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Abstract

Peopletrackingis onemajorpartof visualsurveillancesystems.A numberof differentpeopletrackersexist
nowadays.Oneof thosemulti-peopletrackersis theReadingPeopleTracker. It consistsof four individual
co-operatingtrackingmodules.Weaknessesof onemodulearetherebycompensatedby the strengthsof
anotherone. The Motion Detectorperformsbackground-foreground segmentationto extract moving re-
gions. The Region Tracker tracksthe regionsfrom the Motion Detectorover time. Region merging and
splittinghelpsto overcomeproblemsduringmotiondetection.TheHumanFeatureDetectordetectspossi-
bleheadpositionsin moving regions.But thefundamentaltrackingmoduleof theReadingPeopleTracker
is the ActiveShapeTracker. It usesa 2D appearancemodelof humanbeings,the ActiveShapeModel.
A person's outlinesarerepresentedby anActiveShapewhich is actuallya closedparameterizedB-spline
curve. An additionalfeatureof the ReadingPeopleTracker is its useof cameracalibrationto perform
imagemeasurements.This diplomathesisevaluatesqualitatively andquantitatively the ReadingPeople
Tracker. In orderto performtheevaluation,a largesetof testvideosequencesis captured.A capturingand
calibrationenvironmentis implementedto rapidly capturevideosequences.Cameracalibrationis accom-
plishedusingTsai's perspectivepin holecameramodel.A particularmethodis explainedto eliminatethe
effectsof radial lensdistortion. Input imagepointsto thecalibrationalgorithmarecomputedin sub-pixel
accuracy by �tting lines to a checkerboardcalibrationtarget. The focusof the evaluationpart is put on
theMotion DetectorandtheActive ShapeTracker. Evaluationsareaccomplishedby comparingtracking
outputobjectswith asetof groundtruth objectsaccordingto differentperformancemetrics.Thesemetrics
arepixel-basedaswell asobject-based.TheViPERpackageis usedto annotatetestvideosequencesand
to computetheevaluationperformancemetrics.
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Chapter 1

Intr oduction

We live in a dangerousworld. Thedemandfor visualsurveillancesystemsis still growing. Airports, train
stations,courtsandpublicbuildingsareonly few examplesof placeswheresecurityhasanextremelyhigh
priority. Securitysystemsmustprovide a high degreeof reliability to becredible. This meansfor visual
surveillancesystemsto minimizefalsealarmsasmuchaspossible.This is especiallytruefor systemsthat
provideautomaticalarmingmechanisms.

Onemajor part of visual surveillanceis peopletracking. A peopletracker mustbe ableto dealwith
many differentsituations.Simplesituationswhereonly onepersonappearsin thescene,andverycomplex
situationsasmultiple peoplein scene,large groupsor peopleoccludingeachother. Trackingpeoplein
real-timeis alsoa very importantrequirementof a trackingsystems.

Therearenowadaysa lot of differenttrackingsystemsusingdifferentapproachesto overcomemajor
trackingproblems.ThePCCV-Tracker [1] is basedon a Bayesianmulti-peopletracker. Thehumanbody
is modeledas a cylinder with threesegments: Legs, torso and head. In addition, a blob-basedobject
detectionsystemallows to detectabandonedobjectsin thescene.BraMBLe[2] is anothertracker which
usesaBayesian�lter for trackingmultiple objects.

Thegoalof thisdiplomathesisis to evaluatequalitativelyandquantitatively theReadingPeopleTracker
[3] which is originally basedon theLeedsPeopleTracker [4, 5]. Thefundamentalpropertyof theReading
PeopleTracker is its useof a 2D appearancemodelof humanbeings.TheActiveShapeModelrepresents
theshapeof humanbeingsasparameterizedB-splinecurves. So-calledActiveShapes[6, 7, 8, 9, 10] are
�tted to personoutlinesandcorrectedon a frame-by-framebasis.TheActiveShapeTracker is oneof four
trackingmodules.TheMotionDetector, theRegionTracker andtheHumanFeatureDetectoraretheother
modules.Thepurposeof usingfour individual modulesis to compensatetheweaknessesof onemodule
by thestrengthsof anotherone. An additionalfeatureof theReadingPeopleTracker is thepossibility to
usecameracalibrationto performimagemeasurements.

A largedatasetof testvideosequencesneededto becapturedin orderto evaluatetheReadingPeople
Tracker. This dataset is alsoconsideredasa benchmarkingdataset. Differenttrackingsystemscanbe
comparedwith the samegroundtruth. In addition,by analyzingthe trackingoutput,algorithmscanbe
improvedto achievebettertrackingperformance.

A capturingandcalibrationenvironmentis implementedto capturetestvideo sequences.Tsai's per-
spective pin hole cameramodel [11, 12, 13] is usedto perform cameracalibration. The algorithm to
performthecalibrationneedsa largeset( � 7) of input imagepoints.A checkerboardcalibrationtargetis
usedto selecttheseimagepointsin sub-pixel accuracy. Thepointsarethenobtainedby �rstly �tting lines
to edgesof thecheckerboardandsecondly, by intersectingtheselines.

An importantissuewhenevaluatingtrackingalgorithmsis to de�ne what is to beevaluatedandhow.
This thesisevaluatesthe tracking output of the ReadingPeopleTracker. Computationalperformance,
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i.e. real-timetrackingis not examined. The trackingoutput for a video sequenceis comparedwith the
correspondinggroundtruth of that video sequenceaccordingto differentperformancemetrics[19, 20].
In general,precisionof outputobjectsandrecall of groundtruth objectsareanalyzed.Theevaluationis
focusedon the Motion Detectorandthe Active ShapeTracker. The Motion Detectoris responsiblefor
correctly identifying andextractingmoving regionsfrom video images. It thereforemaintainsa model
of thebackgroundandusesbackground-foregroundsegmentationto identify moving regions.TheActive
ShapeTracker in turn triesto decideif a trackedregioncontainsaperson.

ViPER [21, 22] is usedto calculatetheperformancemetrics.It offersthreedifferentevaluationtypes:
framewise, objectandtrackingevaluation. In this thesisonly framewise evaluationsareperformed,i.e.
trackingoutputandgroundtruth is alwayscomparedona frame-by-framebasis.

Outline. This thesisis dividedinto threemainparts.Startingwith this introduction,chapter2 describes
the processof cameracalibration. Tsai's perspective pin hole cameramodel is explained. To eliminate
theeffectsof radial lensdistortion,analgorithmis introducedthatstraightenscurvedlinesin thedistorted
videoimage.Theprocedureof selectingaccurateinput imagepointsto thecalibrationalgorithmby �tting
andintersectinglinesis explainedaswell in chapter2.

Chapter3 introducestheReadingPeopleTracker. Thefour individual co-operatingtrackingmodules
aredescribed.Thefocusof thechapteris on theActiveShapeTrackerandtheActiveShapeModel which
describesthe2D appearanceof humanbeings.

Chapter4 de�nespixel-based,object-basedandlocalizedobject-basedevaluationperformancemetrics.
Quantitative andqualitative evaluationresultsarepresented.The lastchapterof this thesisgivesconclu-
sionsandremarksfor futurework. Theappendixcontains(amongothers)additionalprecisionandrecall
curvesandashortusermanualof theimplementedcapturingandcalibrationenvironment.



Chapter 2

CameraCalibration

This chapterexplains the capturingand calibrationenvironmentthat was built for capturingtest video
sequenceswhich will laterbeusedto evaluatetheReadingPeopleTracker (seechapter4). Thecapturing
andcalibrationapplicationthatwasdevelopedis CCTool . Referto appendixC for a shortusermanual.
VideosequenceswerecapturedfromaSony EVI-D100Ppan-tilt-zoom(PTZ)camera[40, 41]. Videoframe
acquisitionis implementedusingthevideo4linux API [44]. Theencodingof individual videoframes
is implementedusingtheffmpeg library [45]. Finally, thegraphicaluserinterface(GUI) is implemented
usingQt [43]. It is possibleto supplycameracalibrationdatato theReadingPeopleTracker(3) to perform
imagemeasurements,but it is notmandatory.

Basically, cameracalibrationis the processof �nding a set of intrinsic and extrinsic parametersto
specify the relationbetween3D world coordinates� �����
	��������� and2D imagecoordinates� ������	���� in
thecamera's framebuffer. Figure2.1shows thereferencesystemsfor cameracalibration.Tsai's pin hole
cameramodelwasusedfor cameracalibration[11, 12, 16]. The cameramodelaswell as intrinsic and
extrinsic parametersaredescribedin section2.1. Section2.2describesimplementationdetailsandshows
resultsof cameracalibration.

2.1 Tsai CameraModel

Thecameramodelthatis usedfor cameracalibrationin this thesisis thecameramodeloriginally proposed
by Tsai [11, 12, 15]. It is basedon the pin hole cameramodel of perspective projection. Given the
positionof apoint �����

�
�
	

�
��

��� in known 3D world coordinates� �
�

�
	
�

��
�

� , themodelprojectspoint
�����

�
�
	

�
��

��� ontoits positionin 2D pixel coordinates� �
�

�
	
�

� in thecamera'sframebuffer. Themodel
has� ve intrinsic andsix extrinsic parameters.Only four of the intrinsic parametersareusedfor coplanar
cameracalibration(as is the casefor this thesis). Extrinsic parametersdeterminethe relationbetween
world coordinates� �

�
��	

�
��

�
� and cameracoordinates� ��� �
	!� ��"�#� , i.e. they specify the orientation

of the camera. Intrinsic parametersare cameraspeci�c parametersdeterminedby the hardwareof the
camera.They specifytherelationbetweencameracoordinates� �$� ��	�� ��"�#� in millimeters(here)andimage
coordinates� �%�&�
	!��� in pixels.

Thefollowing extrinsicparametersareapproximatedby thecameramodel:

')(%* , (�+ and (%, : Roll, pitch andyaw rotationanglesfor the transformationbetweenworld and
cameracoordinates.In sensorics,orientationsareusuallydescribedwith roll, pitch andyaw angles
[38]. Roll anglecorrespondsto a rotationaround

� -axis,pitch angleto a rotationaround	
� -axis

andyaw angleto a rotationaround�
� -axis.
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Figure 2.1: Reference systems for camera calibration. The�gur eillustratesthereferencesystems
usedfor camera calibration. Theworld coordinatesystem� �

�
�
	

�
��

�
� and camera coordinatesystem

� ��� ��	�� ��"�#� are shown. Theoptical axis ( "� -axis) of the camera coordinatesystemis perpendicularto
thecamera's sensorplane. Thesensorplaneis assumedto beparallel to the � �$�?�
	!�@� -planeat a distance

A

, where
A

is theeffectivefocal lengthof thecamera. Theoptical axis intersectsthesensorplaneat the
principal point �B���DCFE���C�G

� . A point � in world coordinates � �
�

�
	
�

��
�

� is �r st transformedby a rigid
bodytransformationinto point �

� in camera coordinates � �
�

�
	
�

��
�

� . Thesecondtransformationis an
ideal perspectiveprojectionof point �

� into point �IH in undistortedsensorplanecoordinates � ��H��
	�H�� .
Then,point ��H is transformedinto distortedsensorplanecoordinates� ��JK�
	!J?� . Thelast transformationis
betweenpoint ��J andits coordinates� ������	���� in thecamera's framebuffer.

')LB* , LM+ and LB, : The translationalcomponentsof the transformationbetweenworld andcamera
coordinates.

Approximatedintrinsicparametersare.

' Principle Point: Coordinates�DCFE���C�G
� (in pixels)of theintersectionof the �� -axisandthecamera's

sensorplane.

' Focallength N (principal distance):Distancebetweenthecenterof projectionCM� andtheprincipal
point �B� .

'
�

� : First orderradiallensdistortioncoef�cient (seesection2.1.3).
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2.1.1 Sceneto CameraTransformation

To transformworld coordinatesinto cameracoordinates,rotatingandtranslatingworld coordinatesresults
in correspondingcameracoordinates.For apoint � � in world coordinates,this is expressedas

OP

�%�

	!�

��

QRTSVUXWYO P

� �

	 �

 �

QR[Z]\

(2.1)

where

U

is a3x3rotationmatrixdescribingtheorientationof thecamerain theworldcoordinatesystem

U^S_O

P[`bac`edf` g

`?hf`eif` j

` kl`emf` n

Q

R

(2.2)

and

\

a vectorspecifyingthetranslationof world coordinatesto cameracoordinates.

\oSpO

P

\

E

\

G

\rq

Q

R

(2.3)

Having foundasolutionfor

U

E ,

U

G and

U
q

, theorthonormalrotationmatrix

U

is build by �lling in the
rotationmatrix elements

`�a

� s?s s?�

`
n

asde�ned in appendixB.

2.1.2 Camera to SensorPlaneTransformation

Thetransformationof cameracoordinatesto undistortedsensorplanecoordinatesis anidealized3D-to-2D
projectionbecausein�uencesof lensdistortionarenot yet considered.Thetransformationof point �

� to
an undistortedimagepoint ��H is doneusingperspective projectionwith pin hole camerageometry. The
theoremon intersectinglines is usedby comparingsimilar triangles. The coordinates�

H and 	
H of the

projectedpoint ��� aregivenby theequations

�
H

S

A

�%�


�

(2.4a)

	�H

S

A

	
�

��

(2.4b)

2.1.3 LensDistortion

Thenext stepis to considertheeffectsof lensdistortion. Figure2.2shows two typesof distortion,barrel
andpincushiondistortion.Barreldistortionis associatedwith wideangellenses.Theimageappearscurved
outward.Pincushiondistortionis associatedwith telephotolenses(maximumzoomlenses)andcausesthe
imageto appearbentinward.

