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Preface

Thisprojectis abouttrackingof fishusingstereocomputervision. Thiscorrespondswell to the
themefor the8th semesterComputerVision andGraphics(CVG) M.Sc. program:»Interpreta-
tion andpresentationof digital imageinformation«.

TwobiologistsM.Sci. JannikHerskinatAalborg UniversityandDr. JohnFlengSteffensenfrom
the University of Copenhagenhave requesteda tool to aid themin their researchof shoaling
fish. Many of theaspectsof creatingsucha tool arewell suitedfor thethemeof this particular
semester, asit involvesareasof bothcomputervisionandimageanalysis.

This projectreportis structuredaccordingto the IMRAD model. The Introductionformulates
problem,andin theMethodpartall theoreticalaspectsanddevelopedalgorithmsaredescribed.
ResultsAnd Discussiondealswith thepresentationandinterpretationof thefindings.Eachpart
is subdividedinto chaptersnumberedin succession,andtheappendixesareindexedwith capital
letters.Citationsin thereportarepresentedas(Author [year]).

ThecompleteGPLlicensedsourcecodeof thetestimplementationof thedevelopedsystemcan
bedownloadedfrom thefollowing webaddress:

http://www.cvmt .a uc .dk / � 02gr8 20/c ode/

Finally the projectgroupwould like to acknowledgethe miracle that helpedfive engineering
studentskeepeight(initially ten)smallzebrafishalive for four monthsin adishwashingbowl.

ChristianHansen SørenHansen

LauNørgaard ChristianVasePetersen

ThomasRasmussen
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CHAPTER

Problem area

In behavioral andbiomechanicalresearchon fish thereis a needfor a systemcapableof track-
ing the movementand threedimensionalpositionsof a large numberof individual fish in a
shoal.Sucha systemwould enableresearchersto performmany new experimentsfor example
in biomechanicsandbehavioural research.This researchhaspreviously beenlimited by the
immenseworkloadof trackingfishby handby inspectingvideofootageframeby frame.An au-
tomatictrackingsystemcouldperformthis taskin a fractionof thetime of ahumanresearcher.

Furthermorethereis adesireto beableto trackthefish in realtime. This will make it possible
to perform experiments,wherethe actionsof the fish are usedto control parametersof the
experimentalsetupfor examplethetemperature,currentor oxygenconcentration.

Giventhelaboratorynatureof theexperiments,thelighting, backgroundandotherenvironmen-
tal parametersareconsideredto becontrollable.

Theaimof thisprojectis to determineif constructionof suchasystemis possibleusingstereo-
scopicvisionanddigital imageanalysis,andto develop,implementandtestthenecessaryalgo-
rithms.

The projectis donein collaborationwith researchersin marinebiology at Aalborg University
andtheUniversityof Copenhagen.Their partof theprojectis to specifytherequirementsand
provide informationabouttheintendedlaboratoryexperiments.

Tobeof practicalusethesystemmustbeableto trackthefishwithoutany artificial identification
marksor otherproceduresaffectingtheirnaturalbehavior.

1.1 Systemdescription

To performthe taskof trackingmultiple fish in real time, a computerstereovision systemis
proposed.In the following the major componentsof sucha systemarepresented.Thenit is
determinedwhatpartsof thesystemcanbedirectly implemented,andwhatpartsneedfurther
study.

1.1.1 Proposedsystem

Theproposedsystemwill consistof thefollowing components:

Segmentation: After theimagesfromthecamerashavebeendigitizedimageprocessingwill be
usedto extractthepositionof thefish in eachframe.Thecomplexity of thesegmentation
taskis greatlydependentonthelighting, backgroundandotherenvironmentalconditions.
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Tracking: To be ableto follow the movementsof individual fish, it is necessaryto establish
correspondencebetweenthe fish in successive frames. This hasto be donein a way
robust to noiseandfish crossing.Thesystemis to be usedon shoalingfish, thereforea
highdegreeof occlusioncanbeexpected.

Stereocamerasetup: To determinethe positionof fish in threedimensionstwo camerasare
necessary. Thesecamerasmustbesynchronizedsothateachpairof framesareobtainedat
exactly thesametime,otherwiseit will notbepossibleto accuratelycalculatetheposition
of moving fish. Theoutputsof thecamerasaredigitizedby framegrabbersandprocessed
by acomputer.

Camera calibration: The camerasmustbe calibratedwith regardsto internaldistortionand
externalposition. Without propercalibration3D positionscannot be accuratelycalcu-
lated. To be of practicalusethe calibrationhasto be performedwith only limited user
interaction.

