline connectingts rst with

its lastpoint is . Figure2.4shavs a curvedline speci ed by nine arbitrarypoints . The
orthogonalistance from a point to theline is givenby!

(2.12)

Thealgorithmoutlinedin gure 2.3minimizesthetotalsum of distances to approximate
. An imageof the checlerboardwhichis undistortedusingthis approximatiorof ~ is shovnin gure
2.6b.

(2.13)

1from MathWorld (http://mathworld.wolfram.com/ )
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while do
function
begin
if then{ isgood} for all do
for all do
elseif then { is better}
endfor
elsef is better} endfor
end if end
end while
Figure 2.3: Algorithm to approximate by minimizing the total sum of distances . The

gur e illustratesthe algorithmto approximate by minimizingthetotal sum of distances .
If issmallestthecurrentvaluefor is best. Thestepsizeis reduceduntil a minimumstepsize is
readed.

A
| \
I \\
|
| | di(p,li(p1,p9))
i{p1,p9)
Figure 2.4: Straightening a curved line in the distor ted image. Thecurvedline is specied
by selectinga set  of pointslyingon ( ) in the distortedimage. Line is straightin thereal

world. Thealgorithmshownin gure2.3to approximate triesto minimizethetotal sum of distances

2.2.2 Accurate Image Point Selection

The cameracalibrationsoftwareis very sensitive to inaccuraciesn theinput data.To selectpreciseimage
points in sub-pixel accuray the following approachs implementedreferto gure 2.7). In
stepone,a usermanuallyselectscornerpointsin the imageof the checlerboardcalibrationtarget ( gure
2.6) aspreciseaspossible At theendof stepone,aset of lines is speci ed. In the
secondstep,set is usedto approximate asdescribedn section2.2.1. Then,in thethird step,normal
lines at discretepositions on eachline aresampled.Theposition is
movedto the point of the largestimageintensitychange alongthe normalline . A sobel lter
is usedto nd changesn imageintensity(comparegure 2.5). Thefourth stepis to undistorteachpoint
by using . A straightlineis tted to the setof undistortecboints by least-squares.

Theresultsof least-squarearetheline coefcients  and
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Line is thengivenby

(2.14)

Thisproces®f tting linesto strongedgeds repeatedintil thechangesn thecoefcients and are
smallerthanathreshold . Theline coefcients will notchangesigni cantly ary more,if theline liesclose
to anedge. Thelaststepis to nd thetrueimagepoints by intersectingpairwiseorthogonal
linesin . Twolines and of theform

(2.15a)

(2.15b)
areorthogonalf theangle betweerthetwo linesis . Angle is givenby?

(2.16)
where is the dot productof and . Thepointof intersectionof and is foundby

bringingthelinesto theform
(2.17a)
(2.17b)

andsolvingfor or . The(distorted)intersectiorpoints  of all pairwiseorthogonallinesin  are
thenusedasinput to the calibrationsoftware togetherwith correspondingvorld points . Stepsone,
three,four and ve areshonvnin gure 2.8. Theresultinghomographyof the groundplaneis depictedin
gure 2.8d. Thegreencrosseshovnin gure 2.8daretheimagepoints  obtainedby intersectingdines.

2from MathWobrld (http://mathworld.wolfram.com/ )
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Figure 2.5: Line tting. Normallines at discrete positions ontheline are
sampledalong Thepoint is movedto point  ofthelargestchangein imageintensityalongthenormal
line . Points  areundistorted(section2.2.1)andline is correctedby tting it to the new setof

points  usingleast-squaes.

@ (b)

Figure 2.6: Distor ted and undistor ted images of the checkerboar d calibration target. The
gur eshowsa distorted(2.6a)andan undistorted 2.6b)image of thechederboa calibrationtarget. The
targetconsistof 36 individual black andwhite oor tiles of size50x50cm Althoughtheimage ontheright

is undistortedit still appeas curvedoutwa at its borders. This effectis causeddueto the fact that the
curvedlinesto undistorttheimage (seesection2.2.1)are notselectecequallydistributedacrosstheimage.

Only the lines givenby the grid of the chedkerboad are selected.l.e.  is approximatedto undistorted
thoselinesbest.
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Step 1

User selects points

¢ lines

Step 2

Calculate kappal

¢ lines & kappal

Step 3
Find changes in intensity

|
=
A K7
¢ new points &
\V4
~—
—
Step 4 [
O

Undistortion & update CO,C1

¢ best lines

Step 5

Intersect lines &
distort points of intersection

Figure 2.7: Five steps to nd image points in sub-pix el accuracy. Linesare specied by

selectingpointsin thedistortedimage of the chederboad calibrationtarget. Thedistortion coefcient

is approximated(section2.2.1). Normallines at discrete positions onead line

are sampledalong Point  is movedto the position  of the largestchange of image intensity

(seegure?2.5). Asobel lter is usedtherefore. Themodi ed pointsare undistorted A straightline is tted

to the setof undistorteddata points  usingleast-squags. Theresultsare the line parametes  and
. Theprocessof tting andcorrectinglinesis repeateduntii and are stable Finally, all pairwise

orthogonallinesin  areintersectedandagain distortedto nd true image pointsin sub-pixelaccuracy.
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@) (b) (©)

(d)

Figure 2.8: Steps one, three, four and ve to nd image points and the homograph y of the

ground plane. Figure 2.8acorrespondso steponeof gure2.7wheie a userspeci eslineshby selecting
image points. Figure 2.8b correspondgo stepsthreeandfour andillustratesthegrid lines tted to edges
of the chederboaid. Theshortredlinesare normallines. The fth stepis shownin gur e 2.8cwhele the
tted grid lines are intersected. Finally, in gure 2.8d a homayraphy of the ground plane ( is
depicted.Thegreencrossesnarkthe projectedimage points  of image 2.8c.



Chapter 3

Description of the Reading People
Tracker

The ReadingPeopleTradker is is designedo trackpeoplefor visualsuneillancesystemslt is originally
basedntheLeedsPeopleTradker [4, 5]. Thetracker consistof four co-operatingnodules:

TheMotion Detector,
theRegionTracker,
theHuman Feature Detector (HeadDetector)

andthe Active ShapeTracker.

Using four co-operatingnodulesresultsin morestableandreliable overall trackingperformancei.e.
limitations of onemoduleare compensatetly othermodules. In contrastto othertrackingsystemdike
thePCCV\Tradker [1], theReadingPeopleTrackerimplementsanActiveShapelracker. Thistrackeruses
a 2D appearancenodelof humanbeings. This Active ShapeModel is explainedin section3.4.1. Shape
variationsare extractedfrom a large training setby using principal componentanalysis(PCA). Further
differencesxist in theimplementedackgroundnodelof the ReadingPeopleTracker. The background
is modeledas oneimagewith no peoplein it. Theimageis updatedby a temporalmedian Iter. The
Region Trackertracksall extractedmoving regionsfrom theMotion Detector Regionmergingandsplitting
(section3.2.1)is appliedto trackedregions.n addition,the ReadingPeopleTrackerimplementsa Human
FeatureDetectorwhich is actually a headdetector The Active ShapeTracker bene ts from the head
detectorbecauseoplearefasteridenti ed by their headposition. This meansshape®f multiple people
areinitialized preciserandtrackedrobuster Figure3.1illustratesthefour trackingmodulesof the Reading
PeopleTracler.

Thefollowing termsareusedthroughouthis chapter Figure 3.2 shows their relations.

Prediction: Once,a personis successfullyidenti ed asmoving in frame , its positionis predicted
for frame . TheReggion Tracker aswell asthe Active ShapeTracker performpredictions.

Measuement: A predictedregion or shapefor frame is tried to matchwith local imagefeatures
of frame . If successfulthe predictionis movedto the measurementanda new predictionfor the
measuremerfor frame is performed.

Hypotheses:Hypothesesare measurementthat needto be approved rst. The Region Tracker
generatefiypothesedy region memging andsplitting (section3.2.1). The HumanFeatureDetector
generatefiypothesedy searchindor possibleheadpositionsin regions.
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Reading People Tracker

Motion Detector

v

Human Feature Detector —>

Active Shape
Tracker

Figure 3.1: The four tracking modules of the Reading People Tracker. The gur eillustratesthe
four tracking modulesof the ReadingPeopleTradker. The Motion Detectorcomputeghe binary motion
image. Extractedregionsby the Motion Detectorare passedon to the Region Tradker and the Human
Feature Detector(headdetector). TheRegion Tradker tracksregionsfromthe Motion Detectorover time
The HumanFeature Detectorextracts possibleheadpositions. Tradked regionsand possibleheadposi-
tion are inputsto the Active ShapeTradker. Together the four tradking modulesprovide bettertradking
performancehana singlemodulewoulddo.

Measurements

Predictions
Hypotheses

Figure 3.2: Relation between measurements and predictions and the four tracking mod-
ules. The gur e showstherelationbetweermeasuementsand predictionsandthefour tracking modules
Predictionsfor frame aretried to matd with image measuementf frame . TheMotion Detector(MD)
genematesmeasuementsby badkground-foeground sggmentation. The Human Featule Detector (HFT)
takesa measuemeni(a region)to seach for possibleheadpositionsin it. TheRegion Tradcer (RT)aswell
asthe Active ShapeTradker take both measuementsand predictionsand try to matc them. Hypotheses
are a subsebf measuementavhich are geneatedby the RTandHFT.
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3.1 The Motion Detector

TheMotion Detectorof theReadingPeopleTracker maintainsamodelof thebackground Thebackground
is modeledasonevideo imagewith no personsn it. The backgroundmageis updatedoy a temporal
pixelwise median Iter of thevideoimages.The Motion Detectorusesthe backgroundnodelto identify
moving blobsin avideoframe. The Motion Detectordealswith four differentkinds of images Figure3.3
shavs anexampleof eachimage.

The video image correspondso onevideo frame of a video sequence.The video imageis to be
examinedby thetrackingalgorithm.

The background imagemodelsthe background.lt is a videoimagewith initially no peoplein it.
Thebackgroundmageis temporallyupdatedisingamedian Iter .

The differ enceimage is obtainedby pixelwise differencingthe video imageandthe background
image.Thedifferencemageis usedby the Active ShapeTrackerto searctfor edges.

The motion imageresultsby thresholdinghe differencemage.

")

Videolmage Backgroundmage Differencelmage Motion Image

Figure 3.3: Image kinds involved in motion detection. Thetrackingalgorithmexamineghevideo
image. Thebadgroundis modeledoy a tempoally updatedvideoimage with initially nopeoplein it. The
differenceimage is the pixelwiseabsolutedifferenceof the videoimage and the badkgroundimage. The
motionimage is obtainedby thresholdingthe differenceimage.

Thefollowing parameteraffectthebehaior of theMotion Detector Sectiord.4 evaluategheReading
PeopleTracker with respecto this parameters.

DETECT_DIFF_THRESHThe motion image result of thresholdingthe differenceimage. This
parameteicorrespondgo this threshold. It decidesfor eachpixel of the differenceimageif it is
consideredsforeground(moving) or asbackgroundstatic).

MIN_REGION_SIZE, MAX_REGION_SIZETheseparameterge ne theminimumandmaximum
sizeof regionsto be extractedby the Motion Detector Thesizeof aregionis givenby its area(in
pixels)normalizedby theareaof thevideoimage.The parameterarecomputedy usingastatistical
modelwhichis describedn section4.4.2.

MIN_HEIGHT_TO_WIDTHMAX_HEIGHT_TO_WIDTHIheseparametergle ne the minimum
andmaximumratio of heightto width of regionsto be extractedfrom the motionimage. Thesame
statisticalmodel(sectiond.4.2)is usedto calculatetheseparameters.
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Figure 3.4: Region merge technique . The gureillustratestwo regions and . Theirrelative
distancein and coodinatesis and . Tworegionsare megedtogetherif theratio of their relative
distancewith their sizeds lessthanREGION_MERGE_THRESH

REGION_MERGE_THRESHis thresholdde nesif two regions and arememgedtogether
(gure 3.4). Thedistancemeasure relatesthe relative distanceof the regionsto their sizes.
Two regionsaremergedif is smallerthanthis threshold.