Tsai's cameramodelonly addressesradial lensdistortion. Tangentiallensdistortionis ignored. The
centerof radialdistortionis assumedto beat thecenterof thecamera'ssensorplane �B� . Thetruesensor
planecoordinates����Jt�
	!J

� of point ��J arede�ned as

�
J

S

�
Hvuxw

E (2.5a)

	�J

S

	�H
uxw

G (2.5b)
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original barrel pincushion

Figure 2.2: Example of barrel and pincushion radial lens distor tion. The�gur esshowsto types
of radial lensdistortion,barrel andpincushion.A barrel distortedimageappearscurvedoutward whereas
a pincushiondistortedimage appearsbentinward. Barrel distortionis associatedwith wideanglelenses,
pincushionwith telephotolenses(maximumzoomlenses).

wherew E and w G aregivenby thepowerseries'

w

E

S

�%Jby

a�`

d

Z

��Jby

dz`

h

Z

�%Jey

gz`

j

Z

s?s s (2.6a)

w
G

S

	
J

y

a
`

d

Z

	
J

y

d
`

h

Z

	
J

y

g
`

j

Z

s?s s (2.6b)

Thedistance
`

is theradiusfrom theprincipalpoint �B� to thedistortedpoint �"J .

`

S|{

�

d

J

Z

	

d

J

(2.7)

This resultsin new equationsfor ��H and 	�H .

��H

S

�%JK�~}

Z

�Dy

a�`

d

Z

y

d?`

h

Z

y

g?`

j

Z

s s?s
�

� (2.8a)

	�H

S

	!Jt�~}

Z

�Dy

a�`

d

Z

y

d?`

h

Z

y

gz`

j

Z

s s?s
�

� (2.8b)

It is suf�cient to only usethe �rst order term of equations2.6. Using moretermscausesnumerical
instability [12]. Thus,only y

a

is approximatedby themodel.The�nal transformationis betweenposition
���%Jt�
	!J

� of point ��J on thecamera'ssensorplaneandits position �����&�
	!�
� in thecamera's framebuffer.

�
�

S

�
J

Z

C�E (2.9a)

	��

S

	!J

Z

C
G (2.9b)

whereC�E and C�G arethepixel coordinatesof theprincipalpoint.

2.2 Calibration

The calibrationis performedusing the calibrationsoftwareprovided by R.G.Willson [17]. It needsas
input a largenumber( �€• ) of corresponding3D world pointsand2D imagepoints.Thereasonto select
many world-imagepoint correspondencesis to systematicallyeliminateinaccuraciesin the imagepoints
selection.Theapproachpresentedin this thesisto chooseaccurateinput imagepointsis to intersectlines
givenby thegrid of a checkerboardcalibrationtarget(�gure 2.6). Thelinesto beintersectedareobtained
by �tting themto a setof userselectedimagepointsusingleast-squares.Theprecisionof thelinesis then
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improvedby �tting thelinesto edgesof thecheckerboard.Thecheckerboardis a suitablestandardpattern
thatmakesit easyto selectpoints.Thedesiredinput imagepointsto thecalibrationsoftwarearethepoints
of intersectionof thelines.Thesepoint shouldcoincidewith thecornerpointsof thecheckerboard.

Oneproblemarisesdueto distortion.Fitting linesto distortedimagepointswould resultin inaccurate
intersectionpoints. Therefore,it is necessaryto �rst undistort the imageof the checkerboard,i.e. to
calculatean approximationof the distortioncoef�cient y

a

(section2.1.3)prior to approximateit by the
calibrationsoftware. This methodto approximatey

a

is describedin section2.2.1. Having found y

a

, any
imagepointcanbeundistortedby equations2.8whereonly the�rst termof y

a

is used.

Lines can then be �tted to undistortedimagepoints. Intersectingtheselines resultsin undistorted
intersectionpoints. The desiredinput imagepointsare found by applyingdistortion to the intersection
pointsagain,i.e. solvingequations2.8for ��� J , 	 Jb� . Theprocessof acquiringthese2D input imagepoints

��J is describedmorepreciselyin section2.2.2. Finally, anoverdeterminedsetof non-linearequationsis
obtainedby settingequalequations2.4and2.8.

� J �~}

Z

�•y

a `

d

� �

S

A

` a

� �

Z

` d

	 �

Z
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 �

Z)\

E

` k

�‚�

Z

` m

	��

Z

` n

��

Z]\ q

Z

C�E (2.10a)
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�
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�

Z]\rq

Z

C G (2.10b)

Thissetof equationsis solvedby theLevenberg-Marquardt least-squaresmethod[42]. Havingobtained
a solutionfor

`
a

�?s?s sz�

`en

and

\

E ,

\

G and

\rq

, a point in world coordinates� �
�

��	
�

��
�

� canbe projected
onto a point in imagecoordinates� �

�
�
	

�
� asdescribedby the following equationusinghomogeneous

coordinates.
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(2.11)

2.2.1 Approximation of ‹�Œ

The methodto approximatey

a

is to identify curved lines in the distortedimagethat arestraightin the
realworld [39]. Thesecurved linesarethenstraightenedduring theundistortionprocess.This approach
givesa �rst approximationof y

a

beforecameracalibrationis performed.A set • of lines is speci�ed to
undistortedan image. The numberof lines in this set is Ž ••Ž . One line •D‘�’|•“�@”

S

}t�?s s?sz�bŽ ••Ž is given
by manuallychoosinga setof arbitrarypoints ��‘ on line •–‘ in the distortedimageof the checkerboard
calibrationtarget. Thesizeof the i —™˜ point set �I‘ is š$‘ . For line •–‘›’]• , the line connectingits �rst with
its lastpoint is •

a@œ�•

‘

. Figure2.4 shows a curvedline •™‘ speci�ed by ninearbitrarypoints ž

a

�?s s?s?�Dž

n

. The
orthogonaldistanceŸ‰� ž!¡¢��•

a@œ�•

‘

� from a point ž!¡£’¤�I‘¥��¦

S

}K� s?s sz�@š§‘ to theline •

a@œF•

‘

is givenby1

Ÿ
‘

�¨ž
¡

�
•

a@œ
•

‘

�

S

Ž@©«ªz¬�@� ž

a

u
ž

œF•

�
�¨ž

œF•

u
ž�¡

�@�
Ž

Ž ž

a

u
ž

œF•

Ž

(2.12)

Thealgorithmoutlinedin �gure 2.3minimizesthetotalsum ® of distancesŸ��¨ž¯¡¢�
•

a¥œ
•

‘

� to approximate
y

a

. An imageof thecheckerboardwhich is undistortedusingthis approximationof y

a

is shown in �gure
2.6b.

®

S±° ²�°

³

‘~´

a

° µ�°

³

¡�´

a

Ÿ
‘

� ž
¡

��•

a@œ�•

‘

� (2.13)

1from MathWorld (http://mathworld.wolfram.com/ )
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while �•¶ ·¥¸
ž¤¹»º � do
Ÿ

a

S

A

”½¼�Ÿƒ®�”¥¶ ·z�Dy

a

u ¶ ·¥¸�ž �

Ÿ

d

S

A

”½¼�Ÿƒ®�”¥¶ ·z�Dy

a

Z

¶ ·¥¸�ž �

Ÿ

g

S

A

”½¼�Ÿƒ®�”¥¶ ·z�Dy

a

�

if �@�™Ÿ

gB¾

Ÿ

a

�¯¿ ¼�ŸÀ�™Ÿ

gB¾

Ÿ

d

�@� then { y

a

is good}
¶ ·¥¸
ž

S

¶ ·¥¸
ž�ÁFÂ

elseif �DŸ

aM¾

Ÿ

g

� then { y

a

u ¶?·¥¸�ž is better}
y

a

S

y

a

u ¶ ·¥¸�ž

else{ y

a

Z

¶ ·¥¸�ž is better}
y�}

S

y

a

Z

¶ ·¥¸�ž

end if
endwhile

function
A

”•¼�Ÿƒ®�”¥¶ ·z�Dy

a

� : ŸtÃbÄrÅ�•™¸

begin
®

SVÆ

s

Æ

for all •–‘�’§• do
for all ž�¡Ç’§�È‘ do

®

S

®

Z

Ÿ‰� ž�¡¢��•

a@œ

‘

‘

�

end for
end for

`

¸e·#Ä

`

¼�®

end

Figure 2.3: Algorithm to appr oximate �"� by minimizing the total sum of distances É . The
�gur e illustratesthealgorithmto approximatey

a

by minimizingthetotal sum ® of distancesŸ‰� žr¡¢��•

a@œ •

‘

� .
If Ÿ

g

is smallest,thecurrentvaluefor y

a

is best. Thestepsizeis reduceduntil a minimumstepsize º is
reached.
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p3
p4 p5

p7

p9

p8

p6

p2

li

li(p1,p9)
di(p5,li(p1,p9))

Figure 2.4: Straightening a cur ved line ß½à in the distor ted image. Thecurvedline •�‘ is speci�ed
by selectinga set �I‘ of pointslying on •�‘ (ž

a

�?s?s s?�Dž

n

) in thedistortedimage. Line •�‘ is straight in thereal
world. Thealgorithmshownin �gur e2.3to approximatey

a

tries to minimizethetotal sum® of distances
Ÿ��¨ž�¡«�
•

a@œF•

‘

� .

2.2.2 Accurate ImagePoint Selection

Thecameracalibrationsoftwareis verysensitive to inaccuraciesin theinput data.To selectpreciseimage
points �

J
�™�

J
��	

Jb� in sub-pixel accuracy the following approachis implemented(refer to �gure 2.7). In
stepone,a usermanuallyselectscornerpointsin the imageof thecheckerboardcalibrationtarget (�gure
2.6)aspreciseaspossible.At theendof stepone,a set • of Ž ••Ž lines •D‘
�@”

S

}t�?s s?sz�bŽ ••Ž is speci�ed. In the
secondstep,set • is usedto approximatey

a

asdescribedin section2.2.1.Then,in thethird step,normal
lines ¼rá

•

�¨ž‰â
� at discretepositionsž!â!�@¼

S

}K� s?s sz��ã on eachline •–‘•’)• aresampled.Theposition ž!â is
movedto thepoint of the largestimageintensitychangež

�

â

alongthenormalline ¼�á

•

�¨ž�â
� . A sobel�lter

is usedto �nd changesin imageintensity(compare�gure 2.5). Thefourth stepis to undistorteachpoint
ž

�

â

�
¼

S

}t�?s?s sz��ã by using y

a

. A straightline is �tted to thesetof undistortedpoints ž

�

â

by least-squares.
Theresultsof least-squaresaretheline coef�cients ä å and ä

a

.
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Line • ‘ ’xŽ ••Ž is thengivenby

•–‘�æt	

S

ä å

Z

ä

a

� (2.14)

Thisprocessof �tting linesto strongedgesis repeateduntil thechangesin thecoef�cients ä å and ä

a

are
smallerthanathresholdç . Theline coef�cients will notchangesigni�cantly any more,if theline liesclose
to anedge.The laststepis to �nd the true imagepoints � J �™� J ��	 Jb� by intersectingpairwiseorthogonal
linesin • . Two lines •

a

and •

d

of theform

•

a

æK	

S

ä å

a

Z

ä

a�a

�

a

(2.15a)

•

d

æK	

S

ä å

d

Z

ä

a@d

�

d

(2.15b)

areorthogonalif theangleè betweenthetwo linesis é . Angle è is givenby2

è

SoêKë�ì ìzíƒî›ï

�

a

'

�

d

Ž �

a

ŽðtŽ �

d

Ž™ñ

(2.16)

where �

a

'

�

d

is the dot productof �

a

and �

d

. The point of intersectionof •

a

and •

d

is found by
bringingthelinesto theform

•

a

æ

ïVò ó

ñ

S
ïVò

a
a

ó

a�a

ñ

Z

¶

ïôò

J

a

ó

J

a

ñ

(2.17a)

•

d

æ

ïôò
ó

ñ

SõïVò

d�a

ó

d�a

ñ

Z

·

ïVò

J

d

ó

J

d

ñ

(2.17b)

andsolving for ¶ or · . The(distorted)intersectionpoints ��J of all pairwiseorthogonallines in • are
thenusedasinput to the calibrationsoftware togetherwith correspondingworld points �"� . Stepsone,
three,four and� ve areshown in �gure 2.8. Theresultinghomographyof thegroundplaneis depictedin
�gure 2.8d.Thegreencrossesshown in �gure 2.8daretheimagepoints ��J obtainedby intersectinglines.

2from MathWorld (http://mathworld.wolfram.com/ )
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Figure 2.5: Line �tting. Normal lines ¼
á

•

�¨ž
â

� at discretepositionsž
â

�
¼

S

}t�?s?s sz��ã on theline •
‘ are

sampledalong. Thepoint ž
â is movedto point ž

�

â

of thelargestchangein imageintensityalongthenormal
line ¼rá

•

�¨ž‰â
� . Points ž

�

â

are undistorted(section2.2.1)andline •™‘ is correctedby �tting it to thenew setof
pointsž

�

â

usingleast-squares.