Refraction: Whenlight passestheboundarybetweenair andwaterit is refracted,this causes
imagedistortionnot handledby cameracalibrationandmakesthestandardstereoscopic
triangulationtechniquesvery inaccurate.Methodsto compensatefor refractionwill have
to beapplied.

User Interface: To make thesystemusablein practicallaboratoryexperimentsit hasto have
an intuitive userinterface. TheUserinterfacemustfacilitateadjustmentsof calibration,
segmentationandtrackingandselectionof outputformat.

1.1.2 Project delimitation

In the following all partsof the proposedsystemwill be examinedwith regardsto unsolved
technicalproblemsto determinewhatneedsfurtherresearchto make suchasystempossible.

Segmentation: Segmentationof thefish is not consideredto bea majorproblem,astheback-
groundandlighting conditionsarecontrollable.By carefullyselectingtheseparameters
thesegmentationcanbesimplifiedenoughto beconsideredtrivial (GonzalezandWoods
[2002]).

Tracking: Extensive literaturehasbeenwritten abouttrackingandocclusionhandling(Intille
et al. [1996]) (RangarajanandShah[1991]). However nothinghasbeenfoundto specif-
ically addresstheproblemof trackingmultiple similar looking deformableobjectsin the
presenceof frequentocclusionandsimilar lookingnoiseobjects.To performthetracking
someof theexistingalgorithmshave to bemodifiedto suit thisparticularscenario.

Stereocamerasetup: Thesetupof camerasfor stereovision is heavily coveredin the litera-
ture,andno further researchin this areais necessaryfor this project. (TruccoandVerri
[1998]).
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Camera calibration: Calibratingthecamerasetupwithoutwateris a routinetask.Thiscanbe
accomplishedusinga selectionof available toolboxesandsoftwarepackages(Bouguet
[2002]). Thishowever is only possibleif thecalibrationcanbedonewithoutanair-water
surfacebetweenthecamerasandthecalibrationobject.

Refraction: Thestandardtriangulationand3D correspondencealgorithmsin the literaturedo
not take watersurfacerefractioninto account.Methodsto compensatefor this will have
to bedevelopedandappliedbeforethetriangulationcanbeperformed.

User Interface: Creatinganintuitive userinterfaceis animportanttask,but theproposedsys-
temposesno unusualUI demands.Theconstructionof a userinterfacecanthereforebe
consideredtrivial with regardsto thisproject.

Fromthelisting above two majorunsolvedproblemscanbeextracted:Trackingandrefraction.
Theseproblemswill requirefurther researchbeforeit can be determinedif it is possibleto
constructthe proposedsystem. This researchwill be the main subjectof this project. The
remainingareaswill only be addressedto supportthe researchin the main problems. Basic
segmentationandcameracalibrationis necessaryto testimplementationsof developedtracking
andrefractioncompensationalgorithms.A GUI however is not necessaryfor testingandwill
thereforebeoutof thescopeof thisproject.

On the basisof the preceedinganalysis,the formal problemstatementof this project canbe
formulated.

1.2 Problemstatement

Thepurposeof this projectis to determinethepossibilityof building a computervision system
capableof trackingmultipleshoalingfish in threedimensionsin realtime.

1.2.1 Subproblems

Within theproblemareatwo importantsubproblemshave beenidentified:

The first subproblem is to develop,implementandtesta robustalgorithmfor realtime track-
ing of multiple similar looking deformableobjectsin thepresenceof frequentocclusion
andnoiseobjects.

The secondsubproblem is to develop, implementandtesta methodcapableof determining
the3D positionof objectssubmergedin waterby useof imagesfrom two camerasplaced
above thesurface.
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1.2.2 Hypotheses

Thisprojectwill attemptto verify thefollowing hypotheses:

The first hypotheses: It is possibleto developamethodfor trackingmultiple fish in ashoalin
realtime in thepresenceof frequentocclusionandnoise.

The secondhypotheses: It is possibleto developanalgorithmcapableof compensatingfor the
air - waterrefractionwith thepurposeof calculatingthepositionof submergedobjectsin
3D usingastereocamerasetupabove thesurface.

1.2.3 Delimitations

This projectwill not studythesegmentationinvolved in detectingthefish to any greatextent.
This is consideredto be an applicationspecifictask,that canbe greatlysimplified by careful
selectionof backgroundandlighting conditions. This projectwill not attemptto constructa
completeworking systemapplicableto actuallaboratoryexperiments.The purposeis only to
determineif suchasystemis feasible.