(3.1)

MEDIAN_FILTER_MOTION_IMAGEThis parametede nesif a spacialmedian lter is applied
to themotionimage.

BLUR_MOTIONSpeci esif thevideoimageandthe backgroundmageareblurredduring motion
detection.

MOTION_IMAGE_DILATION This parametespeci esif dilationis usedto improvethe quality of
themotionimage.If dilationis performedparameteGAP_SIZE de nessizeof thedilation mask.

Theoutputof the Motion Detectorarethe regionsthatcontainforegroundobjects(moving blobs). Ex-
tractedregionsarepassedn to the Region Tracker (section3.2) andthe HumanFeatureDetector(section
3.3).

3.2 The RegionTracker

The Region Tracker tracksregionsextractedfrom the Motion Detectorover time. Predictionsof thesere-
gionsaregeneratedisinga rst ordermotionmodel.lt is assumedhatpeoplemovewith constantelocity.
Boundingboxesof detectedoregroundregionsby the Motion Detectorand boundingboxesof detected
personshapedy the Active Shapéelracker arebothinputsto the Region Tracker ( gure 3.1). Thesenputs
arebothmeasurementsecauséhey areobtainedby eitherbackground-forground segmentatioror local
edgesearch.
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The Region Tracker matchespredictionswith measurementsRegion splitting and merging is used
(section3.2.1). If a predictioncanbe matchedsuccessfulljto a measurementhe predictionis replaced
by the measuremerdnda new predictionperformed.If the Region Tracker fails to matchpredictionswith
measurementsom the Motion Detector it consultsthe outputof the Active ShapeTracker. If the Active
ShapeTrackersuccessfullyracksthe persontheboundingbox of the Active Shapeaepresentinghe person
is takenby the Region Tracker asa new hypothesidor the persons sizeandposition.

3.2.1 RegionMerging and Splitting

Region splitting andmeiging is usefulin the situationwheretwo personsrosseachother(comparegure
3.5). Thetwo personsaretracked correctlyaslong asthey areapart( gure 3.5a). As soonasoneperson
occludesthe other, the Motion Detectorextractsthemasonemoving region ( gure 3.5b). To overcome
this problemthe Region Tracker always memespredictedregionsthatarecloseto eachother This new,
larger predictionof aregion is tried to matchwith measurementsom the Motion Detector If the match
is successfultwo new “synthetic” measurementare createdby splitting the large region into two ( gure
3.5c). This is reasonablédecausat is assumedhat the measuremenfrom the Motion Detectornow
containswo persons.

d

@) (b) ©

Figure 3.5: Region merging and splitting. The gure showshow region meging and splitting
overcomeproblemsduring motiondetection.Two personsare extractedsepaatelyaslong asthey are far
apart ( gur e 3.5a). Whenthey crossead other the Motion Detectorextractsthemas onemoving region
(gure 3.5b). The Region Tradker alwaysmeiges predictionsthat are closeto eac other Possibly this
larger predictionsof regionscanbe matdhedwith measuementsThisis thecasein gure 3.5cwhele the
combinedpredictionis again split into two new (syntheticmeasuements.

3.3 The Human Feature Detector (Head Detector)

Theheaddetectorxamineghe upperpartof aregionfor moving heads|t looksfor verticalpeakswithin a
regionin themotionimage.Figure3.6illustratesthealgorithmfor thevideoimage.Region is examined
column-by-column.Eachcolumnis scannedop-to-bottomuntil a moving (foreground)pixel is found.
Thedistance of this pixel to the bottomof is storedin vector . Figure 3.6 shavs vertical columns
that are scannedor moving pixels. Distance is shavn for onecolumn. Vector is thensearchedor
intervals  whosevaluesdo notdiffer signi cantly. Interval  is valid if thevaluesbeforeandafter are
signi cantly lower thanthevaluesinside . Thex-positionof a possibleheadis de ned asthe centerof
. They-positionis the averageof the highestandthe lowestvaluein a smallneighborhooautsideof
Theresultingheadpositioncorrespondingo  is depictedn gure 3.6.
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Figure 3.6: Algorithm to detect possib le head positions. The gureillustratesregion whichis
seachedfor possibleheadpositions.Theregion is examinedcolumn-by-columnEach columnis scanned
top-to-bottomfor moving (foreground) pixels. Thedistance froma moving pixel to the bottomof the
region is storedin vector . Vector is seach for intervals of similar values. Thecenterof s the
x-positionof a possiblehead. The y-positionis the average of the lowestand highestvaluein a small
neighborhoodutsideof . Thesmallsquae depictstheresultingheadposition.

3.4 The Active ShapeTracker

The Active ShapeTrackerimplementsan Active ShapeModel (section3.4.1)to representhe 2D appear
anceof humanbeings.A personsoutlinesaretried to matchwith amodelinstance Regionstrackedby the
Region Tracker aswell aspossibleheadpositionsfound by the HumanFeatureDetectorareinputsto the
Active ShapeTracker. Eachregionis examinedfor walking people,i.e. local edgedetectionis performed
within eachregion. Figure3.7 explainsthe procesf shapetting. In addition, gure 3.8illustrateslocal
edgedetectiorfor two hypothesesf the samepersorasaccomplishedby the ReadingPeopleTracker. The
rst measuremeris given by the region of the Region Tracker ( gures 3.8a,3.8b).The secondhypothe-
sesfor the personcomesfrom a possibleheadpositiondetectecby the HumanFeatureDetector( gures
3.8c,3.8d).Normallinesto the predictedActive Shapeat a numberof samplingpointsaresampledalong
to searchfor stronglocal imageedges.The Active Shapeis correctedby tting it to the new positionof
the persons outlines.Once,a new Active Shapes calculatedhat ts the persons outlinesbestfor frame
, the Active ShapeTracker predictsits positionfor frame usinga KalmanFilter (seesection3.4.1).

3.4.1 Active ShapeModel

B-splinerepresentation. Active ShapesrerepresentedsparametridB-splinecurves. A shapes to be
approximatedvith aclosedspline

(3.2)
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Spline Control Points

Spline Control Polygon

Sampling Points

Normal Line

Edge Point

Active Shape

-<— Pixel Profile

-<—— Edge Strength

Figure 3.7: The process of shape tting. AnActiveShapds mathematicallyepresentedasclosed
parameterized-splinecurve A B-splineis givenby a setof basisfunctionsand spline contmol points.
The appeaanceof an Active Shapeis changedif the control pointsare modi ed. The gur e showsone
prediction of an Active Shapefor the depictedperson. The predictionis correctedby performinglocal
edce seach. First, a numberof samplingpoints(usuallylarger thanthe numberof splinecontml points)
are de ned on the Active Shape Normal lines to the shapeat thesesamplingpoints are sampledalong
for large changesin image intensity Oneedge pointis labeledin the gur e andthe correspondingpixel
pro le alongthenormalline depicted By convolutingthe pixel pro le with a sobelmaskfor instance edge
strengthsare detected.Having performedlocal edge seach for each samplingpoint, the detectededge
pointsde ne thecorrectedpositionof the Active Shape TheActiveShapes tted to the person'soutlines.
By mappingthe correctedsamplingpoints (edge points)to correctedspline control points,a new Active
Shapds calculatedthat ts bestto thedetectecedge points. Thismeansthe new shapets bestto thenew
positionof the person.

where is aparametethatincreasesastheshapds traversedand and areconcrete
splinefunctionsof . The name“B-spline” comesfrom the fact that the spline functionsare build asa
weightedsumof basisfunctions whosedegreeis (highestpowerof ). isde nedas

(3.3)
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Figure 3.8: Local edge search. The gure showsthe local edge seach that is performedfor eath

trackedregionto nd personoutlines. Thedifferenceimage on theleft is usedto identify edges. Results
are showon both the differenceimage and the videoimage on theright. Two hypothesesre examined
in this case The r st is given by the region passedfrom the Region Tradker ( gur es3.8a,3.8b). The
seconcdhypothesicomesfrom a possibleheadpositiondetectedy the HumanFeature Detector( gur es
3.8¢,3.8d).Normallinesto the predictedActive Shapeof the personat a numberof samplingpointsare

samplealongto seach for strong edges. Greendotsmarkthe starting pointsof the seach, red dotsmark
detectecedees.

where

(3.4)

are the weightsalso known as control points (or control polygonif representeds a vector). Basis
functionsare combinedlinearly to form the spline functions and . Figure 3.9 shaws four
guadraticB-splinebasisfunctions.In this simplecase is non-zerdfor
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Figure 3.9: Four quadratic B-spline basis functions. The gur eillustratesfour quadratic B-spline
basisfunctions whele eat basisfunctionsis a translatedcopyof the previousone
Thesebasisfunctionsare combinedinearly to form the splinefunctions and

Theotherbasisfunctionsaretranslatedcopiesof thepreviousone.

(3.5)
In the caseof Active Shapesthe correspondind3-splines are closedcurves. Parameter is
de ned over the interval andtreatedas periodic( is the numberof basisfunctionsand control

points). Figure 3.10illustratesa quadratic,closedsplinescurve. The curve in gure 3.10ais a smooth
approximatiorto its control polygonshavn in gure 3.10b. In thefollowing, an Active Shapes de ned
by its control polygonor shapevector givenas

(3.6)

Generationof the Active Model fromthe training set. TheActive Modelis generatedisingalargeset
of size trainingimagesthatshaov peoplein differentposes.A numberof pointsare selectecon each
persons contour Theresultis avector of contour(or boundary)pointsfor eachimagein thetraining
set.

(3.7)

Therequiredspline approximatingheboundarypoints minimizestheleast-
square®rrorfunction

(3.8)

Thecontrolpoints arethe unknowvn quantitiesto be determined The shapevector is

obtainedby usingstandardeast-squaremethodq23, 42].
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@) (b)

Figure 3.10: Closed B-spline curve. The gureillustratesa closedB-splinecurve Thesplinecurve
in gur e 3.10ais smoothlyapproximatedby its contmol points shownin gure 3.10b.Parameter
is de nedovertheinterval andis treatedasperiodic.

(3.9)

The training setnow consistsof ~ shapevectors . All shapevectorsarealignedto a normalized
frameof referencd6]. Capturingstatisticalinformationfrom the setof shapevectorsinvolvescalculating
themeanshape

- (3.10)

andthe standarddeviation of eachshape fromthemeanshape.

- (3.11)

PrincipalcomponentinalysigPCA) of thecovariancematrix is usedto nd theprincipleaxisof the

-dimensionalpoint cloud of all shapecontrol points. The advantageof using PCA for this particular
casads to constitutetheessencef all shapevectors . Thismeansto extractandcompressheinformation
of all shapevectorsto explain the mostcommonshapevariations(principal components)n the training
set. Thecovariancematrix is calculatedas

— (3.12)

Orderingthe eigervectors in the orderof descendingigervalues
(obtainedby PCA), an orderedorthonormalbasiswith the rst  eigervectorshaving the largestvariance
of canbeconstructedThis makessensebecausenostof the shapevariationscanbe explainedby less
than  modes.To chooseonly the rst modesof variation,athreshold is introduced.Thet modesof
variationaresupposedo explain of shapevariation.
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(3.13)

Thematrix of the rst eigervectorsis givenas

(3.14)

A new shapdnstancecanbegeneratedy addinga weightedinearcombinationto the meanshape.

I @219

where is avectorof weights,onefor eacheigervector

Verifying new shapeinstances. Having build the Active ShapeModel, the meanshape™ andthe matrix

of the rst modesof variationaregiven. A new shapéanstance de ned by its numberof controlpoints
canbegeneratedn the sameway asfrom thetraining setor by othermethodgo extractboundarypoints
of peoples outlinesfrom images(by segmentatiorfor instance).Vector of weightsthatcorrespondso
thenew shapenstance is givenby

- (3.16)

To restrictthe shape to take free boundarieslimitations on theweights areimposed.The weights
arerestrictedo lie within ahyperellipsoidusingthe Mahalanobiglistance  [8].