(a) (b)

Figure 2.6: Distor ted and undistor ted images of the checkerboar d calibration target. The
�gur eshowsa distorted(2.6a)andanundistorted(2.6b)imageof thecheckerboard calibrationtarget. The
targetconsistsof 36 individualblack andwhite�oor tilesof size50x50cm.Althoughtheimageontheright
is undistorted,it still appears curvedoutward at its borders. Thiseffect is causeddueto thefact that the
curvedlinesto undistorttheimage(seesection2.2.1)arenotselectedequallydistributedacrosstheimage.
Only the linesgivenby thegrid of thecheckerboard are selected.I.e. y

a

is approximatedto undistorted
thoselinesbest.
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Step 4

Step 3

Step 2

Calculate kappa1

User selects points

Step 1

Step 5

lines & kappa1

lines

new points

best lines

Find changes in intensity

Undistortion & update C0,C1

C0
,C

1 <
 ep

sil
on

distort points of intersection
Intersect lines &

Figure 2.7: Five steps to �nd image points in sub-pix el accurac y. Lines are speci�ed by
selectingpointsin thedistortedimageof thecheckerboard calibration target. Thedistortioncoef�cient y

a

is approximated(section2.2.1).Normal lines ¼Èá

•

�¨ž�â
� at discretepositionsž!â!�@¼

S

}t�?s s?sz��ã on each line
•

‘
’ • are sampledalong. Point ž

â is movedto theposition ž

�

â

of the largestchange of image intensity
(see�gur e2.5). A sobel�lter is usedtherefore. Themodi�ed pointsareundistorted.A straight line is �tted
to the setof undistorteddata points ž

�

â

using least-squares. Theresultsare the line parameters ä å and
ä

a

. Theprocessof �tting andcorrectinglines is repeateduntil ä å and ä

a

are stable. Finally, all pairwise
orthogonallinesin • are intersectedandagaindistortedto �nd true imagepointsin sub-pixelaccuracy.
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(a) (b) (c)

(d)

Figure 2.8: Steps one , three , four and �ve to �nd image points and the homograph y of the
ground plane . Figure2.8acorrespondsto steponeof �gur e2.7wherea userspeci�eslinesbyselecting
image points.Figure 2.8bcorrespondsto stepsthreeandfour andillustratesthegrid lines�tted to edges
of thecheckerboard. Theshort redlinesare normal lines. The�fth stepis shownin �gur e 2.8cwhere the
�tted grid lines are intersected.Finally, in �gur e 2.8da homographyof the groundplane( F�

S Æ

� is
depicted.Thegreencrossesmarktheprojectedimagepoints �"J of image2.8c.



Chapter 3

Description of the ReadingPeople
Tracker

TheReadingPeopleTracker is is designedto trackpeoplefor visualsurveillancesystems.It is originally
basedon theLeedsPeopleTracker [4, 5]. Thetrackerconsistsof four co-operatingmodules:

' TheMotion Detector,
' theRegionTracker,
' theHuman FeatureDetector (HeadDetector)
' andtheActiveShapeTracker.

Usingfour co-operatingmodulesresultsin morestableandreliableoverall trackingperformance,i.e.
limitations of onemodulearecompensatedby othermodules. In contrastto othertrackingsystemslike
thePCCV-Tracker [1], theReadingPeopleTracker implementsanActiveShapeTracker. This trackeruses
a 2D appearancemodelof humanbeings.This ActiveShapeModel is explainedin section3.4.1. Shape
variationsareextractedfrom a large training setby usingprincipal componentanalysis(PCA). Further
differencesexist in the implementedbackgroundmodelof theReadingPeopleTracker. Thebackground
is modeledasone imagewith no peoplein it. The imageis updatedby a temporalmedian�lter . The
RegionTrackertracksall extractedmovingregionsfrom theMotion Detector. Regionmergingandsplitting
(section3.2.1)is appliedto trackedregions.In addition,theReadingPeopleTracker implementsaHuman
FeatureDetectorwhich is actually a headdetector. The Active ShapeTracker bene�ts from the head
detectorbecausepeoplearefasteridenti�ed by their headposition.This meansshapesof multiple people
areinitializedpreciserandtrackedrobuster. Figure3.1illustratesthefour trackingmodulesof theReading
PeopleTracker.

Thefollowing termsareusedthroughoutthis chapter. Figure3.2shows their relations.

' Prediction: Once,a personis successfullyidenti�ed asmoving in frame · , its positionis predicted
for frame ·

Z

} . TheRegionTrackeraswell astheActiveShapeTrackerperformpredictions.
' Measurement:A predictedregion or shapefor frame · is tried to matchwith local imagefeatures

of frame · . If successful,thepredictionis movedto themeasurementsanda new predictionfor the
measurementfor frame ·

Z

} is performed.
' Hypotheses:Hypothesesare measurementsthat needto be approved �rst. The Region Tracker

generateshypothesesby region merging andsplitting (section3.2.1). TheHumanFeatureDetector
generateshypothesesby searchingfor possibleheadpositionsin regions.
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Tracker
Active Shape

Motion Detector

Human Feature Detector

Region Tracker

Reading People Tracker

Figure 3.1: The four tracking modules of the Reading People Tracker. The�gur eillustratesthe
four tracking modulesof the ReadingPeopleTracker. TheMotion Detectorcomputesthe binary motion
image. Extractedregionsby the Motion Detectorare passedon to the Region Tracker and the Human
Feature Detector(headdetector).TheRegion Tracker tracksregionsfromtheMotion Detectorover time.
TheHumanFeature Detectorextractspossibleheadpositions. Tracked regionsand possibleheadposi-
tion are inputsto the ActiveShapeTracker. Together, the four tracking modulesprovide better tracking
performancethana singlemodulewoulddo.

MD

HFT AST

RT

Predictions
Measurements

Hypotheses

Figure 3.2: Relation between measurements and predictions and the four tracking mod-
ules. The�gur eshowstherelationbetweenmeasurementsandpredictionsandthefour trackingmodules
Predictionsfor frame· are tried to match with imagemeasurementsof frame· . TheMotionDetector(MD)
generatesmeasurementsby background-foregroundsegmentation.TheHumanFeature Detector(HFT)
takesa measurement(a region) to search for possibleheadpositionsin it. TheRegionTracker (RT)aswell
as theActiveShapeTracker take bothmeasurementsandpredictionsand try to match them. Hypotheses
area subsetof measurementswhich aregeneratedby theRTandHFT.
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3.1 The Motion Detector

TheMotion Detectorof theReadingPeopleTrackermaintainsamodelof thebackground.Thebackground
is modeledasonevideo imagewith no personsin it. The backgroundimageis updatedby a temporal
pixelwisemedian�lter of thevideoimages.TheMotion Detectorusesthebackgroundmodelto identify
moving blobsin a videoframe.TheMotion Detectordealswith four differentkindsof images.Figure3.3
showsanexampleof eachimage.

' The video image correspondsto onevideo frameof a video sequence.The video imageis to be
examinedby thetrackingalgorithm.

' The background imagemodelsthebackground.It is a video imagewith initially no peoplein it.
Thebackgroundimageis temporallyupdatedusingamedian�lter .

' The differ enceimage is obtainedby pixelwise differencingthe video imageandthe background
image.Thedifferenceimageis usedby theActiveShapeTracker to searchfor edges.

' The motion imageresultsby thresholdingthedifferenceimage.

VideoImage BackgroundImage DifferenceImage Motion Image

Figure 3.3: Image kinds involved in motion detection. Thetrackingalgorithmexaminesthevideo
image. Thebackgroundis modeledbya temporally updatedvideoimagewith initially nopeoplein it. The
differenceimage is the pixelwiseabsolutedifferenceof the videoimage and thebackgroundimage. The
motionimage is obtainedby thresholdingthedifferenceimage.

Thefollowing parametersaffectthebehavior of theMotion Detector. Section4.4evaluatestheReading
PeopleTrackerwith respectto this parameters.

' DETECT_DIFF_THRESH: The motion imageresult of thresholdingthe differenceimage. This
parametercorrespondsto this threshold. It decidesfor eachpixel of the differenceimageif it is
consideredasforeground(moving) or asbackground(static).

' MIN_REGION_SIZE,MAX_REGION_SIZE: Theseparametersde�ne theminimumandmaximum
sizeof regionsto beextractedby theMotion Detector. Thesizeof a region is givenby its area(in
pixels)normalizedby theareaof thevideoimage.Theparametersarecomputedby usingastatistical
modelwhich is describedin section4.4.2.

' MIN_HEIGHT_TO_WIDTH, MAX_HEIGHT_TO_WIDTH: Theseparametersde�ne the minimum
andmaximumratio of heightto width of regionsto beextractedfrom themotion image.Thesame
statisticalmodel(section4.4.2)is usedto calculatetheseparameters.
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Figure 3.4: Region merge technique . The�gur e illustratestwo regions
`Ka

and
`ed

. Their relative
distancein

ò

and

ó

coordinatesis Ÿ
E and Ÿ

G . Two regionsare mergedtogetherif theratio of their relative
distancewith their sizesis lessthanREGION_MERGE_THRESH.

' REGION_MERGE_THRESH: This thresholdde�nes if two regions
`

a

and
`

d

aremergedtogether
(�gure 3.4). The distancemeasure®������ ��� relatesthe relative distanceof the regionsto their sizes.
Two regionsaremergedif ®������ ��� is smallerthanthis threshold.
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(3.1)

' MEDIAN_FILTER_MOTION_IMAGE: This parameterde�nes if a spacialmedian�lter is applied
to themotionimage.

' BLUR_MOTION: Speci�esif thevideoimageandthebackgroundimageareblurredduringmotion
detection.

' MOTION_IMAGE_DILATION: Thisparameterspeci�esif dilation is usedto improvethequalityof
themotionimage.If dilation is performed,parameterGAP_SIZE de�nessizeof thedilationmask.

Theoutputof theMotion Detectoraretheregionsthatcontainforegroundobjects(moving blobs).Ex-
tractedregionsarepassedon to theRegionTracker (section3.2)andtheHumanFeatureDetector(section
3.3).

3.2 The RegionTracker

TheRegion Tracker tracksregionsextractedfrom theMotion Detectorover time. Predictionsof thesere-
gionsaregeneratedusinga�rst ordermotionmodel.It is assumedthatpeoplemovewith constantvelocity.
Boundingboxesof detectedforegroundregionsby theMotion Detectorandboundingboxesof detected
personshapesby theActiveShapeTrackerarebothinputsto theRegionTracker(�gure 3.1).Theseinputs
arebothmeasurementsbecausethey areobtainedby eitherbackground-foregroundsegmentationor local
edgesearch.
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The Region Tracker matchespredictionswith measurements.Region splitting andmerging is used
(section3.2.1). If a predictioncanbe matchedsuccessfullyto a measurement,thepredictionis replaced
by themeasurementandanew predictionperformed.If theRegionTracker fails to matchpredictionswith
measurementsfrom theMotion Detector, it consultstheoutputof theActive ShapeTracker. If theActive
ShapeTrackersuccessfullytrackstheperson,theboundingboxof theActiveShaperepresentingtheperson
is takenby theRegionTrackerasa new hypothesisfor theperson'ssizeandposition.

3.2.1 RegionMerging and Splitting

Regionsplittingandmerging is usefulin thesituationwheretwo personscrosseachother(compare�gure
3.5). Thetwo personsaretrackedcorrectlyaslong asthey areapart(�gure 3.5a).As soonasoneperson
occludesthe other, the Motion Detectorextractsthemasonemoving region (�gure 3.5b). To overcome
this problemtheRegion Tracker alwaysmergespredictedregionsthatarecloseto eachother. This new,
largerpredictionof a region is tried to matchwith measurementsfrom theMotion Detector. If thematch
is successful,two new “synthetic” measurementsarecreatedby splitting the largeregion into two (�gure
3.5c). This is reasonablebecauseit is assumedthat the measurementfrom the Motion Detectornow
containstwo persons.

(a) (b) (c)

Figure 3.5: Region merging and splitting. The �gur e showshow region merging and splitting
overcomeproblemsduring motiondetection.Two personsare extractedseparatelyaslong asthey are far
apart (�gur e 3.5a). Whenthey crosseach other, theMotion Detectorextractsthemasonemoving region
(�gur e 3.5b). TheRegion Tracker alwaysmergespredictionsthat are closeto each other. Possibly, this
larger predictionsof regionscanbematchedwith measurements.Thisis thecasein �gur e 3.5cwhere the
combinedpredictionis againsplit into two new (synthetic)measurements.

3.3 The Human FeatureDetector (HeadDetector)

Theheaddetectorexaminestheupperpartof aregionfor movingheads.It looksfor verticalpeakswithin a
regionin themotionimage.Figure3.6illustratesthealgorithmfor thevideoimage.Region

U

is examined
column-by-column.Eachcolumnis scannedtop-to-bottomuntil a moving (foreground)pixel is found.
The distanceŸ of this pixel to the bottomof

U

is storedin vector � . Figure3.6 shows vertical columns
that arescannedfor moving pixels. DistanceŸ is shown for onecolumn. Vector � is thensearchedfor
intervals �K‘ whosevaluesdonotdiffer signi�cantly. Interval �t‘ is valid if thevaluesbeforeandafter �t‘ are
signi�cantly lower thanthevaluesinside �t‘ . Thex-positionof a possibleheadis de�ned asthecenterof

�
‘ . They-positionis theaverageof thehighestandthelowestvaluein asmallneighborhoodoutsideof �

‘ .
Theresultingheadpositioncorrespondingto �

‘ is depictedin �gure 3.6.
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R

vi

v

d

Figure 3.6: Algorithm to detect possib le head positions. The�gur e illustratesregion

U

which is
searchedfor possibleheadpositions.Theregion is examinedcolumn-by-column.Each columnis scanned
top-to-bottomfor moving (foreground)pixels. ThedistanceŸ from a moving pixel to the bottomof the
region is stored in vector � . Vector � is search for intervals �t‘ of similar values. Thecenterof �t‘ is the
x-positionof a possiblehead. They-positionis the average of the lowestand highestvalue in a small
neighborhoodoutsideof �t‘ . Thesmallsquaredepictstheresultingheadposition.

3.4 The ActiveShapeTracker

TheActive ShapeTracker implementsanActive ShapeModel (section3.4.1)to representthe2D appear-
anceof humanbeings.A person'soutlinesaretriedto matchwith amodelinstance.Regionstrackedby the
Region Tracker aswell aspossibleheadpositionsfoundby theHumanFeatureDetectorareinputsto the
Active ShapeTracker. Eachregion is examinedfor walking people,i.e. local edgedetectionis performed
within eachregion. Figure3.7explainstheprocessof shape�tting. In addition,�gure 3.8 illustrateslocal
edgedetectionfor two hypothesesof thesamepersonasaccomplishedby theReadingPeopleTracker. The
�rst measurementis givenby the region of theRegion Tracker (�gures 3.8a,3.8b).Thesecondhypothe-
sesfor thepersoncomesfrom a possibleheadpositiondetectedby theHumanFeatureDetector(�gures
3.8c,3.8d).Normal linesto thepredictedActive Shapeat a numberof samplingpointsaresampledalong
to searchfor stronglocal imageedges.TheActive Shapeis correctedby �tting it to thenew positionof
theperson'soutlines.Once,a new Active Shapeis calculatedthat �ts theperson'soutlinesbestfor frame

· , theActiveShapeTrackerpredictsits positionfor frame ·

Z

} usingaKalmanFilter (seesection3.4.1).