1.2.4 Assumptions

Number of fish: Thenumberof fish in anexperimentis assumedto beconstantandknown by
thesystemapriori.

Controllable lighting and background: The lighting, backgroundand other environmental
conditionsof an experimentis assumedto be controllable. The entirevolumeof water
mustbevisible to bothcameras.

Static setup: Thesetupof anexperimentis assumedto bestaticwith regardsto cameraplace-
ment,waterdepth,lighting andbackground.

Experimental testing: Thedevelopedmethodswill beconsideredto beworking, if they per-
form satisfactorily on thetestsetupconstructedby theprojectgroup.Thesetestswill be
performedon a shoalwith a sizeon the orderof 10 fish. It is outsidethe scopeof this
projectto testthemethodsin otherlaboratoryenvironments.

Precision: It is assumedthat theprecisionis sufficient if it is possibleto determinethespatial
positionof afishwith anaccuracy of half its width.
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Overview

In order to evaluateand test the developedalgorithmsa test implementationof the proposed
systemhasbeencreated.This implementationconsistsof four basicparts:Grabbingtheframes
from thecamera,segmentation,trackingandtriangulation(seefigure2.1).

Figure 2.1: The structure of the impemented test system.

Segmentationis usedto seperatethe fish from the background.Sincethis is not part of the
problemstatementit hasonly beendevelopedto thedegreeneccesaryto testtheremainingparts
of thesystem.

Trackingidentifiesthe individual fish, follows themfrom frameto frameandoutputstheir 2D
positions.This is donebasedon somefeaturesof thefish suchastheir previouspositions,size
andorientation.

Triangulationis usedto find the3D positionsof thetrackedfish. This is accomplishedby using
thepositionsof thefish asseenfrom the two cameras,andcompensatingfor refractionin the
air-watersurface.

In thefollowing chaptersthealgorithmsandprinciplesdevelopedto createthis systemarede-
scribed.
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Segmentation

Thepurposeof segmentationis to createbinary imageswith thefish asforegroundpixels and
everythingelsein the background.Doing so makesit possibleto locateindividual fish in the
imagesandtherebyform thebasisfor tracking.

Theoverall approachto segmentingeachnew frameis thefollowing:

1. Subtractthebackgroundfrom theimage.

2. Removenoise.

3. Thresholdthedifferenceimageto producetwo categories:Fishandnon-fish.

To illustratethestepsinvolved,imagesobtainedwith thetestsetupwill beusedthroughoutthis
chapter(seefigure3.1). Many of thestepsusedarebasedon techniquesfoundin Gonzalezand
Woods[2002].

Figure 3.1: An example of an image with eight fish from the test setup.
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3.1 Background estimation

Thefishcaneasilybedistinguishedfrom thebackgroundif animageof thebackgroundwithout
thefish is available.It is thereforedesirableto obtainsuchanimagein anautomatedway.

Simply removing thefish andusinga singleframeof theemptytank is not a very robust way
of creatinga backgroundimage.Variationsin lighting, debrisor noisein that framewill affect
the quality of the segmentationof all subsequentframes. Furthermoreit canbe inconvenient
having to remove thefish from thetankwhenever someparameter(lighting, camerapositionor
positionof thetank) is changed,to obtaina new backgroundimage.It will alsobeimpossible
to createnew backgroundimageson the fly if lighting or otherparameterschangewhile the
systemis running.

To avoid theseproblems,thebackgroundimageis obtainedby calculatingtheaverageof a set
containinga large numberof images. This will suppressuncorrelatednoisein the individual
images.If thesetcontainsa sufficient numberof images,betweenwhich thefish have moved
significantly, thenthefishwill beremovedfrom thebackgroundimageaswell.

Eachimagecanbeconsideredto becomposedof a constantpart
�������	��


andanaddedcompo-
nent � �����	��
 from moving fishanddebriswith ameanof zero(equation3.1).
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It canbeseenfromequation3.2thatthenoisedueto uncorrelatedmovingobjectsis reducedby a
factorof � . If theimagesin thesethasbeentakenwith asufficient interval to makethepositions
of thefish approximatelyuncorrelated,thefish will alsobesuppressedby a factorof � . If fish
pixelsare " luminancelevelsdarker thanbackgroundpixelsthenumberof images� hasto be
largerthan " to ensurethattheremainingtraceof thefishwill bebelow thequantizationnoisein
theimage.In practicethefishdonotmovein acompletelyuncorrelatedway, andthenumberof
necessaryimageswill have to bedeterminedempirically. Theidealnumbermaydiffer between
experiments,sincethe behavior andspeciesof fish may vary from oneexperimentalsetupto
another. Examplesof backgroundestimationcanbeseenin figure3.2