— (3.17)

If the Mahalanobigdistance  is biggerthan , theweights arerescaledo lie on the hyper
ellipsoid.

— (3.18)

Cooteset al. [8] proposesa value of 3.0 for . Otherwise,if is smallerthan , the

weightscanbe projectedback using equation3.15to obtaina “componentlter” version  of spline
(gure 3.11).

Predicting Active Shapes. The positionof a measureghapeinstance in frame is predictedfor
frame usinga Kalman lter [24, 25]. The shape is obtainedby shapetting asdescribedn
section3.4andillustratedin gure 3.7.The rst stepis to predictthe coarseprediction whichinvolves
thepredictionsfor thelasttwo frames and

(3.19)

In the secondstep,the coarseprediction is correctedusingthe measureghapenstance

(3.20)
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Figure 3.11: Component ltered shape. The gureshowsashape ontheleftthatwasobtainedby
usingthe r st modesof shapevariation. Theweights — arerescaled )to
fulll equation3.17.Theresulting(smoothed¥pline  ontheright is obtainedby -

where is the Kalman gain. is dened as the ratio of the relatve predictions
with thevarianceof therelatve measurements
for thelasttwo frames[25].

RN (3.21)



Chapter 4

Evaluation of the ReadingPeople
Tracker

When evaluatingtracking algorithmsandin generalcomputervision algorithmsa few crucial questions
needto be answeredrst. For instancewhich kind of evaluationis performed.A qualitative evaluation
stratgy assessethe outputof thetracker accordingto subjectve criteria. Criteria,asareall subjectscor
rectlyidenti ed by thetracker or, for instancedoesit oftenloosetrackof detectedsubjects A quantitatie
evaluationin contrastmakesuseof evaluationperformancenetrics(sectiord.1)to assesshetrackingout-
put accordingto objectie criteria. How well, for example,doesthe trackingalgorithmidentify subjects.
Precisiomanrecallareexamplesof performancemetrics.Both, qualitatve andquantitatve evaluationsare
performedto evaluatethe ReadingPeopleTracker. An evaluationitself canberepresentedy “evaluation
metadata”. For this thesis this metadatais de ned as

1. thetypeof evaluation.

2. thesetof parameterson guring thetrackingalgorithm.

3. thevideosequencesnwhichthetracleris evaluated.

4. thegroundtruth - a setof objectsfoundin avideosequenceleterminedh priori to be correct.

5. evaluationparametesettings.

Thetypeof accomplishe@valuationds always“framewise” in thisthesis.This meanstrackingoutput
andgroundtruth are comparedn a frame-by-framebasis. The type itself canbe parameterize@gswell
andis describedn section4.3. Having speci ed this kind of metadata,especiallytracking parameters,
video sequenceand groundtruth, it is possibleto comparedifferenttrackingalgorithmswith the same
datausingsimilar settings.

Thevideosequencewhich wereusedto evaluatethe ReadingPeopleTracker aredescribedn section
4.2. ThissequencegereannotatedisingViPER®. Authoringgroundtruthis doneby drawing rectangular
boundingboxesascloseaspossiblearoundeachpersonn thevideosequencahosebodyhasanestimated
visibility of atleast75%. Any shadavs or re ections againstwalls causedy illumination wereignored.
Boundingboxesweredrawn aroundpersonoutlinessolely This re ects thatary peopletracker basically
would have to dealwith changesn illumination, indoor and outdoor asthis happensalwaysandevery-
wherein therealworld. This doesnotimply thatatracker which doesnot explicitly dealwith shadaevs or
re ections generallyproduceshadresultsin objectdetection.However, its trackingoutputwill probably

Ihttp://lamp.cfar.umd.edu/media/research/v iper/
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belessprecise Furthermorepeopleappearingn groupsarealwaysconsideredisseparat@ersonshence
annotatedeparatelyaslong astheir estimatedody visibility is atleast75%.

The VIPER packageprovidesscriptsfor performingthe actualevaluation. In principle,two les of
which oneholdsthe groundtruth of avideo sequenceandthe otheronethetrackingoutputarecompared
accordingo differentperformancenetrics.Figure4.1 depictsthe procesf evaluation. The performance
metricsareexplainedin section4.1.

Analysis and Improvement

Tracking Output

Video Sequence Evaluation

Ground Truth

Figure 4.1: Evaluation and benchmarking scheme. Theevaluationof the ReadingPeopleTradker
is performedby comparinggroundtruth and tracking outputof a video sequencen a frame-by-fame
basis. VIPER is usedto calculatethe performancemetrics. By analyzingevaluationresultsthe tracking
algorithmcanbeimprovedto achieve bettertracking performance

4.1 Evaluation PerformanceMetrics

This sectionexplainsthe performancenetricsusedto quantitatvely evaluatethe ReadingPeopleTracker.

Let be the setof groundtruth objectsin a singleframe . Then is the number
of elementsin this setof groundtruth objects. is the set of detectedtracking outputobjectsand
the numberof objectsin this set. is the numberof framesthat containground
truth objects. is thetotal numberof framesof the evaluatedvideo sequence. is
oneobjectof , Whereas is the spatialunion of pixelsthatarecoveredby . Thesameholds
for tracking outputobjects. is an objectof set , its spatialunion of
pixels. Thespatialunionof all pixelsof all objects isde nedas
4.2)

Thevalue is the total numberof pixelsin , i.e the total numberof pixelsin the ground
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truth of frame . The spatialunionof trackingoutputobjects is
4.2)
Thevalue is the total numberof pixelsin or the total numberof pixelsin the tracking
output. In addition, is the spatialunion of thetotal numberof pixelsin . Thetotal numberof pixels
of avideosequencef framesisthende nedas
(4.3)

4.1.1 Pixel-basedMetrics

Thismetricsdo nottreatavideoframeasa collectionof individual objectsbut asa setof individual pixels.
Thefollowing pixel-basednetricsarede ned:

1. True Positives

Thenumberof matchedpixelsof videoframe is givenby theintersection

(4.4)

TruePositivesarethosepixelsthetrackingalgorithmsuccessfullydenti ed asgroundtruth pixels.

Example:

™

Thenumberof True Positvesis 15.

2. FalsePositives

FalsePositives(or falsepixels)arethosepixelsthetrackingalgorithmmistalenly classi edasground
truth pixels.

(4.5)

where is thedifference
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Thenumberof FalsePositvesis 20.

3. FalseNegatives

FalseNegatives(or missedpixels),areall pixelswhich arenot detectedalthoughlabeledin ground
truth. Thus,its numberis givenby

(4.6)
where is thedifference

Example:

Gra i | FN

SECSH Y BOF N Thenumberof FalseNegativesis 3.

4. Pixel-basedPrecision

Pixel-basedrecisionof videoframe is de ned as1 minustheratio of FalsePositveswith thetotal
numberof pixelsin

4.7)

Thenweightedaveragepixel-basedrecisionof all trackingoutputobjectsof all video frames
thatcontaingroundtruth objectsis givenby

(4.8)
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Example:

— FP

Pixel-basedprecisionis de ned as 1 minus the ratio of
FalsePositveswith total numberof tracking output pix-
els.

Pixel-basedrecisionmeasuretiow well thetrackingalgorithmminimizesfalsealarms.

5. Pixel-basedRecall

Pixel-basedecallis de ned in a similar way. For a singleframe , it is theratio of True Positves
with thetotal numberof pixelsin

(4.9)

Overall pixel-basedecall of a video sequencés thende ned asthe weightedaveragepixel-based
recallof all frames  thatcontaingroundtruth objects.

(4.10)

Pixel-basedecallmeasuretiow well thetrackingalgorithmoutputcoversgroundtruth.

Example:

TP
Pixel-basedrecall is the ratio of True Positves with the
total numberof groundtruth pixels.
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4.1.2 Object-basedMetrics

1. AverageObject Fragmentation

The intentionof this metricis to penalizea trackingalgorithmfor multiple trackingoutputobjects
coveringthe samegroundtruth object. Givena groundtruth object , thefragmentation
of isde nedas

(4.11)

where is the numberof trackingoutputobjectsin that overlapwith groundtruth

object . Theaveragegroundtruth objectfragmentatiorfor frame is givenby

(4.12)

Theoverall groundtruth objectfragmentatiorof avideosequencés de ned as

(4.13)
Figure 4.2 illustratesthe function ——. It canbe seen,that for a small num-
ber of overlappingtrackingoutputobjectsin with a groundtruth object thevalueof the

functionis higherthanfor a biggernumberof overlappings. This meansthe biggerthe valuefor

thelesstrackingoutputobjectsareproducedo explain onegroundtruth
object.
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Figure 4.2: Ground truth object fragmentation metric. The gure illustrates the function
where representsthe numberof overlappingtradking outputobjects with

agroundtruth object . Thelessoverlappingsthebigger thevalueof thefunctionandthelesstracing
outputobjectsare producedo explain a groundtruth object.
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Example:

Thegroundtruth objectis explainedby two trackingoutput
objects.Framavisefragmentatioris

2. Object-BasedPrecision

Object-basegbrecisionof anobject is theratio of the proportionof its areathatcoversground
truth objects with its total areasizein pixels. Thus,object-basegbrecisionis de ned as

(4.14)

Total object-basegrecisionof frame is givenby theratio

(4.15)

Overall object-basegrecisionof all tracking output objectsof a video sequencés the weighted
averageobjectprecisionof all framesin thegroundtruth dataset.

(4.16)

Example:

7P Object-basegrecisionis de ned astheratio of True Posi-
tivespertrackingoutputobject(normalizedy thetracking
outputobject's size)with thetotal numberof trackingout-
put objects(two).
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3. Object-basedRecall

Object-basedecall of anobject is the ratio of the proportionof its areathatis coveredby the
setof trackingoutputobjects with its total areasize. |t is de ned as

(4.17)

Total object-basedecall of frame is thende ned astheratio of the sumof objectrecallswith the
total numberof groundtruth objectsof frame .

(4.18)

Overallobject-basedecallof avideosequencef  framescontaininggroundtruth objectss given
by

(4.19)

Thismetricgivescreditto arny portionof agroundtruth objectthatis coveredby thetrackingoutput
no matterhow smallthatportionis. This canbethoughtof asthe“degree”of objectdetectionof the
trackingalgorithm.

Example:

™ Object-basedecallistheratio of TruePositvesperground

truth object(normalizedby the groundtruth object's size)
with thetotal numberof groundtruth objects(one).

4.1.3 Localized Object-basedMetrics

1. Localized Object-BasedPrecision

Localizedobject-basegrecisioncountsthe numberof trackingoutputobjects thatsigni cantly
covergroundtruth objects.
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Localizedobject-basegbrecisionis de ned as

_ (4.20)

where
(4.21)
statesfor eachtrackingobject if it sufciently coversgroundtruth. Threshold de neshow
largethe minimumproportionof theoverlappingarea shouldbe. Theratioof tracking

outputboxesthatarepreciseenoughwith respecto  with thetotal numberof trackingoutputobjects
produceddy thetrackingalgorithmis givenby

S (4.22)

Threshold is setto 0.75.Bothtrackingoutputobjectsare
not preciseenough:
TP

GT1 ¢

2. Localized Object-BasedRecall

For eachgroundtruth object , localizedobject-basedecall makes a hard decisionwhetherit
is considereddetectedor not. In this metric, a groundtruth object is detectedf a minimum
proportionof its areais coveredby . Themetric countsthe numberof groundtruth objectsthat
aredetectedthussigni cantly coveredby trackingoutputobjects.In contrasto object-basedecall,
in this metrica groundtruth objectis eitherdetectedr misseddependingnthreshold . Localized
object-basedecallis de ned as

(4.23)

where

(4.24)
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statedor eachgroundtruth object if it is sufciently coveredby thetrackingoutput. Theratio
of thetotal numberof detectedyroundtruth objectswith thetotal numberof groundtruth objectsof
videosequencés

S (4.25)

Threshold is setto 0.75. Theratio of True Positveswith
the total numberof pixels of groundtruth objectoneis
largeenough.