3.4.1 ActiveShapeModel

B-spline representation. Active ShapesarerepresentedasparametricB-splinecurves.A shapeis to be
approximatedwith aclosedspline

���D¶
�

S

�™�
E

�•¶
�

�
�
G

�D¶
�
� (3.2)
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Figure 3.7: The process of shape �tting. An ActiveShapeis mathematicallyrepresentedasclosed
parameterizedB-splinecurve. A B-splineis givenby a setof basisfunctionsand splinecontrol points.
Theappearanceof an ActiveShapeis changed if the control pointsare modi�ed. The�gur e showsone
predictionof an ActiveShapefor the depictedperson. Theprediction is correctedby performinglocal
edge search. First, a numberof samplingpoints(usuallylarger thanthenumberof splinecontrol points)
are de�ned on the ActiveShape. Normal lines to the shapeat thesesamplingpointsare sampledalong
for large changesin image intensity. Oneedge point is labeledin the �gur e and thecorrespondingpixel
pro�le alongthenormalline depicted.Byconvolutingthepixelpro�le with a sobelmaskfor instance, edge
strengthsare detected.Having performedlocal edge search for each samplingpoint, the detectededge
pointsde�ne thecorrectedpositionof theActiveShape. TheActiveShapeis �tted to theperson'soutlines.
By mappingthecorrectedsamplingpoints(edge points)to correctedsplinecontrol points,a new Active
Shapeis calculatedthat �ts bestto thedetectededgepoints.Thismeans,thenew shape�ts bestto thenew
positionof theperson.
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(a) (b)

(c) (d)

Figure 3.8: Local edge search. The�gur e showsthe local edge search that is performedfor each
tracked region to �nd personoutlines. Thedifferenceimage on the left is usedto identifyedges. Results
are showon both the differenceimage and the videoimage on the right. Two hypothesesare examined
in this case. The �r st is given by the region passedfrom the Region Tracker (�gur es3.8a,3.8b). The
secondhypothesiscomesfroma possibleheadpositiondetectedby theHumanFeature Detector(�gur es
3.8c,3.8d).Normal lines to thepredictedActiveShapeof thepersonat a numberof samplingpointsare
samplealongto search for strongedges.Greendotsmarkthestartingpointsof thesearch, reddotsmark
detectededges.
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are the weightsalso known ascontrol points (or control polygon if representedasa vector). Basis
functionsare combinedlinearly to form the spline functions �
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Figure 3.9: Four quadratic B-spline basis functions. The�gur eillustratesfour quadratic B-spline
basisfunctionsy

|

a
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d

�•¶
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�?s s?s ��y

d
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d

�D¶
� whereeach basisfunctionsis a translatedcopyof thepreviousone.

Thesebasisfunctionsarecombinedlinearly to form thesplinefunctions��E‰�•¶
� and �IG«�D¶

� .

Theotherbasisfunctionsaretranslatedcopiesof thepreviousone.
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In the caseof Active Shapes,the correspondingB-splines ���•¶
� are closedcurves. Parameter¶ is

de�ned over the interval �

Æ

��…¤� andtreatedasperiodic( … is the numberof basisfunctionsandcontrol
points). Figure3.10 illustratesa quadratic,closedsplinescurve. The curve in �gure 3.10ais a smooth
approximationto its controlpolygonshown in �gure 3.10b. In the following, anActive Shapeis de�ned
by its controlpolygonor shapevector
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Generationof the ActiveModel fr om the training set. TheActiveModel is generatedusinga largeset
of size ‡ training imagesthat show peoplein differentposes.A numberof pointsareselectedon each
person's contour. Theresultis a vector ˆ of contour(or boundary)pointsfor eachimagein the training
set.
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Thecontrolpoints
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åK�?s s?s �

~

{}|

a

aretheunknown quantitiesto bedetermined.Theshapevector
ò

is
obtainedby usingstandardleast-squaresmethods[23, 42].
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(a) (b)

Figure 3.10: Closed B-spline cur ve. The�gur e illustratesa closedB-splinecurve. Thesplinecurve
in �gur e3.10ais smoothlyapproximatedby its control points Š

å
�?s s?s?��Š

k

shownin �gur e3.10b.Parameter
¶ is de�nedover theinterval �

Æ

��‹� andis treatedasperiodic.
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The training setnow consistsof ‡ shapevectors
ò

. All shapevectorsarealignedto a normalized
frameof reference[6]. Capturingstatisticalinformationfrom thesetof shapevectorsinvolvescalculating
themeanshape
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andthestandarddeviationof eachshape
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from themeanshape
ò

.

Ÿ

ò

‘

S

ò

‘

u

ò

(3.11)

Principalcomponentanalysis(PCA)of thecovariancematrix C is usedto �nd theprincipleaxisof the
•

… -dimensionalpoint cloud of all shapecontrol points. The advantageof usingPCA for this particular
caseis to constitutetheessenceof all shapevectors

ò

. Thismeans,to extractandcompresstheinformation
of all shapevectorsto explain the mostcommonshapevariations(principal components)in the training
set.Thecovariancematrix C is calculatedas
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(obtainedby PCA), anorderedorthonormalbasiswith the �rst · eigenvectorshaving the largestvariance
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‘ canbeconstructed.Thismakessense,becausemostof theshapevariationscanbeexplainedby less
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… modes.To chooseonly the�rst · modesof variation,a threshold‘ is introduced.Thet modesof
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Thematrix � of the�rst · eigenvectorsis givenas
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A new shapeinstancecanbegeneratedby addinga weightedlinearcombinationto themeanshape.
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whereÅ is avectorof weights,onefor eacheigenvector.

Verifying newshapeinstances. Having build theActiveShapeModel, themeanshape
ò

andthematrix
� of the�rst · modesof variationaregiven.A new shapeinstance� de�nedby its numberof controlpoints
canbegeneratedin thesameway asfrom thetrainingsetor by othermethodsto extractboundarypoints
of people's outlinesfrom images(by segmentationfor instance).Vector Å of weightsthatcorrespondsto
thenew shapeinstance� is givenby
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To restricttheshape� to take freeboundaries,limitationson theweights Å areimposed.Theweights
arerestrictedto lie within ahyper-ellipsoidusingtheMahalanobisdistance®
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[8].
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If theMahalanobisdistance®

œ

is biggerthan ®
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E , theweights Å arerescaledto lie on thehyper-
ellipsoid.
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Cooteset al. [8] proposesa value of 3.0 for ®

œ•”

E . Otherwise,if ®

œ

is smallerthan ®

œ–”

E , the
weightscanbe projectedbackusingequation3.15 to obtaina “component�lter” version �

� of spline �

(�gure 3.11).

Predicting Active Shapes. The positionof a measuredshapeinstance—�r�D¦
� in frame ¦ is predictedfor

frame ¦
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} usinga Kalman�lter [24, 25]. The shape —���•¦
� is obtainedby shape�tting asdescribedin

section3.4andillustratedin �gure 3.7.The�rst stepis to predictthecoarseprediction ˜���•¦
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In thesecondstep,thecoarseprediction ˜žŸ™z›
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is correctedusingthemeasuredshapeinstance—���•¦
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Figure 3.11: Component �ltered shape . The�gur eshowsa shape� on theleft thatwasobtainedby
�

S
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Z

�vÅ usingthe�r st · modesof shapevariation. TheweightsÅ
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�¢�
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� are rescaled( Åz� ) to
ful�ll equation3.17.Theresulting(smoothed)spline �ƒ� on theright is obtainedby �t�
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Chapter 4

Evaluation of the ReadingPeople
Tracker

Whenevaluatingtrackingalgorithmsandin generalcomputervision algorithmsa few crucial questions
needto be answered�rst. For instance,which kind of evaluationis performed.A qualitative evaluation
strategy assessestheoutputof thetracker accordingto subjective criteria. Criteria,asareall subjectscor-
rectly identi�ed by thetrackeror, for instance,doesit oftenloosetrackof detectedsubjects.A quantitative
evaluationin contrast,makesuseof evaluationperformancemetrics(section4.1)to assessthetrackingout-
put accordingto objective criteria. How well, for example,doesthe trackingalgorithmidentify subjects.
Precisionanrecallareexamplesof performancemetrics.Both,qualitativeandquantitativeevaluationsare
performedto evaluatetheReadingPeopleTracker. An evaluationitself canberepresentedby “evaluation
metadata”.For this thesis,this metadatais de�ned as

1. thetypeof evaluation.

2. thesetof parameterscon�guring thetrackingalgorithm.

3. thevideosequencesonwhich thetracker is evaluated.

4. thegroundtruth - a setof objectsfoundin avideosequencedeterminedapriori to becorrect.

5. evaluationparametersettings.

Thetypeof accomplishedevaluationsis always“framewise” in this thesis.Thismeans,trackingoutput
andgroundtruth arecomparedon a frame-by-framebasis. The type itself canbe parameterizedaswell
andis describedin section4.3. Having speci�ed this kind of metadata,especiallytrackingparameters,
video sequencesandgroundtruth, it is possibleto comparedifferenttrackingalgorithmswith the same
datausingsimilar settings.

Thevideosequenceswhich wereusedto evaluatetheReadingPeopleTrackeraredescribedin section
4.2.ThissequenceswereannotatedusingViPER1. Authoringgroundtruth is doneby drawing rectangular
boundingboxesascloseaspossiblearoundeachpersonin thevideosequencewhosebodyhasanestimated
visibility of at least75%. Any shadows or re�ections againstwalls causedby illumination wereignored.
Boundingboxesweredrawn aroundpersonoutlinessolely. This re�ects thatany peopletracker basically
would have to dealwith changesin illumination, indoor andoutdoor, asthis happensalwaysandevery-
wherein therealworld. This doesnot imply thata trackerwhichdoesnot explicitly dealwith shadowsor
re�ections generallyproducesbadresultsin objectdetection.However, its trackingoutputwill probably

1http://lamp.cfar.umd.edu/media/research/v iper/
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belessprecise.Furthermore,peopleappearingin groupsarealwaysconsideredasseparatepersons,hence
annotatedseparatelyaslongastheir estimatedbodyvisibility is at least75%.

The ViPER packageprovidesscriptsfor performingthe actualevaluation. In principle, two �les of
which oneholdsthegroundtruth of a videosequenceandtheotheronethetrackingoutputarecompared
accordingto differentperformancemetrics.Figure4.1depictstheprocessof evaluation.Theperformance
metricsareexplainedin section4.1.

Analysis and Improvement

Video Sequence

Ground Truth

Tracking Output

Evaluation

Figure 4.1: Evaluation and benc hmarking scheme . Theevaluationof theReadingPeopleTracker
is performedby comparingground truth and tracking outputof a videosequenceon a frame-by-frame
basis.ViPER is usedto calculatetheperformancemetrics.By analyzingevaluationresultsthe tracking
algorithmcanbeimprovedto achievebettertrackingperformance.

4.1 Evaluation PerformanceMetrics

This sectionexplainstheperformancemetricsusedto quantitatively evaluatetheReadingPeopleTracker.
Let ±
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truth of frame · . Thespatialunionof trackingoutputobjects®
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The value Ž
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4.1.1 Pixel-basedMetrics

Thismetricsdonot treatavideoframeasacollectionof individualobjectsbut asasetof individualpixels.
Thefollowing pixel-basedmetricsarede�ned:

1. True Positives

Thenumberof matchedpixelsof videoframe · is givenby theintersection
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Ž (4.4)

TruePositivesarethosepixelsthetrackingalgorithmsuccessfullyidenti�ed asgroundtruth pixels.

Example:

TO 2

TO 1

GT 1
TP

Thenumberof TruePositivesis 15.

2. FalsePositives

FalsePositives(or falsepixels)arethosepixelsthetrackingalgorithmmistakenlyclassi�edasground
truthpixels.
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Example:

TO 2

TO 1

GT 1 FP

Thenumberof FalsePositivesis 20.

3. FalseNegatives

FalseNegatives(or missedpixels),areall pixelswhicharenot detected,althoughlabeledin ground
truth. Thus,its numberis givenby
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.

Example:

TO 2

TO 1

GT 1 FN

Thenumberof FalseNegativesis 3.

4. Pixel-basedPrecision

Pixel-basedprecisionof videoframe · is de�ned as1 minustheratioof FalsePositiveswith thetotal
numberof pixelsin
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Thenweightedaveragepixel-basedprecisionof all trackingoutputobjectsof all video frames…
�

thatcontaingroundtruth objectsis givenby
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Example:

TO 2

TO 1

GT 1 FP

Pixel-basedprecisionis de�ned as 1 minus the ratio of
FalsePositiveswith total numberof trackingoutputpix-
els.
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Pixel-basedprecisionmeasureshow well thetrackingalgorithmminimizesfalsealarms.

5. Pixel-basedRecall

Pixel-basedrecall is de�ned in a similar way. For a singleframe · , it is the ratio of TruePositives
with thetotalnumberof pixelsin
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Overall pixel-basedrecall of a videosequenceis thende�ned astheweightedaveragepixel-based
recallof all frames…

� thatcontaingroundtruth objects.
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Pixel-basedrecallmeasureshow well thetrackingalgorithmoutputcoversgroundtruth.