4.2 Selectionof Suitable Video Sequences

In orderto evaluatethe ReadingPeopleTracker, video sequencesieededto be captured. In total, 92
sequencesvere recordedof which 23 are usedfor evaluationpurposes. All sequencesvere captured
indoor at ETH Zurich. Eachsequencehaws a typical situationwhich may or may not causeproblems
for a peopletracker: Peoplecrossing(occluding)eachother, occlusionwith backgroundand groupsof
peopleareexamplesfor suchsituations.The goalwasto obtainalarge datasetof video sequencefor the
evaluationof the ReadingPeopleTracker but alsofor benchmarkinglifferenttrackingalgorithmslater.

Thereare 12 differentsubjectsin the sequencem total. Two womenand 10 menof differentheight
andweight. Eachtype of sequencevascapturedhreeto twelve timeswith differentpersonsThis allows
it to computeaveragevaluesfor precisionandrecallfor atypeof videosequenceln thisway, trendscanbe
identi ed which hold for awholetype of video sequenceAll sequencearecapturedat a constanframe
rate of 25Hz and have a size of 352x288pixels (approximatelyhalf PAL resolution). Thosesequences
which were capturedmary times but with differentpeopleare groupedtogetherand associatedvith a
“type” of videosequenceThetype of sequencasayssomethingaboutthe compleity of the sequenceln
generalthe higherthetypethe moredif cult the situationfor today's trackingalgorithms. This grouping
of videosequencedoesnot follow generalguidelinesor standardslt ratherfollows personathanformal
guidelinesfor the notionof compleity. Table4.1and4.2 givesinformationaboutthe sequencethatwere
usedfor the evaluation.Figure4.3 shavs the groundplaneof the videocapturingsceneat ETH Zurich.
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Figure 4.3: Video capturing scene at ETH Zuric h. The gur e showsthe groundplaneof thevideo
capturingsceneat ETH Zurich. Theletters A to F denotestart or end pointsof peoplewalking through
thescene A calibratedpan/tilt camean is used.In addition,videosequenceypel is shownwhere people
eitherwalkfromAto C or Cto A.

4.3 FramewiseEvaluation Type

The currentversionof VIPER (v4 Alpha 3) offers threetypesof evaluations: framewise, object and
tracking evaluation. Only framewise evaluationsare performedin this thesis. Given a video sequence
of frames,a framewise evaluationcompareshe setof tracking outputobjects for eachframe

with the setof groundtruth objects for thisframe . A typical framewise evaluationis
shavn in thefollowing codesnippet:

#BEGIN_FRAMEWISE_EVALUATION
OBJECT PERSON
BODY: matchedpixels missedpixels falsepixels fragmentation \
areaprecision arearecall [areaprecision .75] [arearecall .75]
#END_FRAMEWISE_EVALUATION

In this example,the objector descriptor[19] of type PERSONSs evaluated. Althoughiit is possible
to specifydifferenttypesof objectsto evaluateusingViPER, like GROUP_OF_PEOPI EARetc, only
objectsof type PERSONare consideredn thiswork. VIPER searchegor correspondingbjectsof type
personin the tracking outputandin the groundtruth. Both are speci edin XML. The objects' BODY
attributesare compared.True Positives (matchedpiels), FalseNegatives (missedpiels), FalsePositves
(falsepixls)aswell asobject-basedragmentatioris calculatedcomparesection4.1). Object-basegbre-
cisionandrecall(areaprecisiorgrearecallpswell aslocalizedobject-basegrecisionandrecall([areapre-
cision.75],[arearecall75]) arealsocomputedn this example.Threshold which speci esthe minimum
portionof anobjectthatmustbe coveredis setto 0.75(seesectiond.1).
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Type | Sequence| Duration in frames | Number of persons
1 \l 179 1
1 V2 193 1
1 V3 203 1
1 V4 190 1
1 V5 205 1
1 V6 216 1
1 V7 211 1
1 V8 215 1
1 V9 221 1
1 V10 201 1
1 Vil 232 1
1 V12 221 1
2 V13 122 1
2 V14 134 1
2 V15 120 1
3 V16 199 1
3 V17 229 1
3 V21 199 1
3 V22 207 1
3 V23 233 1
4 V18 242 2
4 V19 297 2
4 V20 211 2

Table 4.1: Video Sequences used for evaluating the Reading People Tracker. Ead video
sequences associatedvith atype(columnl). In generl, thehigherthetypethemoredif cult thesituation
for a peopletradcker. In addition,thetable showsthe duration of a sequencén framesandthe numberof
personsappearingin it. Thevideosequenceall captuedat a constanframerateof 25Hzandat a sizeof
352x288pixels(approximatelyhalf PAL resolution).

Type | Description

1 Onepersonis walking eitherfrom C to A (passingn front of column),A to C (passingn
front of column),B to E or E to B. Thesearethemostsimplestvideosequenceghesideshe
emptysequenceavith no personsappearing) They werecapturedo gainbasicknowledge
aboutthe tracking algorithmandto x basictracking parameterdike motion detection
thresholdsregion sizesetc.

2 Onepersoris runningfrom C to A, passingn front of the column. This type of sequence
may be usedto testand evaluatethe implementedinear rst-order motion model of the
Region Tracker thatpredictsnew positionsof atrackregions.

3 Onepersonis walking from C to A or A to C, passingbehindthe columneachway. This
type of sequencashowns onepersorthatis temporallyoccluded.The type of sequencean
be usedto evaluateocclusionhandlingof the ReadingPeopleTracker.

4 Thesetypeof sequencehonstwo personspnewalking from C to A andtheotherwalking
from A to C, crossingeachotheratF. It is very importantto evaluatethetracker on multi-
personsequencesincethe reliability of the tracker strongly dependsn the performance
on this type of video sequencesFor mostof today's tracking algorithms,single person
trackingdoesnot presenta big challenge Thus,multi-peopletrackingis crucial.

Table 4.2: Video Sequences Description. Thetable givesa descriptionof eac type of videose-
guencehatis usedfor theevaluation.Figure 4.3 showsthevideocapturingsceneat ETH Zurich.
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4.4 Resultsfocusingon Motion Detection

This sectionpresent®valuationresultsfocusingon motiondetection.The Motion Detectorof theReading
PeopleTrackeris describedn section3.1.

4.4.1 Background-Foreground SegmentationThreshold

In the ReadingPeopleTracker, background-forground segmentatioris the procesof separatingvalking
peoplefrom a staticbackground.The motionimageis generatedyy rst pixelwisedifferencingthe video
andthe backgroundmageandthenthresholdingthe resultingdifferenceimage. This thresholdis repre-
sentedby the parameteDETECT_DIFF_THRESHf the Motion Detectorand mustbe within therange
of 0 and1. The parameteis internally projectedto therange . For two correspondingpixels
and of thevideoandbackgroundmage pixel is consideredsforegroundif

DETECT_DIFF_THRESH (4.26)

where are(normalized)pixel values.
Thein uence of DETECT_DIFF_THRESHS evaluatedon videosequencéype 1. A framewise eval-
uationis performedandtherangeof DETECT_DIFF_THRESHS setto . Figure4.4shavsthe

resultsfor averagepixel-basedpbject-basedndlocalizedobject-basegrecisionandrecall. The curves
thatareshavn areprecision-recalturves,i.e. precisiononthex-axisversugrecallon they-axis. Thepoint
of interceptionof the precision-recalturve andthe function is the pointwhereprecisionandrecall
areequal.FigureA.1 of appendixA shavstheresultsfor eachvideosequencef videosequencéypel.

Analysis

Considergure 4.4c. Thepointontheprecision-recalcurve whereDETECT_DIFF_THRESHS 0.08
is labeledwith its functionvalue. IncreasingDETECT_DIFF_THRESHvould resultin higherprecision
but lower recall. On the otherhand,decreasindETECT_DIFF_THRESHioesnot affect recallasmuch
asprecision.Hence avalueof about0.8for DETECT_DIFF_THRESH:S optimal.

Figures4.5ato 4.5fshav frame77 of videosequenc®2. Figures4.5ato 4.5cshowv groundtruth (green
boundingboxes)aswell astrackingoutput(yellow boxes)for parameteDETECT_DIFF_THRESH).02,
0.05and0.10. Figures4.5dto 4.5f illustrate the correspondingnotionimagesproducedby the tracking
algorithm. It canbe seenthat precisionof tracking outputobjectsincreasessthe parameteiincreases
(trackingoutputboxesgetsmaller). Figure4.5ashaws onetrackingoutputobjectcausedy illumination
change®nthewall ontheleft. It ful lls sizeconstraintof trackedregion posedby the Motion Detector
This meansthe region is tracked for a shorttime. In gure 4.5bthis region is no morerecognizedas
foreground. The detectedregion is not as preciseas the sameregion in gure 4.5c. This is because
shadevsonthe oor causedy thewalking personarealsoidenti ed asforeground.

Figures4.5gto 4.51 shov groundtruth andtrackingoutputaswell asmotionimagesfor frame 145.
From gures 4.5gand4.5jit canbeseenrnthatfor avalueof 0.02for DETECT_DIFF_THRESkHhowalking
peoplearedetected.This is becausgotentialforegroundregionsdo notful Il sizeconstraints.Precision
increase$ut recalldecreaseasDETECT_DIFF_THRESHs changed. Comparing gures 4.5k and4.5l,
onecanseethatregiontrackingis successfulor DETECT_DIFF_THRESHetto 0.05.For avalueof 0.1,
the Region Tracker cannot detecta person.No regionis extractedby the Motion Detector But the Active
ShapeTracleris still ableto identify andtrackthe walking person.Thisis shavn in gure 4.5iwherethe
(smaller)yellow box depictsthe boundingbox of the tted shape.Figure4.6aand4.6bshawv the output
picturescorrespondingo gures 4.5hand4.5i producedy the ReadingPeopleTracker. As aresultof this
evaluation,DETECT_DIFF_THRESHSE setto 0.85in furtherevaluations.
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Figure 4.4: Precision-recall curves for detection diff erence threshold evaluation. Figure
4.4alillustratesaverage pixel-basedprecisionandrecall for videosequenceypel. Figure 4.4baveage
object-basedand gure 4.4c average localized object-basedrecisionand recall. The function value
of the precision-ecall curve for a value of 0.8 for DETECT_DIFF_THRESHSs shownin gure 4.4c.
Choosinga highervaluethan 0.8 wouldincreaseprecisionbut decieaserecall. Choosinga smallervalue
would not affect recall very mud but decreasesprecision. The optimumis therefore closeto 0.8 for
DETECT_DIFF_THRESHIn further evaluations the parameteris setto 0.85.
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Figure 4.5: Ground truth and tracking output as well as motion image for frames 77 and

145. The gur e showsgroundtruth (greenboundingboxes)and tracking output(yellowboundingboxes)
for frames77 (rowsoneandtwo) and 145 (rowsthreeandfour). Motion imagesare shownfor eac video
image. Groundtruth objectrecall decieasesas DETECT_DIFF_THRESHnNcreases.Thereverse holds

for precisionof tradking outputobjects.



40 Chapter. Evaluationof the ReadingPeopleTracker

@ (b)
detect_dif thresh=0.05 detect_dif thresh=0.10

Figure 4.6: Tracking output of Region Tracker and Active Shape Tracker. Figure 4.6ashows
tracking outputwhele both, the Region and the Active ShapeTracker recaynizethe walking person. The
boundingbox of the tracked region and the tted shapeare depicted. For a value of 0.10 for DE-
TECT_DIFF_THRESHthe Region Tracker fails to detectthe person. But the Active Shapetradker still
tradksthe person. Thus,the Region Tracker usesthe boundingboxof the tted shapeasa new hypothesis
for aregion ( gur e4.6b).

4.4.2 Minimum Sizeof Tracked Regions

The minimum size of a tracked region is given by its area . The value of parameter
MIN_REGION_SIZE is calculatedby theformula

- (4.27)

where is theareaof thewholevideoimage,i.e. the productof its width andheight.

MIN_REGION_SIZE shouldbe setto a suitablevalue. This becauserst, it doesnot make sensdo
track regionswhich aretoo small to representvalking people. Second becausetherwisevideo image
noise,which is normally only a few pixelsin sizeis identi ed asvalid foreground. Perdefault the value
of the parameteis setto 0.001. For video imagesof size 352x288(approximatelyhalf PAL resolution),
0.001correspondso a region of about100 pixels (or 10x10pixels). Comparegure 4.7. To estimatea
suitablevaluefor MIN_REGION_SIZE, a statisticalmodelis used.All groundtruth objectsof all video
sequencewhich wereusedfor evaluatingthe ReadingPeopleTracker arethereforeconsidered.The set
of groundtruth objectsof all sequences . is the numberof objectsin this set. Groundtruth
objectsarerepresentedsrectangulaboundingboxeswith known position (top left corner),width
andheight . It is assumedhatthewidthsandheightsarenormally distributed. MIN_ REGION_SIZE
is givenby theformula

_ _ (4.28)

where is theaverage
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(4.29)

and the standardleviation

(4.30)

Theresultof equatiord.28givesa valueof 0.0359for MIN_REGION_SIZE. This valuecorresponds
to about3640 pixels. Figure4.7 shaws the relations. The red coloredsquaredepictsa region of 10x10
pixels whereasthe greenrectanglehassize 40x91 pixels. It canbe seenthat the greenrectanglecov-
ers much preciserthe areaof a walking person. The samestatisticalmodelis appliedto parameters
MAX_REGION_SIZEMIN_HEIGHT_TO_WIDTHandMAX_HEIGHT_TO_WIDTkbeesection3.1). A
framawiseevaluationis performedandtherangeof MIN_REGION_SIZE s setto .

Figure 4.7: Minimum region sizes. Thearea of the yellow rectangleis of size40x91pixels. This
sizeis approximatedby usinga statisticalmodelwhich takesinto consideation all groundtruth objectsof
all videosequencessedfor evaluation. Theyellowrectanglecovers theregion of a walking personmuc
preciserthanthe black squae. Thesquae hassize10x10pixels(defaultvaluesetby the ReadingPeople
Tradker).

Analysis

Comparing gures 4.8a, 4.8b and 4.8c shows a linear trend of precision. Different values for
MIN_REGION_SIZE do only affectrecall,not precision.As parameteMIN_REGION_SIZE increases,
fewer regionsgetextractedfrom the motionimage. Equation4.8 explain this trend. Detectedegionsare
weightedby their sizein pixels. Largerregionsarethereforestrongerweighted. For a value of 0.03for
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MIN_REGION_SIZE for example,peopleappearingn therearpartof the videoimagegetextractedcor
rectly. But this regionsdo not contribute muchto overall precision. They areweightedlessstrong. This
meangdf regionsarenot detectececauseatoolargevaluefor MIN_REGION_SIZE s usedthis doesnot
signi cantly affect overall precision.

Recallis decreasindor increasingvaluesof MIN_REGION_SIZE. If no regionsaredetectedn one
frame , pixel-basedecallis 0 (equatiord.9). This affectsoverallrecallbecaus@o trackingoutputobjects
arematchedvith groundtruth.

FiguresA.2b, A.2d and A.2f of appendixA shav a sharpbendof recall curvesfor video sequence
V11 between0.04 to 0.06. Video sequencé&/12 doesnot shaw this bend. It is quite at between0.04
and0.06. Figure4.9 shavs video frame 152 of sequencé&/11, gure 4.10frame 163 of sequencé/12.
For both gures, if atoo largevalueis usedfor MIN_REGION_SIZE, noregionsareextractedfrom the
motionimage(4.9f and4.10f). In the caseof gure 4.10d,the Active ShapeTracker keepstrackingthe
walking personwhereasn gure 4.9dit alreadylostthetrack(notrackingoutputatall). This explainsthe
sharpbendof recallcurvesin gure A.2 betweerD.04and0.06for videosequencé&/11. Both,the Region
TrackerandtheActive ShapeTrackerlosethetrackof thewalking person.Theresultis thatfewer tracking
outputobjectsarecomparedvith groundtruth whencalculatinglocalizedobject-basedecallfor instance.
Thisin turn decreasegroundtruth objectrecall.

Forfurtherevaluationstepsavalueof 0.035%or parameteMIN_REGION_SIZE s set. Thestatistical
modelwhichis usedto computethis parameteturnsout to be correct.

4.4.3 RegionMerging Thresholdvs. DetectionDifferenceThreshold

REGION_MERGE_THRES#a parameteof the Motion Detectorthat decidesf two extractedregions
arememgedinto one. Two regionsaremergedif their relative distanceto their sizesis smallerthanthis
threshold.Themeasure tisde nedas

(4.31)

where and is theabsolutedifferencein x andy of the two regions. and aretheir
widths andheights.Region memging is not an expensve operationandmakessensen two cases First, a
cloud of mary smallregionscausedyy imagedisturbancdik e noiseis probablymeigedinto oneregion.
Second,small regionsin the neighborhoodf a larger one are also memgedinto oneregion. If memged
regionsdonotful ll otherconstraintasminimumor maximumregion size,they arediscardecatanother
pointof thetrackingalgorithm.

The parameterREGION_MERGE_THRESHI initially setto 0.5 in the ReadingPeople Tracker
package. To nd a suitable value for this parametera framewise evaluation on video sequence
type 1 is performed. ParameterREGION_MERGE_THRESH analyzeddependingon parameter
DETECT_DIFF_THRESHseesection4.4.1). The resultsfor averagelocalized object-basegrecision
andrecallareshavn in gure 4.11. FigureA.3 of appendixA illustratesaveragepixel-basedandobject-
basedprecisionandrecall.

Analysis

From gure 4.11alineartrendof precisionandrecallcanbeidenti ed asREGION_MERGE_THRESH
increasesFigure4.12shows the precision-recalturve for only REGION_MERGE_THRE®tHthe range
Recallis moreaffectedthanprecisionasREGION_MERGE_THRE$ttreasesBestrecallis
reachedor avalueof 0.5. Thein uenceson overall precisionandrecallaresmallif this valueis coupled
with avalueof 0.85for DETECT_DIFF_THRESHThe dependeng on this two parameterss marginal.
The parameteraresetto 0.5and0.85for REGION_MERGE_THRESHIDETECT_DIFF_THRESHN
furtherevaluations.
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Figure 4.8: Precision-recall curves for minim um region size evaluation. The guresillus-
trates average pixel-based object-basedand localized object-basedprecisionand recall for video se-
guencetypel. A linear trendof precisioncanbeidenti ed. Figure 4.8cshowsthe functionvaluewheie
MIN_REGION_SIZEis equal0.03.IncreasingMIN_REGION_SIZE doesnotaffectprecisionverymuc
but recall rapidly decieases A valueof 0.0359is setfor further evaluations(as approximatedby the sta-
tistical model).
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Figure 4.9: Tracking output, ground truth and motion image for frame 152 of video se-
qguence V11 for MIN_REGION_SIZE of 0.04 and 0.05. The gur eillustratestrading output(yellow
boundingboxes)as well as groundtruth (greenboundingboxes)in the top row The middle row only
showstracking outputfrom Region and Active ShapeTracker as producedby the ReadingPeopleTradker.
Thebottomrow depictsthe motionimages. For too large valuesof MIN_ REGION_SIZE, regionsare not
extractedany more by the Motion Detector Thisheavilyin uencesothertracking modules.Both, Region
and Active ShapeTracker losethe track of the walking person. No tracking outputis geneiated ( gure
4.9d)andgroundtruth objectrecall rapidly deceases.
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Figure 4.10: Tracking output, ground truth and motion image for frame 163 of video se-

qguence V12 for MIN_REGION_SIZE of 0.04 and 0.05 The gur eillustratestracking output(yellow
boundingboxes)as well as groundtruth (greenboundingboxes)in the top row. The middle row shows
only tracking outputfrom Region and Active ShapeTracker as producedby the ReadingPeopleTradker.

Thebottomrow depictsthe motionimages. For too large valuesof MIN_ REGION_SIZE, regionsare not
extractedanymore by theMotion Detector In this case the ActiveShapelracker keepsrackingtheperson
(gure4.10d). Thetradk is not completelylostasin gure 4.9. Thisis why groundtruth objectrecall is

higherfor this videosequenc¢éhanfor sequenc&/11. Groundtruth is more oftendetected.
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Figure 4.11: Precision and recall for region merge threshold vs. detection diff erence
threshold evaluation. Thesurfacesshowaverage localizedobject-basegbrecisionandrecall for each
pair of values.Alinear trendcanbeidenti ed for both,precisionandrecallasREGION_MERGE_THRESH
increasesThedependencyn this two parametes is only marginal.
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Figure 4.12: Precision-recall curve for region merge threshold evaluation. Alineartrendcan
beidenti ed for precision.Recallis more affectedthanprecisionasREGION_MERGE_THRE8tdreases.
Bestrecallis achievedfor a valueof 0.5. Thisvalueis therefore usedin further evaluations.Usinga higher
(or lower) valuewould affectrecall mud stronger thanprecision.

4.5 Inuences of Image Quality on Tracking Performance

Two differenttechniqguesanbe choserto lter motionimages.Onetechniqueto Iter videoandback-
groundimagesduring motion detection. The in uences of these ltering techniqueson tracking perfor
manceareexaminedin this section.Available ltering techniquegor motionimagesare:

Median Iter: This appliesa spacialmedian lter on the motionimage. For eachpixel

(pivot pixel) of themotionimage,its neighborhood is examined.This neighborhoods
given by a 3x3 pixel window which has atits center All pixel valueswithin this window
aresorted.The centerof the sortedpixelsis returnedasnew valuefor in themotionimage.
Themedian Iter will remove noisespikesfrom the motionimagewithout signi cantly blurring its
edges.
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Figure 4.13: Localiz ed object-based precision and recall for diff erent image Itering tech-
nigues. The gur esillustratesprecisionand recall resultsfor disabling (0) and enabling(1) an image
Itering technique The differencesof precisionand recall betweermedian Iltering motionimagesand
blurring videoimagesare small. Thus,only the median lter is usedin further evaluations. Enabling
Motionimage dilation resultsin lower valuesfor precisionandrecall (see gur e 4.14).

Dilation: In this operationary black pixel of the motionimage(background}thathasat leastone
white neighbor(foreground)is changedo white. This operationhasthe effect of changingblack
edgepixelsto white, therebyincreasinghe size of foregroundobjects. If two or moreforeground
objectsareseparatedby a gap,dilation hasthe effect of fusingtheseobjectstogether Dilation is the
counterparof erosion i.e. dilating foregroundpixelsis equivalentto erodingbackgroundixels.

Available Itering techniquéor videoandbackgroundmagess:

Blurring: Blurring (akasmoothingor Gaussiarsmoothing is achiezedby corvolution. A Gaussian
cornvolution mask(Gaussiarkernel)of size3x3 pixelsis used(in the ReadingPeopleTracker). One

propertyof a Gaussiarkernelis thatit formsaweightedaverageoverall pixelswithin thekernelthat

weightspixelsatits centermuchstrongerthanpixelsatits boundarie$31].

Figure4.13shows evaluationresultsfor videosequencéype 1. Thehistogramshown averagdocalized
object-basegrecisionandrecallwhena ltering techniquds enabled1) anddisabled0).

Analysis

Median Itering motionimagesandblurring videoimagesresultsin similar valuesfor precisionand
recall. In general blurring, i.e. corvoluting animage,is an expensve operation.Using a median Iter is
lessexpensve. Thus,blurring is disabledn furtherevaluations.