Example:

TO 2

TO 1

GT 1
TP

Pixel-basedrecall is the ratio of True Positives with the
totalnumberof groundtruth pixels.
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4.1.2 Object-basedMetrics

1. AverageObject Fragmentation

The intentionof this metric is to penalizea trackingalgorithmfor multiple trackingoutputobjects
coveringthesamegroundtruth object. Givena groundtruth object ±
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where …
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. Theaveragegroundtruthobjectfragmentationfor frame · is givenby
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Theoverallgroundtruth objectfragmentationof avideosequenceis de�ned as
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Figure 4.2 illustratesthe function
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Example:

TO 2

GT 1

TO 1

Thegroundtruthobjectis explainedby two trackingoutput
objects.Framewisefragmentationis
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2. Object-BasedPrecision

Object-basedprecisionof anobject ®

›
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‘

is theratio of theproportionof its areathatcoversground
truthobjects± ›
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with its totalareasizein pixels.Thus,object-basedprecisionis de�ned as
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Totalobject-basedprecisionof frame · is givenby theratio
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Overall object-basedprecisionof all trackingoutputobjectsof a video sequenceis the weighted
averageobjectprecisionof all framesin thegroundtruth dataset.
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Example:

TO 2

TO 1

GT 1
TP Object-basedprecisionis de�ned astheratioof TruePosi-

tivespertrackingoutputobject(normalizedby thetracking
outputobject'ssize)with thetotal numberof trackingout-
putobjects(two).
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3. Object-basedRecall

Object-basedrecallof anobject ±

›
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is theratio of theproportionof its areathat is coveredby the
setof trackingoutputobjects®
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with its totalareasize.It is de�ned as
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Total object-basedrecallof frame · is thende�ned astheratio of thesumof objectrecallswith the
totalnumberof groundtruth objectsof frame · .
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Overallobject-basedrecallof avideosequenceof …�� framescontaininggroundtruthobjectsis given
by
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Thismetricgivescreditto any portionof agroundtruthobjectthatis coveredby thetrackingoutput
nomatterhow smallthatportionis. Thiscanbethoughtof asthe“degree”of objectdetectionof the
trackingalgorithm.

Example:

TO 2

TO 1

GT 1
TP Object-basedrecallis theratioof TruePositivesperground

truth object(normalizedby thegroundtruth object's size)
with thetotal numberof groundtruthobjects(one).
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4.1.3 LocalizedObject-basedMetrics

1. LocalizedObject-BasedPrecision

Localizedobject-basedprecisioncountsthenumberof trackingoutputobjects®

›

—

œ

‘

thatsigni�cantly
covergroundtruth objects.
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Localizedobject-basedprecisionis de�ned as
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statesfor eachtrackingobject ®
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if it suf�ciently coversgroundtruth. Threshold‘ de�nes how
largetheminimumproportionof theoverlappingareaŽ ®
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Ž shouldbe.Theratioof tracking
outputboxesthatarepreciseenoughwith respectto ‘ with thetotalnumberof trackingoutputobjects
producedby thetrackingalgorithmis givenby
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Example:

TO 2

TO 1

GT 1
TP

Threshold‘ is setto 0.75.Both trackingoutputobjectsare
notpreciseenough:
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2. LocalizedObject-BasedRecall

For eachgroundtruth object ±

›

—

œ

‘

, localizedobject-basedrecall makesa harddecisionwhetherit
is considereddetectedor not. In this metric, a groundtruth object ±
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is detectedif a minimum
proportionof its areais coveredby ® ›

—
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. Themetriccountsthenumberof groundtruth objectsthat
aredetected,thussigni�cantly coveredby trackingoutputobjects.In contrastto object-basedrecall,
in this metrica groundtruth objectis eitherdetectedor misseddependingon threshold‘ . Localized
object-basedrecallis de�ned as
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statesfor eachgroundtruth object ±

›

—

œ

‘

if it is suf�ciently coveredby thetrackingoutput.Theratio
of thetotal numberof detectedgroundtruth objectswith thetotal numberof groundtruth objectsof
videosequenceis
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Example:

TO 2

TO 1

GT 1
TP

Threshold‘ is setto 0.75.Theratio of TruePositiveswith
the total numberof pixels of groundtruth object one is
largeenough.

}zë

} ‹

S

ë

ó

SoÆ

s ‹æƒôƒÇ¹ ‘��

Ï

Å��ƒ®%¸e·¥¸bä�·

²

Ž

�“±

\

a

�

S

}

�

Ï

�ƒ¸

`

¿
•™• _•"Ãä _

Ï

Å
� _

U

¸eä
¿

•D•

S

}

}

S

}

4.2 Selectionof SuitableVideoSequences

In order to evaluatethe ReadingPeopleTracker, video sequencesneededto be captured. In total, 92
sequenceswere recordedof which 23 are usedfor evaluationpurposes. All sequenceswere captured
indoor at ETH Zurich. Eachsequenceshows a typical situationwhich may or may not causeproblems
for a peopletracker: Peoplecrossing(occluding)eachother, occlusionwith backgroundandgroupsof
peopleareexamplesfor suchsituations.Thegoalwasto obtaina largedatasetof videosequencesfor the
evaluationof theReadingPeopleTrackerbut alsofor benchmarkingdifferenttrackingalgorithmslater.

Thereare12 differentsubjectsin thesequencesin total. Two womenand10 menof differentheight
andweight. Eachtypeof sequencewascapturedthreeto twelve timeswith differentpersons.This allows
it to computeaveragevaluesfor precisionandrecallfor atypeof videosequence.In thisway, trendscanbe
identi�ed which hold for a wholetypeof videosequence.All sequencesarecapturedat a constantframe
rateof 25Hz andhave a sizeof 352x288pixels (approximatelyhalf PAL resolution). Thosesequences
which were capturedmany times but with differentpeopleare groupedtogetherandassociatedwith a
“type” of videosequence.Thetypeof sequencesayssomethingaboutthecomplexity of thesequence.In
general,thehigherthetypethemoredif�cult thesituationfor today's trackingalgorithms.This grouping
of videosequencesdoesnot follow generalguidelinesor standards.It ratherfollowspersonalthanformal
guidelinesfor thenotionof complexity. Table4.1and4.2givesinformationaboutthesequencesthatwere
usedfor theevaluation.Figure4.3showsthegroundplaneof thevideocapturingsceneatETH Zurich.
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Figure 4.3: Video capturing scene at ETH Zuric h. The�gur e showsthegroundplaneof thevideo
capturingsceneat ETH Zurich. Theletters A to F denotestart or endpointsof peoplewalking through
thescene. A calibratedpan/tilt camera is used.In addition,videosequencetype1 is shownwhere people
eitherwalk fromA to C or C to A.

4.3 FramewiseEvaluation Type

The currentversionof ViPER (v4 Alpha 3) offers three typesof evaluations: framewise, object and
trackingevaluation. Only framewise evaluationsare performedin this thesis. Given a video sequence
of … frames,a framewise evaluationcomparesthe setof trackingoutputobjects ®

›

—

œ

for eachframe · ,
·

S

}K� s?s?s?��… with thesetof groundtruth objects±

›

—

œ

for this frame · . A typical framewiseevaluationis
shown 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 PERSONis evaluated.Although it is possible
to specifydifferenttypesof objectsto evaluateusingViPER, like GROUP_OF_PEOPLE, CARetc,only
objectsof typePERSONareconsideredin this work. ViPER searchesfor correspondingobjectsof type
personin the trackingoutputand in the groundtruth. Both arespeci�ed in XML. The objects' BODY
attributesarecompared.True Positives(matchedpixels),FalseNegatives(missedpixels),FalsePositives
(falsepixels)aswell asobject-basedfragmentationis calculated(comparesection4.1). Object-basedpre-
cisionandrecall(areaprecision,arearecall)aswell aslocalizedobject-basedprecisionandrecall([areapre-
cision.75],[arearecall.75]) arealsocomputedin this example.Threshold‘ which speci�estheminimum
portionof anobjectthatmustbecoveredis setto 0.75(seesection4.1).
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Type Sequence Duration in frames Number of persons
1 V1 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 V11 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. Each video
sequenceis associatedwith a type(column1). In general, thehigherthetypethemoredif�cult thesituation
for a peopletracker. In addition,thetableshowstheduration of a sequencein framesandthenumberof
personsappearingin it. Thevideosequencesall capturedat a constantframerateof 25Hzandat a sizeof
352x288pixels(approximatelyhalf PAL resolution).

Type Description
1 Onepersonis walking eitherfrom C to A (passingin front of column),A to C (passingin

front of column),B to E or E to B. Thesearethemostsimplestvideosequences(besidesthe
emptysequencewith no personsappearing).They werecapturedto gainbasicknowledge
aboutthe tracking algorithm and to �x basictracking parameterslike motion detection
thresholds,regionsizesetc.

2 Onepersonis runningfrom C to A, passingin front of thecolumn.This typeof sequence
may be usedto testandevaluatethe implementedlinear �rst-order motion modelof the
RegionTracker thatpredictsnew positionsof a trackregions.

3 Onepersonis walking from C to A or A to C, passingbehindthecolumneachway. This
typeof sequenceshowsonepersonthatis temporallyoccluded.Thetypeof sequencecan
beusedto evaluateocclusionhandlingof theReadingPeopleTracker.

4 Thesetypeof sequenceshowstwo persons,onewalkingfrom C to A andtheotherwalking
from A to C, crossingeachotherat F. It is very importantto evaluatethetrackeronmulti-
personsequencessincethereliability of the tracker stronglydependson theperformance
on this type of video sequences.For mostof today's trackingalgorithms,singleperson
trackingdoesnotpresentabig challenge.Thus,multi-peopletrackingis crucial.

Table 4.2: Video Sequences Description. Thetable givesa descriptionof each typeof videose-
quencethat is usedfor theevaluation.Figure4.3showsthevideocapturingsceneat ETHZurich.
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4.4 Resultsfocusingon Motion Detection

Thissectionpresentsevaluationresultsfocusingonmotiondetection.TheMotion Detectorof theReading
PeopleTracker is describedin section3.1.

4.4.1 Background-Foreground SegmentationThreshold

In theReadingPeopleTracker, background-foregroundsegmentationis theprocessof separatingwalking
peoplefrom a staticbackground.Themotionimageis generatedby �rst pixelwisedifferencingthevideo
andthebackgroundimageandthenthresholdingthe resultingdifferenceimage. This thresholdis repre-
sentedby theparameterDETECT_DIFF_THRESHof theMotion Detectorandmustbewithin therange
of 0 and1. Theparameteris internallyprojectedto therange �

Æ

æ

•

ëôë� . For two correspondingpixels ���

and ��� of thevideoandbackgroundimage,pixel ��� is consideredasforegroundif

Ž ã

µ��

u ã

µ��

Ž¢¹ DETECT_DIFF_THRESH (4.26)
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µ
� are(normalized)pixel values.

Thein�uence of DETECT_DIFF_THRESHis evaluatedonvideosequencetype1. A framewiseeval-
uationis performedandtherangeof DETECT_DIFF_THRESHis setto �
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� . Figure4.4shows the
resultsfor averagepixel-based,object-basedandlocalizedobject-basedprecisionandrecall. The curves
thatareshown areprecision-recallcurves,i.e. precisiononthex-axisversusrecallonthey-axis.Thepoint
of interceptionof theprecision-recallcurveandthefunction

ó
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is thepoint whereprecisionandrecall
areequal.FigureA.1 of appendixA showstheresultsfor eachvideosequenceof videosequencetype1.

Analysis

Consider�gure 4.4c.Thepoint on theprecision-recallcurvewhereDETECT_DIFF_THRESHis 0.08
is labeledwith its functionvalue. IncreasingDETECT_DIFF_THRESHwould result in higherprecision
but lower recall. On theotherhand,decreasingDETECT_DIFF_THRESHdoesnot affect recallasmuch
asprecision.Hence,a valueof about0.8for DETECT_DIFF_THRESHis optimal.

Figures4.5ato 4.5fshow frame77of videosequenceV2. Figures4.5ato 4.5cshow groundtruth(green
boundingboxes)aswell astrackingoutput(yellow boxes)for parameterDETECT_DIFF_THRESH0.02,
0.05and0.10. Figures4.5dto 4.5f illustratethecorrespondingmotion imagesproducedby the tracking
algorithm. It canbe seenthat precisionof trackingoutputobjectsincreasesas the parameterincreases
(trackingoutputboxesgetsmaller).Figure4.5ashows onetrackingoutputobjectcausedby illumination
changeson thewall on theleft. It ful�lls sizeconstraintsof trackedregion posedby theMotion Detector.
This means,the region is tracked for a short time. In �gure 4.5b this region is no more recognizedas
foreground. The detectedregion is not as preciseas the sameregion in �gure 4.5c. This is because
shadowson the�oor causedby thewalkingpersonarealsoidenti�ed asforeground.

Figures4.5g to 4.5l show groundtruth andtrackingoutputaswell asmotion imagesfor frame145.
From�gures 4.5gand4.5j it canbeseenthatfor avalueof 0.02for DETECT_DIFF_THRESH, nowalking
peoplearedetected.This is becausepotentialforegroundregionsdo not ful�ll sizeconstraints.Precision
increasesbut recalldecreasesasDETECT_DIFF_THRESHis changed.Comparing�gures 4.5kand4.5l,
onecanseethatregiontrackingis successfulfor DETECT_DIFF_THRESHsetto 0.05.For avalueof 0.1,
theRegionTrackercannotdetectaperson.No region is extractedby theMotion Detector. But theActive
ShapeTracker is still ableto identify andtrackthewalking person.This is shown in �gure 4.5i wherethe
(smaller)yellow box depictstheboundingbox of the �tted shape.Figure4.6aand4.6bshow theoutput
picturescorrespondingto �gures 4.5hand4.5i producedby theReadingPeopleTracker. As a resultof this
evaluation,DETECT_DIFF_THRESHis setto 0.85in furtherevaluations.
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Figure 4.4: Precision-recall cur ves for detection diff erence threshold evaluation. Figure
4.4aillustratesaverage pixel-basedprecisionand recall for videosequencetype1. Figure 4.4baverage
object-based,and �gur e 4.4c average localizedobject-basedprecisionand recall. The function value
of the precision-recall curve for a value of 0.8 for DETECT_DIFF_THRESHis shownin �gur e 4.4c.
Choosinga highervaluethan0.8wouldincreaseprecisionbut decreaserecall. Choosinga smallervalue
would not affect recall very much but decreasesprecision. The optimumis therefore closeto 0.8 for
DETECT_DIFF_THRESH. In furtherevaluations,theparameteris setto 0.85.
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(a) (b) (c)

(d) (e) (f)

(g) (h) (i)

(j) (k) (l)

detect_diff_thresh= 0.02 detect_diff_thresh= 0.05 detect_diff_thresh= 0.10

Figure 4.5: Ground truth and tracking output as well as motion image for frames 77 and
145. The�gur eshowsgroundtruth (greenboundingboxes)andtracking output(yellowboundingboxes)
for frames77 (rowsoneandtwo) and145(rowsthreeandfour). Motion imagesare shownfor each video
image. Groundtruth objectrecall decreasesas DETECT_DIFF_THRESHincreases.Thereverseholds
for precisionof trackingoutputobjects.
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(a) (b)

detect_diff_thresh= 0.05 detect_diff_thresh= 0.10

Figure 4.6: Tracking output of Region Tracker and Active Shape Tracker. Figure 4.6ashows
tracking outputwhere both, theRegion and theActiveShapeTracker recognizethewalking 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 ActiveShapetracker still
trackstheperson.Thus,theRegion Tracker usestheboundingboxof the�tted shapeasa new hypothesis
for a region (�gur e4.6b).

4.4.2 Minimum Sizeof Tracked Regions

The minimum size of a tracked region is given by its area �
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where�
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Å is theareaof thewholevideoimage,i.e. theproductof its width andheight.

MIN_REGION_SIZE shouldbe setto a suitablevalue. This because�rst, it doesnot make senseto
track regionswhich are too small to representwalking people. Second,becauseotherwisevideo image
noise,which is normallyonly a few pixels in sizeis identi�ed asvalid foreground.Perdefault thevalue
of theparameteris setto 0.001. For video imagesof size352x288(approximatelyhalf PAL resolution),
0.001correspondsto a region of about100pixels (or 10x10pixels). Compare�gure 4.7. To estimatea
suitablevaluefor MIN_REGION_SIZE, a statisticalmodelis used.All groundtruth objectsof all video
sequenceswhich wereusedfor evaluatingtheReadingPeopleTracker arethereforeconsidered.The set
of groundtruth objectsof all sequencesis …
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Theresultof equation4.28givesa valueof 0.0359for MIN_REGION_SIZE. This valuecorresponds
to about3640pixels. Figure4.7 shows the relations. The red coloredsquaredepictsa region of 10x10
pixels whereasthe greenrectanglehassize 40x91 pixels. It can be seenthat the greenrectanglecov-
ers much preciserthe areaof a walking person. The samestatisticalmodel is applied to parameters
MAX_REGION_SIZE, MIN_HEIGHT_TO_WIDTH, andMAX_HEIGHT_TO_WIDTH(seesection3.1).A
framewiseevaluationis performedandtherangeof MIN_REGION_SIZEis setto �

Æ
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}Mæ
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s }z� .

Figure 4.7: Minim um region sizes. Thearea of the yellow rectangleis of size40x91pixels. This
sizeis approximatedbyusinga statisticalmodelwhich takesinto considerationall groundtruth objectsof
all videosequencesusedfor evaluation.Theyellowrectanglecovers theregion of a walkingpersonmuch
preciserthantheblack square. Thesquare hassize10x10pixels(defaultvaluesetby theReadingPeople
Tracker).

Analysis

Comparing�gures 4.8a, 4.8b and 4.8c shows a linear trend of precision. Different values for
MIN_REGION_SIZE do only affect recall,not precision.As parameterMIN_REGION_SIZE increases,
fewer regionsgetextractedfrom themotionimage.Equation4.8explain this trend. Detectedregionsare
weightedby their sizein pixels. Larger regionsarethereforestrongerweighted.For a valueof 0.03for
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MIN_REGION_SIZE for example,peopleappearingin therearpartof thevideoimagegetextractedcor-
rectly. But this regionsdo not contributemuchto overall precision.They areweightedlessstrong. This
meansif regionsarenotdetectedbecausea too largevaluefor MIN_REGION_SIZEis used,thisdoesnot
signi�cantly affectoverallprecision.

Recallis decreasingfor increasingvaluesof MIN_REGION_SIZE. If no regionsaredetectedin one
frame · , pixel-basedrecallis 0 (equation4.9).Thisaffectsoverall recallbecausenotrackingoutputobjects
arematchedwith groundtruth.

FiguresA.2b, A.2d andA.2f of appendixA show a sharpbendof recall curvesfor video sequence
V11 between0.04 to 0.06. Video sequenceV12 doesnot show this bend. It is quite �at between0.04
and0.06. Figure4.9 shows video frame152 of sequenceV11, �gure 4.10 frame163 of sequenceV12.
For both �gures, if a too largevalueis usedfor MIN_REGION_SIZE, no regionsareextractedfrom the
motion image(4.9f and4.10f). In the caseof �gure 4.10d,the Active ShapeTracker keepstrackingthe
walkingperson,whereasin �gure 4.9dit alreadylost thetrack(notrackingoutputatall). Thisexplainsthe
sharpbendof recallcurvesin �gure A.2 between0.04and0.06for videosequenceV11. Both,theRegion
TrackerandtheActiveShapeTrackerlosethetrackof thewalkingperson.Theresultis thatfewer tracking
outputobjectsarecomparedwith groundtruth whencalculatinglocalizedobject-basedrecallfor instance.
This in turndecreasesgroundtruth objectrecall.

For furtherevaluationsteps,avalueof 0.0359for parameterMIN_REGION_SIZEisset.Thestatistical
modelwhich is usedto computethis parameterturnsout to becorrect.

4.4.3 RegionMerging Thresholdvs. DetectionDifferenceThreshold

REGION_MERGE_THRESHis a parameterof the Motion Detectorthat decidesif two extractedregions
aremergedinto one. Two regionsaremergedif their relative distanceto their sizesis smallerthanthis
threshold.Themeasure®������ ��� tis de�ned as
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where Ÿ

ò

and Ÿ

ó

is the absolutedifferencein x andy of the two regions.
�

�
�54 � and �

�
�64 � aretheir

widthsandheights.Region merging is not anexpensive operationandmakessensein two cases.First, a
cloudof many small regionscausedby imagedisturbancelike noiseis probablymergedinto oneregion.
Second,small regions in the neighborhoodof a larger onearealsomergedinto oneregion. If merged
regionsdonot ful�ll otherconstraintsasminimumor maximumregionsize,they arediscardedatanother
pointof thetrackingalgorithm.

The parameterREGION_MERGE_THRESHis initially set to 0.5 in the ReadingPeopleTracker
package. To �nd a suitable value for this parametera framewise evaluation on video sequence
type 1 is performed. ParameterREGION_MERGE_THRESHis analyzeddependingon parameter
DETECT_DIFF_THRESH(seesection4.4.1). The resultsfor averagelocalizedobject-basedprecision
andrecallareshown in �gure 4.11. FigureA.3 of appendixA illustratesaveragepixel-basedandobject-
basedprecisionandrecall.

Analysis

From�gure 4.11a lineartrendof precisionandrecallcanbeidenti�ed asREGION_MERGE_THRESH
increases.Figure4.12shows theprecision-recallcurve for only REGION_MERGE_THRESHin therange

�

Æ

s }Àær}ts

Æ

�•s Recallis moreaffectedthanprecisionasREGION_MERGE_THRESHincreases.Bestrecall is
reachedfor a valueof 0.5. Thein�uenceson overall precisionandrecallaresmall if this valueis coupled
with a valueof 0.85for DETECT_DIFF_THRESH. Thedependency on this two parametersis marginal.
Theparametersaresetto 0.5and0.85for REGION_MERGE_THRESHandDETECT_DIFF_THRESHin
furtherevaluations.
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Figure 4.8: Precision-recall cur ves for minim um region size evaluation. The �gur es illus-
tratesaverage pixel-based,object-basedand localizedobject-basedprecisionand recall for video se-
quencetype1. A linear trendof precisioncanbe identi�ed. Figure 4.8cshowsthe functionvaluewhere
MIN_REGION_SIZEis equal0.03.IncreasingMIN_REGION_SIZEdoesnotaffectprecisionverymuch
but recall rapidly decreases.A valueof 0.0359is setfor further evaluations(asapproximatedby thesta-
tistical model).
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(a) (b)

(c) (d)

(e) (f)

min_region_size= 0.04 min_region_size= 0.05

Figure 4.9: Tracking output, ground truth and motion image for frame 152 of video se-
quence V11 for MIN_REGION_SIZE of 0.04 and 0.05. The�gur eillustratestrackingoutput(yellow
boundingboxes)as well as ground truth (greenboundingboxes)in the top row. Themiddle row only
showstracking outputfromRegion andActiveShapeTracker asproducedby theReadingPeopleTracker.
Thebottomrow depictsthemotionimages.For too large valuesof MIN_REGION_SIZE, regionsare not
extractedanymore by theMotion Detector. Thisheavilyin�uencesothertracking modules.Both,Region
and ActiveShapeTracker losethe track of the walking person. No tracking output is generated(�gur e
4.9d)andgroundtruth objectrecall rapidlydecreases.
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(a) (b)

(c) (d)

(e) (f)

min_region_size= 0.04 min_region_size= 0.05

Figure 4.10: Tracking output, ground truth and motion image for frame 163 of video se-
quence V12 for MIN_REGION_SIZE of 0.04 and 0.05 The�gur e illustratestrackingoutput(yellow
boundingboxes)as well as groundtruth (greenboundingboxes)in the top row. Themiddlerow shows
only tracking outputfrom Region and ActiveShapeTracker as producedby theReadingPeopleTracker.
Thebottomrow depictsthemotionimages.For too large valuesof MIN_REGION_SIZE, regionsare not
extractedanymorebytheMotionDetector. In thiscase, theActiveShapeTracker keepstrackingtheperson
(�gur e 4.10d). Thetrack is not completelylost as in �gur e 4.9. This is whygroundtruth objectrecall is
higherfor this videosequencethanfor sequenceV11.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-basedprecisionandrecall for each
pair of values.A linear trendcanbeidenti�ed for both,precisionandrecallasREGION_MERGE_THRESH
increases.Thedependencyon this two parameters is onlymarginal.
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Figure 4.12: Precision-recall cur ve for region merge threshold evaluation. A linear trendcan
beidenti�ed for precision.Recallis moreaffectedthanprecisionasREGION_MERGE_THRESHincreases.
Bestrecall is achievedfor a valueof 0.5.Thisvalueis thereforeusedin furtherevaluations.Usinga higher
(or lower) valuewouldaffectrecallmuch stronger thanprecision.

4.5 In�uences of ImageQuality on Tracking Performance

Two differenttechniquescanbe chosento �lter motion images.Onetechniqueto �lter video andback-
groundimagesduring motion detection.The in�uencesof these�ltering techniqueson trackingperfor-
manceareexaminedin this section.Available�ltering techniquesfor motionimagesare:

' Median �lter: This appliesa spacialmedian�lter on the motion image. For eachpixel ���

ò

�

ó

�

(pivot pixel) of themotionimage,its neighborhood…87z�D���

ò

�

ó

�@� is examined.Thisneighborhoodis
givenby a 3x3 pixel window which has ���

ò

�

ó

� at its center. All pixel valueswithin this window
aresorted.Thecenterof thesortedpixelsis returnedasnew valuefor ���

ò

�

ó

� in themotionimage.
Themedian�lter will removenoisespikesfrom themotionimagewithout signi�cantly blurring its
edges.



48 Chapter4. Evaluationof theReadingPeopleTracker

 0

 5

 10

 15

 20

 25

 30

 35

 40

 45

 50

 55

 60

 65

 70

 75

 80

0 1 0 1 0 1

av
er

ag
e 

lo
ca

liz
ed

 o
bj

ec
t-

ba
se

d 
pr

ec
is

io
n/

re
ca

ll

precision
recall

motion_image_dilationblur_motionmedian_filter_motion_image

Figure 4.13: Localiz ed object-based precision and recall for diff erent image �ltering tech-
niques. The�gur esillustratesprecisionand recall resultsfor disabling(0) and enabling(1) an image
�ltering technique. Thedifferencesof precisionand recall betweenmedian�ltering motion imagesand
blurring video imagesare small. Thus,only the median�lter is usedin further evaluations. Enabling
Motion imagedilation resultsin lowervaluesfor precisionandrecall (see�gur e4.14).

' Dilation: In this operation,any blackpixel of themotion image(background)thathasat leastone
white neighbor(foreground)is changedto white. This operationhasthe effect of changingblack
edgepixels to white, therebyincreasingthesizeof foregroundobjects. If two or moreforeground
objectsareseparatedby agap,dilationhastheeffectof fusingtheseobjectstogether. Dilation is the
counterpartof erosion, i.e. dilating foregroundpixelsis equivalentto erodingbackgroundpixels.

Available�ltering techniquefor videoandbackgroundimagesis:

' Blurring: Blurring (akasmoothingor Gaussiansmoothing) is achievedby convolution. A Gaussian
convolutionmask(Gaussiankernel)of size3x3pixelsis used(in theReadingPeopleTracker). One
propertyof aGaussiankernelis thatit formsaweightedaverageoverall pixelswithin thekernelthat
weightspixelsat its centermuchstrongerthanpixelsat its boundaries[31].

Figure4.13showsevaluationresultsfor videosequencetype1. Thehistogramsshow averagelocalized
object-basedprecisionandrecallwhena �ltering techniqueis enabled(1) anddisabled(0).