Figure 4.13 alsoillustratesthat using dilation resultsin lower precisionandrecall. Consider gure
4.14.1t shavsframes50to 53 of videosequenc®/5. The rst two rows shav effectsof disablingdilation.
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Rows threeandfour re ect effectsof enablingdilation. In the caseof disablingmotionimagedilation, the
region thatis extractedfrom frame50 is too small. The persons legs aremissing. A shapes tted into
this region by the Active ShapeTracler. In thefollowing frames the Active ShapeTracker keepstracking
theperson.No new regionis extractedby the Motion Detectorthustheboundingbox of the (wrong) tted
shapds propagatedAlthoughtheresultsof disablingdilation arepoor, groundtruth recallis increasediue
to equatiord.24. Groundtruth objects(actuallyportionsof groundtruth objects)are moreoften detected
whendisablingdilation. In the caseof enablingdilation, no trackingoutputis generatedor frames51 and
52,i.e. recallis lower. But the trackingoutputfor frames50 and53 does t the walking personmuch
preciser As aresultof this evaluation,motionimagedilation will be enabledn furtherevaluationsanda
smalllossof recallaccepted.

frame50 frame51 frame52 frame53

Figure 4.14: Effects of disabling and enabling motion image dilation. The gur e showseffects
of disabling ( r st two rows) and enabling (secondtwo rows) motionimage dilation. Disabling motion
image dilation resultsin poor tracking results. The size of the detectedmoving region is too small to
containthewhole person. Thelegs are missing TheActive Shapéelradker ts a shapeinto this too small
region. Recallis higher becausamore tradking outputis genemtedfor the wholeframespan. Enabling
dilation resultsin extracting a region of correct size(frame50). The Active ShapeTracker failsto t a
personinto this region. TheRegion Tracker in turn fails to detectregionsfor frames51 and 52. Thus,no
tracking outputis geneited. Groundtruth recallis lower but thetradking outputfor framess0and53 ts

thewalking personmud preciser Motionimage dilation is therefore enabledn further evaluationsanda
smalllossof recall accepted.
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Figure 4.15: Benets of Active Shape Tracker and Human Feature Detector on tracking
performance for video sequence type 3. The gure showsresultsfor average localizedobject-
basedprecisionandrecall whendisabling(0) and enabling(1) the Active ShapeTracker andthe Human
Feature Detector Usingthe Active ShapeTradker clearly increasesecall. Precisionis not mud affected.
Thegain of enablingthe HumanFeatuie Detectorin additionto the ActiveShapelracker is only maminal
for thistypeof videosequence

4.6 Bene ts of Active ShapeTracker on Tracking Performance

TheActive ShapeTracker usesheoutputof the Region Trackerandthe HumanFeatureDetectorto initial-
ize atrack. Onceatrackis initialized for frame , the Active ShapeTracker predictsits positionfor frame

usinga Kalman lter (seesection3.4.1). If the Region Tracker fails to detecta region, i.e cannot
matcha predictionwith a measuremerftom the Motion Detector it consultsthe Active ShapeTracler. If
the Active ShapeTraclker successfullytracksthe person the boundingbox of the tted shapeis takenas
thenew positionof theregion. This caseis shavnin gure 4.17. A framewise evaluationis performedon
videosequenceype 3.

Analysis

Figure4.15shavsresultsfor averagdocalizedprecisionandrecallwhenthe Active Shapélrackerand
the HumanFeatureDetectoraredisabled(0) andenabled(1). Enablingthe Active ShapeTracker clearly
increasesecall. The gainof enablingthe HumanFeatureDetectorto improve shapenitialization is only
mauginal. Theincreasen recallcanbe explainedconsideringgure 4.17. Thetop row shovsthetracking
outputfor frames56 to 60 whenthe Active ShapeTrackeris disabled.Only theRegion Trackeris enabled.
The middle row shaws the resultswhenthe Active ShapeTracker is enabled.The bottomrow shows the
trackingoutputasproducedby the ReadingPeopleTracker (Active ShapeTracker enabled).The Region
Tracker cannotdetectaregion for frames57 to 59 becauséhe Motion Detectordoesnot extracta moving
region. No trackingoutputis generatedn this case.Whenenablingthe Active ShapeTracler, it succeeds
to t ashapeinto theregion detectedby the Region Tracker. Frame56 showvs the tted shapeaswell as
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the surroundingooundingbox. For subsequerframes the boundingbox of the tted shapds usedasnew
positionfor thelostregion of frame56.

Theprecisionof thetrackingoutputdoesnotchangevhenenabling/disablinghe Active ShapéeTracler.
In either case,the precisionof the output boundingboxesis the same. More valid tracking outputis
producedwhenusingthe Active ShapeTracker. The groundtruth is well approximatedor the depicted
framespan.Dueto equatiord.24a higherrecallis reachedGroundtruth is moreoftendetected.

Anotherbene t of usinganActive ShapeTrackeris whenpeoplearetemporallyoccluded Figure4.18
shaws one personpassingbehinda column. The Active ShapeTracker is disabledfor gure 4.18a.The
partof thepersonsoutlinein gure 4.18bwhichis againvisibleis sufcient to t ashapeHencethetrack
thatwaslost whenthe personwasalmostcompletelyoccludedis re-gainedfaster Thisin turnincreases
overallgroundtruthrecall.

The sameframewise evaluationis accomplishedor video sequencaype 4. This type of sequence
shavs two personswvho crosseachother Theresultsfor averagelocalizedprecisionandrecallareshavn
in gure 4.16.Basically thesameargumentsapplyto theresultsin gure 4.16.Groundtruthrecallis again
higherwhenusingthe Active ShapeTracker becausgeoplearetracked morestable. Precisionincreases
aswell. Thisis, becausehe morenarrav boundingboxesof tted shapesaretaken astrackingoutput
whenthe Region Tracker fails to detectregions. Anothersituationoccursasshavn in gure 4.19. At the
beginning,thetwo personsaresuccessfullyracked,but asthey cross they arenomoreassociateavith the
sameidentity.

60

mmm—— precision
m—— recall
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average localized object-based precision/recall

10 e

0. 1 (] &.
use_active_shape_tracker use_human_feature_tracker

Figure 4.16: Benets of Active Shape Tracker and Human Feature Detector on tracking
performance for video sequence type 4. The gure showsresultsfor average localizedobject-
basedprecisionandrecall whendisabling(0) and enabling(1) the Active ShapeTradker and the Human
Feature Detector Using the Active ShapeTradker for this type of video sequenceloesagain increase
recall. Precisionis notmud affected.
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frame56 frame57 frame58 frame59 frame60

Figure 4.17: Effects of disabling and enabling the Active Shape Tracker on tracking per-
formance . Thetop row illustratesthe effectsof disablingthe Active ShapeTradker. No tradking output
is genematedfor frames57 to 59. Theeffectsof enablingthe Active ShapeTradker is shownin the middle
row. In the casewhele the Ragion Tracker fails to detecta region (frames57 to 59) the boundingbox of
the tted shapeis taken as new positionfor the (lost) region. Thetracking outputasis producedby the
ReadingPeopleTradker whenenablingthe Active ShapeTradker is shownin the bottomrow:

@ (b)

Figure 4.18: Benet of the Active Shape Tracker when people are temporall y occluded. The
gur e showsonepersonwhich is tempoally occludedwvhenpassingbehinda column. For theleft image,
the Active ShapeTradker is disabled. Whenthe Active ShapeTracker is enabled the tradk that waslost
whenthe personwasalmostcompletelyoccludeds fasterre-gained.The person's outline which is again

visibleis sufcient for shapetting .
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(a)frame98 (b) frame100 (c) framel04 (d) frame 105
(e) framel106 (f) framel07 (g) frame108 (h) frame 109
() framel1l (j) framel12 (k) frame113 () frame120

Figure 4.19: Change of identity . The gure showstwo personswho crosseadt other The Active
ShapeTradker successfullyracksthe personsin frames98to 104. In framel05,theleft personis slightly

occludedby theright one TheActiveShapelracker fails to t a shapeto theleft person.In framel06,the

Motion Detectorextractsthe two personsasonelarge region. TheRaion Tracker “knows” there should
betwo persons.It usesregion meging and splitting (section3.2.1)to keepdetectingthem(frames107to

111). In frame 107, the Active ShapeTradker then ts a shapeto both persons. In frames108 and 109,

onlythe personin thefrontis detectedyy the ActiveShapelracker. Butthe personin thefrontstill hasthe

correctidentity(yellowshape)In framelll,a shapes again (poorly) tted two bothpersons.Theperson

in the badk now getsthe identity of the personin the front (frame113). Frame120 showstwo completely
new identities. The Active ShapeTradker again detectgheleft person,but shapetting is poor becausef

verylow image contrastbetweerthe person's pullover andthe badkground.






Chapter 5

Conclusionsand Futur e Work

The implementedcapturingand calibration ervironmentis useful to rapidly capturevideo sequences.
The used programmingAPI's video4linux and ffmpeg are very powerful and in the case of
video4linux well documentedTheffmpeg library, althoughstate-of-the-artis poorly documented
andhardto understandvithout additionalknowledgeaboutvideoencodinganddecodingstandards.

Theproblemghatarisein implementingT sai's algorithmto performcameracalibrationaremostlik ely
to occurin earlierstagesThe calibrationalgorithmis very sensitve to inaccuraciesn inputimagepoints.
Selectingpoints of very high accurag is crucial. The techniqueto selectthis inputimagepointsat the
momentis to t linesto edgesof a checlerboardcalibrationtarget. Theselines arethenintersectedo
obtainthe desiredinputimagepoints. Onemajor problemwith this approachis largely dueto effectsof
videoimagedistortion. The intersectionof lines doesonly resultin accuraténputimagepointsif those
pointswhich de ne the lines itself are undistortedrst. Therefore,an approximationfor the distortion
coefcient  needsto be calculatedprior to approximatingt by cameracalibration. This proceduran
turnis very errorpronebecausegain,a setof imagepointsmustbe manuallyselectedrst. This means,
theerrorcausedy animpreciseprior approximatiorfor  is alsore ectedin theaccurag of inputimage
pointsobtainedby intersectindines.

To overcomethis kind of error, future work may investigatedifferenttechniquesf automaticimage
featurepoint extraction without userinteraction. This would resultin fasterand more accuratecamera
calibration.

Settingup the ReadingPeopleTracker from scratchis not easy Many parameterg> 100) needto
be correctlyset. The codeitself is well documentedndpropercodeengineeringaspectsverefollowed.
Besideghesepurelytechnicaldetails,the overall trackingoutputcreatedoy thefour co-operatingracking
moduleggyivesenoughroomfor interpretation Thetrackingprocesstartwith motiondetection.Thecalcu-
lation of the binarymotionimageis crucial. Themotionimageis calculatedoy thresholdinghedifference
image. Using a too small or too large valuefor this threshold(parameteDETECT_DIFF_THRESHTre-
sultsin mis-detection.Eithertrue moving foregroundis ignoredor wrong staticbackgrounds identi ed
asforeground. In addition, the minimum and maximumtracked region size shouldbe properlyset. The
statisticalmodelwhich is usedin this thesisto approximateminimum and maximumregion size gives
meaningfulvalues.

The effectsof usingdifferentimage ltering techniquesor motion andvideo imagesare mostobvi-
ousfor motion imagedilation. Dilating motion imagesresultsin more contiguousforegroundregions.
Extractedregionsaremorelikely of correctsizewhichis importantfor subsequerntackingsteps.

Thenext stepin thetrackingprocessnvolvesthe Region Tracker. Theregionsextractedby the Motion
Detectoraretracked over time by the Region Tracker. Region meming and splitting helpsto overcome
problemsduring motion detectionwhen peoplestandingcloseto eachother are extractedas one large
region. Futurework would surelyhave to dealwith this partof the systemin moredetail. Especiallythe
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bene tsof region meming andsplitting needso be analyzedor multi-peoplesequences.