Analysis

Median�ltering motion imagesandblurring video imagesresultsin similar valuesfor precisionand
recall. In general,blurring, i.e. convoluting an image,is anexpensive operation.Usinga median�lter is
lessexpensive. Thus,blurring is disabledin furtherevaluations.

Figure4.13 also illustratesthat usingdilation resultsin lower precisionand recall. Consider�gure
4.14.It showsframes50 to 53of videosequenceV5. The�rst two rowsshow effectsof disablingdilation.
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Rows threeandfour re�ect effectsof enablingdilation. In thecaseof disablingmotionimagedilation, the
region that is extractedfrom frame50 is too small. Theperson's legsaremissing. A shapeis �tted into
this regionby theActiveShapeTracker. In thefollowing frames,theActiveShapeTrackerkeepstracking
theperson.No new regionis extractedby theMotion Detector, thustheboundingboxof the(wrong)�tted
shapeis propagated.Althoughtheresultsof disablingdilationarepoor, groundtruthrecallis increaseddue
to equation4.24. Groundtruth objects(actuallyportionsof groundtruth objects)aremoreoftendetected
whendisablingdilation. In thecaseof enablingdilation,no trackingoutputis generatedfor frames51and
52, i.e. recall is lower. But the trackingoutput for frames50 and53 does�t the walking personmuch
preciser. As a resultof this evaluation,motionimagedilation will beenabledin furtherevaluationsanda
small lossof recallaccepted.

frame50 frame51 frame52 frame53

Figure 4.14: Effects of disab ling and enabling motion image dilation. The�gur eshowseffects
of disabling (�r st two rows) and enabling(secondtwo rows) motion image dilation. Disabling motion
image dilation resultsin poor tracking results. The sizeof the detectedmoving region is too small to
containthewholeperson. Thelegsare missing. TheActiveShapeTracker �ts a shapeinto this too small
region. Recall is higher becausemore tracking output is generatedfor the wholeframespan. Enabling
dilation resultsin extracting a region of correct size(frame50). TheActiveShapeTracker fails to �t a
personinto this region. TheRegion Tracker in turn fails to detectregionsfor frames51 and52. Thus,no
trackingoutputis generated.Groundtruth recall is lowerbut thetrackingoutputfor frames50and53 �ts
thewalkingpersonmuch preciser. Motion imagedilation is thereforeenabledin further evaluationsanda
small lossof recall accepted.
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Figure 4.15: Bene�ts of Active Shape Tracker and Human Feature Detector on tracking
perf ormance for video sequence type 3. The �gur e showsresultsfor average localizedobject-
basedprecisionandrecall whendisabling(0) andenabling(1) theActiveShapeTracker andtheHuman
FeatureDetector. UsingtheActiveShapeTracker clearly increasesrecall. Precisionis not much affected.
Thegainof enablingtheHumanFeatureDetectorin additionto theActiveShapeTracker is onlymarginal
for this typeof videosequence.

4.6 Bene�ts of ActiveShapeTracker on Tracking Performance

TheActiveShapeTrackerusestheoutputof theRegionTrackerandtheHumanFeatureDetectorto initial-
ize a track. Oncea trackis initialized for frame · , theActive ShapeTrackerpredictsits positionfor frame

·

Z

} usinga Kalman�lter (seesection3.4.1). If the Region Tracker fails to detecta region, i.e cannot
matcha predictionwith a measurementfrom theMotion Detector, it consultstheActiveShapeTracker. If
theActive ShapeTracker successfullytrackstheperson,theboundingbox of the �tted shapeis takenas
thenew positionof theregion. This caseis shown in �gure 4.17.A framewiseevaluationis performedon
videosequencetype3.

Analysis

Figure4.15showsresultsfor averagelocalizedprecisionandrecallwhentheActiveShapeTrackerand
theHumanFeatureDetectoraredisabled(0) andenabled(1). EnablingtheActive ShapeTracker clearly
increasesrecall. Thegainof enablingtheHumanFeatureDetectorto improve shapeinitialization is only
marginal. Theincreasein recallcanbeexplainedconsidering�gure 4.17.Thetop row shows thetracking
outputfor frames56 to 60whentheActiveShapeTracker is disabled.Only theRegionTracker is enabled.
Themiddle row shows theresultswhentheActive ShapeTracker is enabled.Thebottomrow shows the
trackingoutputasproducedby theReadingPeopleTracker (Active ShapeTracker enabled).TheRegion
Trackercannotdetecta region for frames57 to 59becausetheMotion Detectordoesnotextracta moving
region. No trackingoutputis generatedin this case.WhenenablingtheActive ShapeTracker, it succeeds
to �t a shapeinto the region detectedby theRegion Tracker. Frame56 shows the �tted shapeaswell as
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thesurroundingboundingbox. For subsequentframes,theboundingboxof the�tted shapeis usedasnew
positionfor thelost regionof frame56.

Theprecisionof thetrackingoutputdoesnotchangewhenenabling/disablingtheActiveShapeTracker.
In either case,the precisionof the output boundingboxes is the same. More valid tracking output is
producedwhenusingthe Active ShapeTracker. The groundtruth is well approximatedfor the depicted
framespan.Dueto equation4.24a higherrecall is reached.Groundtruth is moreoftendetected.

Anotherbene�t of usinganActiveShapeTracker is whenpeoplearetemporallyoccluded.Figure4.18
shows onepersonpassingbehinda column. TheActive ShapeTracker is disabledfor �gure 4.18a. The
partof theperson'soutlinein �gure 4.18bwhichis againvisibleis suf�cient to �t ashape.Hence,thetrack
thatwaslost whenthepersonwasalmostcompletelyoccludedis re-gainedfaster. This in turn increases
overallgroundtruth recall.

The sameframewise evaluationis accomplishedfor video sequencetype 4. This type of sequence
shows two personswho crosseachother. Theresultsfor averagelocalizedprecisionandrecallareshown
in �gure 4.16.Basically, thesameargumentsapplyto theresultsin �gure 4.16.Groundtruthrecallis again
higherwhenusingtheActive ShapeTracker becausepeoplearetrackedmorestable.Precisionincreases
aswell. This is, becausethe morenarrow boundingboxesof �tted shapesaretaken as trackingoutput
whentheRegion Tracker fails to detectregions.Anothersituationoccursasshown in �gure 4.19. At the
beginning,thetwo personsaresuccessfullytracked,but asthey cross,they arenomoreassociatedwith the
sameidentity.
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Figure 4.16: Bene�ts of Active Shape Tracker and Human Feature Detector on tracking
perf ormance for video sequence type 4. The �gur e showsresultsfor average localizedobject-
basedprecisionandrecall whendisabling(0) andenabling(1) theActiveShapeTracker andtheHuman
Feature Detector. Using the Active ShapeTracker for this type of video sequencedoesagain increase
recall. Precisionis notmuch affected.
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frame56 frame57 frame58 frame59 frame60

Figure 4.17: Effects of disab ling and enabling the Active Shape Tracker on tracking per-
formance . Thetop row illustratestheeffectsof disablingtheActiveShapeTracker. No tracking output
is generatedfor frames57 to 59. Theeffectsof enablingtheActiveShapeTracker is shownin themiddle
row. In thecasewhere theRegion Tracker fails to detecta region (frames57 to 59) theboundingboxof
the �tted shapeis taken as new positionfor the (lost) region. Thetracking outputas is producedby the
ReadingPeopleTracker whenenablingtheActiveShapeTracker is shownin thebottomrow.

(a) (b)

Figure 4.18: Bene�t of the Active Shape Tracker when people are temporall y occ luded. The
�gur e showsonepersonwhich is temporally occludedwhenpassingbehinda column.For theleft image,
theActiveShapeTracker is disabled.WhentheActiveShapeTracker is enabled,the track that waslost
whenthepersonwasalmostcompletelyoccludedis fasterre-gained.Theperson'soutlinewhich is again
visibleis suf�cient for shape�tting .
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(a) frame98 (b) frame100 (c) frame104 (d) frame105

(e) frame106 (f) frame107 (g) frame108 (h) frame109

(i) frame111 (j) frame112 (k) frame113 (l) frame120

Figure 4.19: Chang e of identity . The �gur e showstwo personswho crosseach other. TheActive
ShapeTracker successfullytracksthepersonsin frames98 to 104. In frame105,theleft personis slightly
occludedby theright one. TheActiveShapeTracker fails to �t a shapeto theleft person.In frame106,the
Motion Detectorextractsthetwo personsasonelarge region. TheRegion Tracker “knows” there should
betwo persons.It usesregion merging andsplitting (section3.2.1)to keepdetectingthem(frames107to
111). In frame107, the ActiveShapeTracker then�ts a shapeto bothpersons. In frames108and 109,
only thepersonin thefront is detectedby theActiveShapeTracker. But thepersonin thefront still hasthe
correctidentity(yellowshape).In frame111,a shapeis again(poorly) �tted twobothpersons.Theperson
in theback nowgetstheidentityof thepersonin thefront (frame113). Frame120showstwo completely
new identities.TheActiveShapeTracker again detectstheleft person,but shape�tting is poor becauseof
verylow imagecontrastbetweentheperson'spulloverandthebackground.





Chapter 5

Conclusionsand Futur eWork

The implementedcapturingand calibrationenvironment is useful to rapidly capturevideo sequences.
The used programmingAPI's video4linux and ffmpeg are very powerful and in the caseof
video4linux well documented.Theffmpeg library, althoughstate-of-the-art,is poorly documented
andhardto understandwithout additionalknowledgeaboutvideoencodinganddecodingstandards.

Theproblemsthatarisein implementingTsai'salgorithmto performcameracalibrationaremostlikely
to occurin earlierstages.Thecalibrationalgorithmis verysensitive to inaccuraciesin input imagepoints.
Selectingpointsof very high accuracy is crucial. The techniqueto selectthis input imagepointsat the
momentis to �t lines to edgesof a checkerboardcalibrationtarget. Theselines are then intersectedto
obtainthedesiredinput imagepoints. Onemajorproblemwith this approachis largely dueto effectsof
video imagedistortion. The intersectionof lines doesonly result in accurateinput imagepointsif those
pointswhich de�ne the lines itself areundistorted�rst. Therefore,an approximationfor the distortion
coef�cient y

a

needsto be calculatedprior to approximatingit by cameracalibration. This procedurein
turn is very error-pronebecauseagain,a setof imagepointsmustbemanuallyselected�rst. This means,
theerrorcausedby animpreciseprior approximationfor y

a

is alsore�ectedin theaccuracy of input image
pointsobtainedby intersectinglines.

To overcomethis kind of error, future work may investigatedifferenttechniquesof automaticimage
featurepoint extractionwithout userinteraction. This would result in fasterandmoreaccuratecamera
calibration.

Settingup the ReadingPeopleTracker from scratchis not easy. Many parameters(> 100) needto
becorrectlyset. Thecodeitself is well documentedandpropercodeengineeringaspectswerefollowed.
Besidesthesepurelytechnicaldetails,theoverall trackingoutputcreatedby thefour co-operatingtracking
modulesgivesenoughroomfor interpretation.Thetrackingprocessstartwith motiondetection.Thecalcu-
lationof thebinarymotionimageis crucial.Themotionimageis calculatedby thresholdingthedifference
image. Usinga too small or too largevaluefor this threshold(parameterDETECT_DIFF_THRESH) re-
sultsin mis-detection.Either truemoving foregroundis ignoredor wrongstaticbackgroundis identi�ed
asforeground. In addition,theminimum andmaximumtrackedregion sizeshouldbe properlyset. The
statisticalmodelwhich is usedin this thesisto approximateminimum andmaximumregion sizegives
meaningfulvalues.

The effectsof usingdifferentimage�ltering techniquesfor motion andvideo imagesaremostobvi-
ous for motion imagedilation. Dilating motion imagesresultsin more contiguousforegroundregions.
Extractedregionsaremorelikely of correctsizewhich is importantfor subsequenttrackingsteps.

Thenext stepin thetrackingprocessinvolvestheRegionTracker. Theregionsextractedby theMotion
Detectoraretracked over time by the Region Tracker. Region merging andsplitting helpsto overcome
problemsduring motion detectionwhen peoplestandingcloseto eachother are extractedas one large
region. Futurework would surelyhave to dealwith this partof thesystemin moredetail. Especiallythe
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bene�tsof regionmergingandsplittingneedsto beanalyzedfor multi-peoplesequences.

TheReadingPeopleTrackerclearlybene�tsfrom theuseof theActiveShapeTracker. If tracksarelost
by theRegionTracker, theActiveShapeTrackerconstantlykeepstrackingtheperson.Anotheradvantage
of usingtheActiveShapeTrackeris apparentwhenpeoplearetemporallyoccluded.In thiscase,lost tracks
arere-gainedfaster, becausenot thewholepersonoutlinesneedsto bevisible for shape�tting. This in turn
haslargeeffectsongroundtruth objectrecallwhich is clearlyhigher.

The HumanFeatureDetectorhasthe smallestin�uenceson overall trackingperformance.The gain
whenenablingthis trackingmoduleis only marginal for theanalyzedvideosequences.More evaluations
shouldbeaccomplishedwherepeopleappearin largergroups.It is assumablethat for this typeof video
sequence,the HumanFeatureDetectorstrongeraffectsoverall trackingperformance,becauseof better
identifyingandseparatingmultiplepersonsby detectingmultipleheadpositions.

Futurework shouldalsoinvestigatethein�uencesof othertrackingparametersonoverall trackingper-
formance.Trackingoutputshouldbeanalyzedfor videosequencesshowing situationsof highercomplex-
ity (many people,groupsof people,peopleoccludingwith background).In addition,not only framewise
evaluationsshouldbeperformedbut alsotrackingevaluations.This means,how well theReadingPeople
Trackerkeepstrackingthesameidentities(persons)acrossmultiple frames.



Appendix A

Additional Precisionand RecallCurves

Thefollowing list givesinformationaboutthe�gures in thisappendix.