TheReadingPeopleTrackerclearlybene tsfrom theuseof the Active ShapeTracler. If tracksarelost
by the Rggion Tracker, the Active ShapeTracker constantikeepstrackingthe person.Anotheradvantage
of usingthe Active ShapeTrackeris apparentvhenpeoplearetemporallyoccluded.n this caseosttracks
arere-gainedaster becaus@otthewhole personoutlinesneedgo bevisible for shapetting. Thisin turn
haslarge effectson groundtruth objectrecallwhichis clearly highet

The HumanFeatureDetectorhasthe smallestin uences on overall tracking performance.The gain
whenenablingthis trackingmoduleis only mamginal for the analyzedvideo sequencesMore evaluations
shouldbe accomplishedvherepeopleappearin largergroups. It is assumabl¢hat for this type of video
sequencethe Human FeatureDetectorstrongeraffects overall tracking performancepecauseof better
identifying andseparatingnultiple persondy detectingmultiple headpositions.

Futurework shouldalsoinvestigatahein uencesof othertrackingparametersn overalltrackingper
formance.Trackingoutputshouldbe analyzedor video sequenceshaving situationsof highercomplex-
ity (mary people,groupsof people peopleoccludingwith background).ln addition,not only framewise
evaluationsshouldbe performedbut alsotrackingevaluations.This meanshow well the ReadingPeople
Tracker keepstrackingthe sameidentities(personspcrosamultiple frames.



Appendix A

Additional Precisionand Recall Curves

Thefollowing list givesinformationaboutthe gures in this appendix.

Figure A.1: The gure shaws precisionand recall curves of the detectiondifferencethreshold
evaluation(DETECT_DIFF_THRESMof section4.4.1. The thresholdis evaluatedin the range
. A framewise evaluationis accomplishean videosequencéype 1.

FigureA.2: The gure illustratesprecisionandrecallcurvesfor the minimumregion sizeevaluation
(MIN_REGION_SIZE) of section4.4.2.Again, aframewise evaluationon videosequencgypel is
performed MIN_REGION_SIZE is variedin therange

FigureA.3: This gure shows the 3-dimensionaprecisionandrecall surfacesfor the evaluationof
section4.4.3. The detectiondifferencethresholdis evaluatedagainstthe region meme threshold
(REGION_MERGE_THREp®bh videosequenceéypel.

The thicker red curvesin gures A.1 and A.2 show the averageover all video sequencesf video
sequenceype 1. Thosevideo sequencem which all personsarewalking from the samestartpositionto
thesameendposition(referto gure 4.3)areplottedin the sameline color.
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Figure A.1: Precision and recall curves for the detection diff erence threshold evaluation.
The top row showspixel-basedprecisionand recall. The middle row object-basedand the bottomrow
localizedobject-basegbrecisionandrecall.
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Figure A.2: Precision and recall curves for the minim um region size evaluation. Thetop
row showspixel-basedprecisionand recall. Themiddlerow object-basedind the bottomrow localized
object-basedgrecisionandrecall. Video sequencé/12 showsthe sharpesthendbetweer.04and 0.06.
V11is almost at within thisinterval.
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Figure A.3: Precision and recall surfaces for the region merge threshold vs. detection
diff erence threshold evaluation. Thetop row illustratesaverage pixel-basedprecisionand recall
wheleasthe bottomrow showsaverage object-basegbrecisionandrecall.



Appendix B

Building the Rotation Matrix from
Yaw, Pitch and Roll Angles

If asolutionfor theyaw, pitch androll angles and isfound,the matrix elements of
theorthonormakotationmatrix  (section2.1.1)canbe computedn thefollowing way.

(B.1)






Appendix C

CCTool User Manual

CCTool is a Qt applicationto captureand encodevideo sequenceandto perform cameracalibration.
Tsai's perspeciie pin holecameramodel[12] is usedto calibratea Sory EVI-D100Ppan-tilt-zoom(PTZ)
camerd40, 41]. Therequiredsoftwareto run CCTool is Qt [43], video4linux [44] andtheffmpeg
libraries[45].

WhenstartingCCTool thewidgetin gure C.1is displayed.After selectingthe propervideodevice
andchannelfrom the “CaptureControls”box, the captureccameramagesareshowvn in the“Video” box.
Thecamera(sganbe controlledby the buttonsandslidersin the“CameraControls”box. Thecamerahat
is to be controlledmustbe selectedn the “VISCA tree” box. To panor tilt the camerathe buttonsin the
“Pan/Tilt Drive” boxareused.Pan/tilt speedcanbeadjustedy thecorrespondingliders.White balancing
is performedby selectingoneof four methodsin the “Exposure”box.

Having adjustedthe cameraposition,the capturedvideo imagescanbe encodedoy choosinga video
lename and pressingon the “Start Encoding”buttonin the “Encoding Controls”box. If the lename is
givenwithout extension MPEG-1videoencodings used.Otherwise the propervideoencodingformatis
choserautomaticallyfrom the le extension.The supportecencodingformatsarefoundin [45].

By pressingon the “Calibrate Camera’buttonthe widgetin gure C.2is displayed.The currentcap-
turedvideo imageis shavn in the “Image” box. To load or save an image,the controlsin the “Main
Controls” box are used. Before lines canbe selectedhe grid size of the cameracalibrationtarget must
be set. FigureC.2 shavs a checlerboardcalibrationtarget of 7x7 cornerpoints. Two waysexist to select
linesin theimage:eitherby directly clicking pointslying onaline andpressinghe“Add Line” button, or
by loadingpreviously clicked pointsfrom le. Thisis achiezedby selectingthe“Image PointsFromFile”
checkbox andenteringthe lename in thetext eld aside.Having selectedhe lines,the imageneedso
be undistortedby pressinghe “Undistort Image” buttonin the “Distortion Controls”box. The calculated
distortioncoefcients and areshownin thecorrespondingext elds. It is alsopossibleto enterthe
coefcients directlyandto undistorttheimage.In thiscasenonew calculationoof and areperformed.
It is importantto saythatall imageoperationsarealwaysperformedon the currentdisplayedimage. All
imagesarestoredandcanbere-displayedy pressinghe“Switch View” buttonin the“Viewer Controls”
box.

To t the grid to the strongestdgesof the checlerboard,pressingthe “Fit Grid” button shaws the
selectedyellow) lines tted to edgesof the checlerboard.If theresultis insufcient, the number(#) and
lengthof the normallines (red) canbe adjusted.The lengthof the normallinesis speci ed by adjusting
alow (L) anda high (H) value. The stepsize(S) thatis usedto samplealongthe normallines canalso
be speci ed. The groundplane must be speci ed before performingcameracalibration. This is done
by selectinghe “ChooseGroundPlane”checkbox andclicking the outermospointsof thegroundplane.
Pressinghe“CalibrateCamera’buttonrunsthe Tsaicalibrationsoftware[17]. Theapproximateaxtrinsic
andintrinsic camergparametergarestoredin the le cam_cp.dain thecurrentdirectory
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Figure C.1: Video capturing and encoding part. The gure showsthe widget that is displayed
whenCCTool is started. Thecapturedvideoimagesare displayedin the“Video” box. Captuie controls
are usedto selectthevideodevice and channel.Encodingcontiols specifythe formatof theencoded/iideo
stream. The le extensionof the usersupplied lename is usedto automaticallyselectthe proper video
encodingformat. Furthermoe, the camen(s) are controlled by the buttonsand sliders in the “Camera
Contols” box. Whenthe positionof the camen is xed, it canbe calibratedby pressingthe “Calibr ate

Camen” button.



65

Figure C.2: Grid tting and camera calibration part. Thewidgetshownin this gureis displayed
whenthe “Calibr ate Camen” button of the main applicationwidget ( gur e C.1) is pressed.Thecurrent
captuedvideoimage is displayedin the “Image” box. Is is changed by usingthe controls in the “Main

Contols” box. Linescanbe speci edby directly clicking pointsin theimage or by readingin previously
clickedimage pointsfrom le. Theimage mustbe undistortedbefoie the grid canbe tted to edgesof the
chederboar. After havingspeci edthegroundplang thecamen s calibratedby pressinghe“Calibr ate

Camen” buttonin the“Tsai Contmols” box.






Appendix D

Program List

CCTool: Capturingand calibrationapplicationto capturetest video sequenceso evaluatethe
ReadingPeopleTracker. Video frame acquisitionis implementedusingthe video4linux API
[44]. Encodingof individualvideoframesis implementedisingtheffmpeg library [45]. The Sory
PTZ camerasrecontrolledby the VISCA protocol. Referto appendixC for a shortusermanualof
CCTool.

bbstatistics: ShortPerlprogramthatimplementghestatisticaimodelexplainedin sectiord.4.2. All
XML les thatcontaingroundtruth dataneedto bespeci edin thecode.A groundtruth objectis de-
ned asarectangulaboundingbox of known width andheight. The programcalculateghe average
groundtruth objectareaaswell asits standarddeviation. The averagegroundtruth objectheight-
to-width-ratiois calculatedaswell. The parameter/IN_REGION_SIZE, MAX_REGION_SIZE
MIN_HEIGHT_TO_WIDTHandMAX_HEIGHT_TO_WIDTIdf the Motion Detector(section3.1)
canthenbeadjustedappropriately

mkdaevaluation2D: Perl scriptto perform evaluationswith respectto a seriesof valuesfor one
trackingcon guration parameterThe scriptchangeshe parameteto userde ned values,oneafter
theother runsthe ReadingPeopleTrackerandstartsViPER to calculatethe performancemetricsof
sectiord.1. Having performedo seriesof evaluationsthe scriptautomaticallygenerateplotsusing
GnuPlot .

mkdaevaluation3D: A slightly modi ed versionof mkdaevaluation2Dto run evaluationswith re-
spectto a seriesof valuesfor two trackingcon guration parameters.

overlaybbs: Small C++ applicationthat overlaystracking outputboundingboxesof differentruns
of the ReadingPeopleTrackertogethemith groundtruth ontothe samevideoimages.

mkdaoutputmovie, mkdamotionmovie, mkdadiffer encemaie: Shellscriptsto generatdéPEG-1
moviesof thesetsof individualvideo,motionanddifferencamagesproducedy theReadingPeople
Tracker. Theffmpeg librariesareusedto encodeghe movies.

RPY_Transform: ShortC programthattakestheroll, pitchandyaw angles , and (section
2.1)andcalculateghe elements of therotationmatrix asdescribedn appendixB.

mkdaevalscene: Shell script takes one MPEG-4 testvideo sequenceand splits it into individual
videoframes.Theseindividual framesareusedby the ReadingPeopleTracker. In additionthescript
generatesan MPEG-1movie usedby VIiPER.






Appendix E

Task

E.1 Intr oduction

In recentyears,(semi-)automaticzisual surweillance systemhave gainedincreasingimportance. Since
video camerasave becomenexpensve andwidely available,the amountof datato be processedhasin-
creasednassvely. Still, availablesystemsarefarfrom beingrobustandreliableif appliedto unconstrained
real world scenes.Oneof the mostchallengingtasksin this areais to track simultaneoushan arbitrary
numberof peopleat a crowded place,e.g. an undegroundstation,train stationor airport. The goal of
this projectis to evaluatequantitatvely and qualitatively the performanceof a state-of-the-artracking
algorithmwith respecto suchsurnwillancescenarios.

E.2 TaskDescription

The thesisconsistsof three major work packagesand shouldresultin an improved implementationof
the appearancenodelfor humansusedfor the MANTIS peopletracker [1]. Theindividual packagesre
detailedasfollows:

1. Capturing & Calibration Environment. In thevery rst stageof thethesisasuitableervironment
for capturingtestsequencebasto be built. The resultingapplicationshouldprovide evenlessex-
perienceduserswith meansfor capturingvideo sequencefrom a Sory EVI-D100P pan-tilt-zoom
(PTZ)camerd40, 41]. Furthermorethetool hasto provide functionalitiesfor semi-automaticam-
eracalibrationwith sub-pixel accurag usinga checlerboardtarget. The following requirements
haveto bemet:

Key classedaveto t into the MANTIS trackingframework which alsosenesasa basefor
thewholeimplementation.