' Figure A.1: The �gure shows precisionand recall curves of the detectiondifferencethreshold
evaluation(DETECT_DIFF_THRESH) of section4.4.1. The thresholdis evaluatedin the range

�

Æ

s

Æ

}•æ

Æ

s~}

Æ

� . A framewiseevaluationis accomplishedonvideosequencetype1.

' FigureA.2: The�gure illustratesprecisionandrecallcurvesfor theminimumregionsizeevaluation
(MIN_REGION_SIZE) of section4.4.2.Again,a framewiseevaluationonvideosequencetype1 is
performed.MIN_REGION_SIZE is variedin therange �

Æ

s~}Mæ�}ts

Æ

� .

' FigureA.3: This �gure shows the3-dimensionalprecisionandrecallsurfacesfor theevaluationof
section4.4.3. The detectiondifferencethresholdis evaluatedagainstthe region merge threshold
(REGION_MERGE_THRESH) onvideosequencetype1.

The thicker red curves in �gures A.1 and A.2 show the averageover all video sequencesof video
sequencetype1. Thosevideosequencesin which all personsarewalking from thesamestartpositionto
thesameendposition(referto �gure 4.3)areplottedin thesameline color.
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Figure A.1: Precision and recall cur ves for the detection diff erence threshold evaluation.
The top row showspixel-basedprecisionand recall. Themiddle row object-basedand the bottomrow
localizedobject-basedprecisionandrecall.
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Figure A.2: Precision and recall cur ves for the minim um region size evaluation. Thetop
row showspixel-basedprecisionand recall. Themiddlerow object-basedand the bottomrow localized
object-basedprecisionand recall. Video sequenceV12showsthe sharpestbendbetween0.04and 0.06.
V11is almost�at within this interval.
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Figure A.3: Precision and recall surfaces for the region merge threshold vs. detection
diff erence threshold evaluation. The top row illustratesaverage pixel-basedprecisionand recall
whereasthebottomrow showsaverageobject-basedprecisionandrecall.
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Building the Rotation Matrix fr om
Yaw, Pitch and Roll Angles

If a solutionfor theyaw, pitch androll angles
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is found,thematrix elements
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theorthonormalrotationmatrix
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(section2.1.1)canbecomputedin thefollowing way.
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Appendix C

CCTool UserManual

CCTool is a Qt applicationto captureandencodevideo sequencesandto performcameracalibration.
Tsai'sperspectivepin holecameramodel[12] is usedto calibrateaSony EVI-D100Ppan-tilt-zoom(PTZ)
camera[40, 41]. Therequiredsoftwareto run CCTool is Qt [43], video4linux [44] andtheffmpeg
libraries[45].

WhenstartingCCTool thewidget in �gure C.1 is displayed.After selectingthepropervideodevice
andchannelfrom the“CaptureControls”box, thecapturedcameraimagesareshown in the“Video” box.
Thecamera(s)canbecontrolledby thebuttonsandslidersin the“CameraControls”box. Thecamerathat
is to becontrolledmustbeselectedin the“VISCA tree” box. To panor tilt thecamera,thebuttonsin the
“Pan/Tilt Drive” boxareused.Pan/tilt speedcanbeadjustedby thecorrespondingsliders.Whitebalancing
is performedby selectingoneof four methodsin the“Exposure”box.

Having adjustedthecameraposition,thecapturedvideo imagescanbeencodedby choosinga video
�lename andpressingon the“Start Encoding”button in the“EncodingControls”box. If the �lename is
givenwithoutextension,MPEG-1videoencodingis used.Otherwise,thepropervideoencodingformatis
chosenautomaticallyfrom the�le extension.Thesupportedencodingformatsarefoundin [45].

By pressingon the“CalibrateCamera”button thewidget in �gure C.2 is displayed.Thecurrentcap-
tured video imageis shown in the “Image” box. To load or save an image,the controlsin the “Main
Controls” box areused. Beforelines canbe selectedthe grid sizeof the cameracalibrationtarget must
beset. FigureC.2 shows a checkerboardcalibrationtargetof 7x7 cornerpoints. Two waysexist to select
linesin theimage:eitherby directly clicking pointslying ona line andpressingthe“Add Line” button,or
by loadingpreviouslyclickedpointsfrom �le. This is achievedby selectingthe“ImagePointsFromFile”
checkbox andenteringthe�lename in the text �eld aside.Having selectedthe lines, the imageneedsto
beundistortedby pressingthe“Undistort Image”buttonin the“Distortion Controls”box. Thecalculated
distortioncoef�cients y

a

and y

d

areshown in thecorrespondingtext �elds. It is alsopossibleto enterthe
coef�cients directlyandto undistorttheimage.In thiscasenonew calculationsof y

a

and y

d

areperformed.
It is importantto saythatall imageoperationsarealwaysperformedon thecurrentdisplayedimage.All
imagesarestoredandcanbere-displayedby pressingthe“Switch View” buttonin the“Viewer Controls”
box.

To �t the grid to the strongestedgesof the checkerboard,pressingthe “Fit Grid” button shows the
selected(yellow) lines�tted to edgesof thecheckerboard.If theresultis insuf�cient, thenumber(#) and
lengthof thenormallines (red)canbe adjusted.The lengthof thenormallines is speci�ed by adjusting
a low (L) anda high (H) value. The stepsize(S) that is usedto samplealongthe normallines canalso
be speci�ed. The groundplanemust be speci�ed beforeperformingcameracalibration. This is done
by selectingthe“ChooseGroundPlane”checkbox andclicking theoutermostpointsof thegroundplane.
Pressingthe“CalibrateCamera”buttonrunstheTsaicalibrationsoftware[17]. Theapproximatedextrinsic
andintrinsiccameraparametersarestoredin the�le cam_cp.datin thecurrentdirectory.
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Figure C.1: Video capturing and encoding par t. The �gur e showsthe widget that is displayed
whenCCTool is started.Thecapturedvideoimagesare displayedin the“Video” box. Capture controls
areusedto selectthevideodeviceandchannel.Encodingcontrolsspecifytheformatof theencodedvideo
stream. The�le extensionof the usersupplied�lename is usedto automaticallyselectthe proper video
encodingformat. Furthermore, the camera(s) are controlled by the buttonsand sliders in the “Camera
Controls” box. Whenthepositionof thecamera is �xed, it canbecalibratedby pressingthe “Calibr ate
Camera” button.
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Figure C.2: Grid �tting and camera calibration par t. Thewidget shownin this �gur e is displayed
whenthe“Calibr ateCamera” buttonof themainapplicationwidget (�gur e C.1) is pressed.Thecurrent
capturedvideoimage is displayedin the “Image” box. Is is changedby usingthecontrols in the “Main
Controls” box. Linescanbespeci�edby directlyclicking pointsin the image or by readingin previously
clickedimage pointsfrom�le . Theimage mustbeundistortedbefore thegrid canbe�tted to edgesof the
checkerboard. Afterhavingspeci�edthegroundplane, thecamera is calibratedbypressingthe“Calibr ate
Camera” buttonin the“Tsai Controls” box.





Appendix D

Program List

' CCTool: Capturingand calibrationapplicationto capturetest video sequencesto evaluatethe
ReadingPeopleTracker. Video frameacquisitionis implementedusingthe video4linux API
[44]. Encodingof individualvideoframesis implementedusingtheffmpeg library [45]. TheSony
PTZcamerasarecontrolledby theVISCA protocol.Referto appendixC for a shortusermanualof
CCTool .

' bbstatistics: ShortPerlprogramthatimplementsthestatisticalmodelexplainedin section4.4.2.All
XML �les thatcontaingroundtruthdataneedto bespeci�edin thecode.A groundtruthobjectis de-
�ned asarectangularboundingboxof known width andheight.Theprogramcalculatestheaverage
groundtruth objectareaaswell asits standarddeviation. The averagegroundtruth objectheight-
to-width-ratiois calculatedaswell. TheparametersMIN_REGION_SIZE, MAX_REGION_SIZE,
MIN_HEIGHT_TO_WIDTHandMAX_HEIGHT_TO_WIDTHof the Motion Detector(section3.1)
canthenbeadjustedappropriately.

' mkdaevaluation2D: Perl script to perform evaluationswith respectto a seriesof valuesfor one
trackingcon�gurationparameter. Thescriptchangestheparameterto userde�ned values,oneafter
theother, runstheReadingPeopleTrackerandstartsViPER to calculatetheperformancemetricsof
section4.1.Having performedto seriesof evaluations,thescriptautomaticallygeneratesplotsusing
GnuPlot .

' mkdaevaluation3D: A slightly modi�ed versionof mkdaevaluation2Dto run evaluationswith re-
spectto a seriesof valuesfor two trackingcon�gurationparameters.

' overlaybbs: SmallC++ applicationthatoverlaystrackingoutputboundingboxesof differentruns
of theReadingPeopleTracker togetherwith groundtruth ontothesamevideoimages.

' mkdaoutputmovie,mkdamotionmovie,mkdadiffer encemovie: Shellscriptsto generateMPEG-1
moviesof thesetsof individualvideo,motionanddifferenceimagesproducedby theReadingPeople
Tracker. Theffmpeg librariesareusedto encodethemovies.

' RPY_Transform: ShortC programthattakestheroll, pitchandyaw angles

U

E ,

U

G and

U•q

(section
2.1)andcalculatestheelements

`�a

� s?s?s �

`
n

of therotationmatrix

U

asdescribedin appendixB.

' mkdaevalscene: Shell script takesoneMPEG-4 test video sequenceandsplits it into individual
videoframes.Theseindividualframesareusedby theReadingPeopleTracker. In additionthescript
generatesanMPEG-1movie usedby ViPER.
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Task

E.1 Intr oduction

In recentyears,(semi-)automaticvisual surveillancesystemhave gainedincreasingimportance. Since
videocamerashave becomeinexpensiveandwidely available,theamountof datato beprocessedhasin-
creasedmassively. Still, availablesystemsarefarfrom beingrobustandreliableif appliedto unconstrained
real world scenes.Oneof the mostchallengingtasksin this areais to track simultaneouslyan arbitrary
numberof peopleat a crowdedplace,e.g. an undergroundstation,train stationor airport. The goal of
this project is to evaluatequantitatively and qualitatively the performanceof a state-of-the-arttracking
algorithmwith respectto suchsurveillancescenarios.

E.2 TaskDescription

The thesisconsistsof threemajor work packagesand shouldresult in an improved implementationof
theappearancemodelfor humansusedfor theMANTIS peopletracker [1]. The individual packagesare
detailedasfollows:

1. Capturing & Calibration Envir onment. In thevery�rst stageof thethesis,asuitableenvironment
for capturingtestsequenceshasto bebuilt. The resultingapplicationshouldprovide evenlessex-
perienceduserswith meansfor capturingvideo sequencesfrom a Sony EVI-D100Ppan-tilt-zoom
(PTZ)camera[40, 41]. Furthermore,thetool hasto providefunctionalitiesfor semi-automaticcam-
eracalibrationwith sub-pixel accuracy usinga checkerboardtarget. The following requirements
haveto bemet:

' Key classeshave to �t into theMANTIS trackingframework which alsoservesasa basefor
thewholeimplementation.

' The graphicaluserinterface(GUI) hasto be implementedusingQt , the cross-platformGUI
toolkit developedby Troll Tech[43].

' Imageacquisitionhasto beimplementedusingthevideo4linux 2 API [44].
' Encodingvideosequencesis implementedusingtheffmpeg library [45].
' Cameracalibrationhasto bedonewith sub-pixel accuracy.
' As partof theMANTIS API, a HTML documentationhasto begeneratedfor all implemented

classes.
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2. Evaluation of the ReadingPeopleTracker. In thesecondandmorescienti�c partof thediploma
thesis,the ReadingPeopleTracker [26, 3] will be evaluatedqualitatively andquantitatively. This
evaluationcanbesubdividedinto thefollowing work packages:

(a) Settingup theReadingPeopleTracker. Besidessettingup theactualtrackingsystem– which
is availableassourcecode,reviewing the relatedliteratureis part of this step. Building up a
soundunderstandingof theunderlyingalgorithmsandconceptsis fundamentalfor laterwork.

(b) De�nition and acquisitionof a testbed. A reasonablesetof testingsequencesre�ecting the
visualsurveillancetaskin a public environmentwill bede�ned togetherwith thetutor. After-
ward, thesequencewill becapturedusingthecapturingandcalibrationtool developedin the
�rst partof thethesis.

(c) Evaluationof theReadingPeopleTracker. In this �nal step,theReadingPeopleTrackeris eval-
uatedusingthesequencescapturedin thepreviousstep.Focusof theanalysisis thetracker's
performancewhenappliedto crowdedscenes.Theexactprocedurefor evaluationwill bedis-
cussedwith thetutorbut shouldprovideanswersto thefollowing questions:

' How well performstheReadingPeopleTracker in avisualsurveillancescenario?
' Whatarethe limiting factors?Underwhich conditionsis theperformanceof the tracker

good,or badrespectively?
' Which partsof the tracker provide how much to the result? In particular: How is the

performanceof theActiveShapemodule?
' Is it reasonableto usean Active Shapemodel for improving the trackingperformance

of MANTIS? Are therepromisingextensionsto the basicmodel (e.g. additionalcolor
model)?

3. Integration of Active ShapeModels into MANTIS. If theperformanceanalysisof Active Shape
modelsis promising,they shouldbe integratedinto MANTIS. If the outcomeof the evaluationis
not satisfactory, therestof thethesisshouldbespendwith searchingfor alternative ideasfor robust
appearancemodels.

The Thesisbegins on the 31.2.1972.It shouldendby 45.8.2012.A diplomaThesisis to be concluded
with a �nal reportandpresentation.SeethePCCVGuidelinesbelow for details. By signingthestudent
andtutor agreeon thetaskdescriptionandcon�rm to have readandunderstoodthePCCVGuidelinesfor
diplomaTheses.

Zürich,31.2.1972

TheStudent TheTutor
No Student No Tutor
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