The graphicaluserinterface(GUI) hasto be implementedusing Qt, the cross-platformGuUI
toolkit developedby Troll Tech[43].

Imageacquisitionhasto beimplementedisingthe video4linux 2 API [44].
Encodingvideosequences implementedisingtheffmpeg library [45].
Camereacalibrationhasto bedonewith sub-pixel accurag.

As partof theMANTIS API, aHTML documentatiotasto begeneratedor all implemented
classes.
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2. Evaluation of the ReadingPeopleTracker. In the secondandmorescienti ¢ partof thediploma
thesis,the ReadingPeople Tracker [26, 3] will be evaluatedqualitatvely and quantitatively. This
evaluationcanbe subdvidedinto thefollowing work packages:

(a) Settingup the ReadingPeopleTradker. Besidessettingup the actualtrackingsystem- which
is availableas sourcecode,reviewing the relatedliteratureis part of this step. Building up a
soundunderstandingf the underlyingalgorithmsandconceptss fundamentafor laterwork.

(b) De nition and acquisitionof a testbed. A reasonablesetof testingsequencese ecting the
visualsunwillancetaskin a public ervironmentwill bede ned togethemwith thetutor. After-
ward, the sequencevill be capturedusingthe capturingandcalibrationtool developedin the

rst partof thethesis.

(c) EvaluationoftheReadingPeopleTradker. In this nal steptheReadingPeoplelrackeris eval-
uatedusingthe sequencesapturedn the previous step. Focusof the analysisis thetracker's
performancevhenappliedto crowdedscenesThe exactprocedurdor evaluationwill bedis-
cussedvith thetutor but shouldprovide answergo the following questions:

How well performsthe ReadingPeopleTrackerin avisualsuneillancescenario?
Whatarethelimiting factors?Underwhich conditionsis the performanceof the tracker
good,or badrespectiely?

Which partsof the tracker provide how muchto the result? In particular: How is the
performancef the Active Shapemodule?

Is it reasonabléo usean Active Shapemodelfor improving the tracking performance
of MANTIS? Are there promisingextensionsto the basicmodel (e.g. additionalcolor
model)?

3. Integration of Active ShapeModelsinto MANTIS. If the performancenalysisof Active Shape
modelsis promising,they shouldbe integratedinto MANTIS. If the outcomeof the evaluationis
not satishctory therestof the thesisshouldbe spendwith searchingor alternatve ideasfor robust
appearancenodels.

The Thesisbegins on the 31.2.1972.1t shouldendby 45.8.2012. A diplomaThesisis to be concluded
with a nal reportandpresentationSeethe PCCV Guidelinesbelow for details. By signingthe student
andtutor agreeon thetaskdescriptionandcon rm to have readandunderstoodhe PCCV Guidelinesfor
diplomaTheses.

Zirich,31.2.1972

TheStudent TheTutor
No Student No Tutor



References

[1] Martin SpenglemandBerntSchiele AutomaticDetectionand Tracking of Abandonedbjects.
Workshopon Visual SuneillanceandPerformancévaluationof TrackingandSurwillance,
October2003,Nice, France.

[2] MichaellsardandJohnMacCormick.BraMBLe: A BayesiarMultiple-Blob Tracker. In IEEE
InternationalConferencen Computeiision, ICCV, Vol.2, p.34-41,2001.

[3] ReadingPeopleTradkerv. 1.25- SouceCode
http://www.cvg.cs.rdg.ac.uk/~nts/P eopleT racki ng/

[4] A.M.Baumbeg. LeedsPeopleTracdker.
http://www.scs.leeds.ac.uk/imv/pub licati ons.h tml

[5] AnintegratedTrafc andPedestrianvision System.
http://lwww.scs.leeds.ac.uk/imv/

[6] A.M.Baumbeg andD.C.Hogg.An Ef cient Methodfor ContourTracking usingActiveShape
Models.In EuropearConferenceon ComputerVision, April 1994.

[7] A.M.Baumbeg andD.C.Hogg.Learning e xible modelsfromimage sequencesn European
Conferenceon ComputetVision, October1993.

[8] T.FCootesA.Hill, C.J.TaylorandJ.HaslamTheUseof ActiveShapeViodelsFor Locating
Structuesin Medicallmages.In ImageandVision Computing,Vol.12,No.6, July 1994,p.355-366.

[9] T.FCootesC.J.Taylor, D.H.CooperandJ.GrahamTraining Modelsof Shaperom Setsof Examples.
In British MachineVision ConferenceSpringerVerlag,1992,pp.9-18.

[10] Mikkel B.StggmannandRuneFisker. On Propertiesof ActiveShapeModels.In IMM technical
report12/2000.

[11] RogerY. Tsai.An Ef cient and Accurate Camenr Calibration Techniquefor 3D Machine Vision. In
Proc.InternationalConferencen ComputeVision andPatternRecognitionMiami BeachFL,
1986,p. 364-374.

[12] RogerY. Tsai.A versatile Camer Calibration Techniquefor High-Accuicy 3D Machine Vision
Metrology Using Off-the-ShelfTV CameasandLensesiIn IEEE Journalof Roboticsand
Automation,Vol. RA-3, No. 4, August1987,p.323-344.

[13] BertholdK.P.Horn. Tsai's camen calibration methodrevisited.
http://www.ai.mit.edu/people/bkph/ course s/Art icles /tsaie xplai n.pdf

[14] MichaelTapper Phillip J.McKerron andJo Abrantes ProblemsEncounteedin the Implementation
of Tsai's Algorithmfor Camea Calibration. In AustralasiarConferenceon Roboticsand
Automation,2002.



72 REFERENCES

[15] R.G.Wllson andS.A.ShaferA PerspectiveProjectionCamen Modelfor ZoomLensesin
Proceeding$econdConferenceon Optical 3-D MeasurementechniquesZurich Switzerland,
October1993.

[16] ChrisNeedhamCalibrating a camea usingthe TsaiCalibration softwae.
http://www.comp.leeds.ac.uk/chrisn [Tsail

[17] TsaiCamen Calibration Softwae.
http://imwww-  2.cs.cmu.edu/~rgw/TsaiCo de.htm |

[18] GudrunKlinker. PraktikumAugmentedReality—-Camea Calibration.
http://wwwbruegge.in.tum.de/projec ts/leh rstuh l/twi ki/bin  view [/
Lehrstuhl/GudrunKlinker

[19] David DoermanrandDavid Mihalcik. Toolsand Techniquesfor Video PerformanceEvaluation.In
Proc.InternationalConferencen PatternRecognition\ol.4,2000,p.167-170.

[20] Vladimir Y.Mariano,JunghyeMin, Jin-HyeongPark, RangachaKasturi,David Mihalcik, Huiping
Li, David DoermanrandThomasDrayer PerformanceEvaluationof ObjectDetectionAlgorithms.
In ProcinternationalConferencen PatternRecognitionVol.3, 2002,p.965-969.

[21] Guideto AuthoringMediaGroundTruth with VIPER-GT .
http://viper- toolkit.sourceforge.ne t/docs /

[22] PerformanceEvaluationManual.
http://viper- toolkit.sourceforge.ne t/docs /

[23] RichardH.Bartels,JohnC.BeattyandBrian A.Barsky. Anintroductionto splinesfor usein computer
graphics& geometricmodeling MorganKaufmannPublisherdnc. 1987.1ISBN 0-934613-27-3.

[24] PeterS.MaybeckStotasticmodels gstimationandcontrol. Mathematicsn Scienceand
EngineeringVol. 141.1979.
http://www.cs.unc.edu/~welch/kalma n/mayb eck.h tml

[25] Martin SpenglerSelf-OganizedSensorntegration Appliedto Multi-Modal Head Tracking.
DiplomaThesis.July 2001.
http://www.vision.ethz.ch

[26] Nils T.SiebelandS.MaybankFusionof Multiple Tracking Algorithmsfor RolustPeopleTradking.
In ECCV Vol .4,2002,p.373-387
http://www.ks.informatik.uni- kiel.d e/modules.p hp/na me+Mit arbei ter,
func+hp, mid+22

[27] Nils T.Siebel.Designand Implementatiorof PeopleTracdking Algorithmsfor Visual Surveillance
Applications.
http://www.ks.informatik.uni- kiel.d e/modu les.p hp/na me+Mit arbei ter,
func+hp, mid+22

[28] TugdualLe Bouffant,Nils T.Siebel,StepherCookandStere Maybank.ReadingPeopleTracker
versionl.12RefeenceManual.
http://www.ks.informatik.uni- kiel.d e/modules.p hp/na me+Mit arbei ter,
func+hp, mid+22

[29] Larry Davis, VasanttPhilominandRamaniDuraiswami. Tracking humansroma moving platform.
In Proc.InternationalConferencen PatternRecognition 2000.

[30] DonnaJ.Williams andMubarakShah A FastAlgorithmfor ActiveContouss and Curvatue
Estimation.ln ComputerVision, GraphicsandimageProcessingyol. 55,n0.1, 1992.



REFERENCES 73

[31] David A.ForsythandJeanPonce ComputeMision—AModernApproac. Prentice-Hall2003,ISBN
0-13-085198-1.

[32] Andrew Blake andMichaellsard.Active Contouss. Springer Berlin Heidelbeg New York, 1998.

[33] Quick StartGuide
http://viper- toolkit.sourceforge.ne t/docs /

[34] ScriptingViPER.
http://viper- toolkit.sourceforge.ne t/docs /

[35] TheVIiPER File Format.
http://viper- toolkit.sourceforge.ne t/docs /

[36] B.Georis,F.BrémondM.ThonnatandB.Macq.Useof an Evaluationand DiagnosisMethodTo
Improve Tracking PerformanceProceedingsf VIIP'03- 3rd IASTED InternationalConferencen
VisualizationmagingandimageProceeding2003.

[37] BenoitGeoris.Towardsan Evaluationand RepairFramevork for Video Interpretation.

http://www-  sop.inria.fr/orion/Publi cation s/Art icles /deage oris. htm
[38] AndreaslochheimMichael Gerke andAndreasBischof. Modelingandsimulationof robotic

systems.

http://prt.fernuni- hagen.de/lehre/K URSE/PRTO001/cour se_mai n/

[39] Gemly VassandTamasPerlaki.Applyingandremaing lensdistortionin postproduction.In The
SecondHungarianConferencen ComputerGraphicsandGeometry2003,Budapest.

[40] Sory Corp.SonyEVI-D100/100PTechnical Manual.
http://www.sony.net/Products/ISP/p dffi_m anual /D100 _techn ical_
manual_E.pdf

[41] Sory Corp.SonyEVI-D30/31Command.ist.
http://www.sony.net/Products/ISP/p df/com mandlist/C LEVID30E.pd f

[42] NumericalRecipedHomePage.
http://lwww.nr.com/

[43] TrolltechQT RefeenceDocumentation.
http://doc.trolltech.com/3.2/index .html

[44] Video4LinuxAPl.
http://bytesex.org/v4l/

[45] ffmpey MultimediaSystem.
http://ffmpeg.sourceforge.net

[46] GnuPlotUserGuide
http://phi.sinica.edu.tw/aspac/rep orts/9 4/940 02/

[47] GnuPlot—notsoFrequentlyAsked Questions.
http://t16web.lanl.gov/Kawano/gnup lot/in  dex- e. html

[48] Cinelerav. 1.1.8.
http://heroinewarrior.com/cinelerr a.php3

[49] Kinov.0.7.0.
http://kino.schirmacher.de/

[50] NAG Fortran Library Mark 20 Documentation.
http://www.nag.co.uk/numeric/fl/ma nual/h tml/F Llibr arymanual.a sp



74 REFERENCES

[51] LAPACK-LinearAlgebra PACKage.
http://www.netlib.org/lapack/

[52] GNU Scienti c Library v. 1.4 RefeenceManual.
http://www.gnu.org/software/gsl/ma nual/lg sl- ref _toc. html