Thedescribedwayof creatingabackgroundimagecanbeusedwhile thesystemis running,by
addingframesat a suiting interval to a runningaverage.This will allow thesystemto adaptto
changesin lighting anddebrisin thetank.
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(a) (b)

Figure 3.2: Estimated background images. (a) based on 20 consecutive frames. (b) based on
only 10 frames but with a 10 frame interval producing a significantly better result.

3.2 Segmentationof incoming frames

Thebackgroundis subtractedfrom eachnew frame,andanimagedescribinghow differenteach
pixel is from thebackgroundis produced.Beforethisdifferenceimageis thresholdedto produce
a binaryimage,a #%$&# Gaussianblur filter is appliedto reducenoise.This resultsin smoother
edgeson the resultingbinaryobjects.An exampleof a framewith thebackgroundsubtracted
canbeseenin figure3.3.

Figure 3.3: Difference image produced by subtracting the background image from a frame
(inverted for visibility)
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3.3 Thr esholding

After noiseis removed the imageis thresholded.The thresholdmustbeselectedto extractall
the fish while including a minimum amountof noise. The resultof the entireprocessingwill
therebybea binary imageideally only containingfish in theforegroundandeverythingelsein
thebackground.Examplesof theoutputfrom thethresholdingcanbeseenin figure3.4.

(a) (b)

Figure 3.4: Example of the influence of the threshold level on the quality of the binary image.
(a) Too low a threshold resulting in a noisy image. (b) Proper threshold excluding
nearly all noise (inverted for visibility).
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Tracking

Thepurposeof trackingis to find thefish in thesegmentedimages,follow themover time and
outputtheir2D coordinates.Themainproblemin trackingthefish is to ensure,thattheidentity
of eachfish is keptall thetime,especiallywhenfisharecrossing.

Theindividualfishknown from thepreviousframeswill bereferredto asobjectsandthepoten-
tial fish foundin thenew segmentedimagewill bereferredto asblobs.

4.1 Methods

Initially two differentapproachesto trackingwereexamined.Oneapproachsearchesfor each
fish in the areawhereit is predictedto be. The otherapproachsearchesthe entire imagefor
potentialfish, andmatchesthemto known fish in the previous frameby comparingmultiple
features.

4.1.1 Tracking basedon local regionof interest

With thisapproachthetrackingalgorithmcanbedividedinto twosituations:Theinitial situation
wherea searchof theentireimagehasto bedonesincethereis no knowledgein thesystemof
wherethefish are,andthenormalsituationwheretrackingis donebasedon thepredictionof
thepositionof thefish. Whenthepredictionbecomestoo uncertain,theinitial labelingcanbe
performedagain. Thepredictionof thepositionof the individual fish canbeperformedusing
theirpositionin previousframes.

Whenthepredictedpoint hasbeencalculateda searchfor thefish in thebinary imagewill be
performedby checkingpixelsin a spiraloutwardsfrom this point. Sincethefish have a certain
minimumwidth it will notbenecessaryto checkevery singlepixel.

A majorproblemwith thisapproachis, thatthealgorithmwill alwaysfind thefishnearestto the
predictedposition.Thiscanleadto asituationwherethealgorithmassignstwo fish to thesame
blobandanotherblob is ignored.
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4.1.2 Tracking basedon multiple features

In thesecondapproachtheentireimageis seachedfor potentialfishin eachframe.Thenfeatures
arecalculatedfor all foundblobsandcomparedwith thefeaturesof theobjectsbeingtracked.
Thebestcombinationof matchesbetweenthefoundblobsandthetrackedobjectsis thenfound.
Thisapproachis basedon thework in Intille etal. [1996]andRangarajanandShah[1991].

An advantageof this approachis that fish cannotbe lost forever, sincethe entire imageis
searchedevery frame. A disadvantageis that this searchandthe computationof the features
andthebestmatcharecomputationallyvery heavy.

Anotheradvantageis the ability to usemany featuresweightedagainsteachother to obtain
robusttracking.Thesefeaturescouldbebasedon thepredictedpositionor othercharacteristics
like orientation,size and color. This provides the possibility of making further adjustments
dependingon theactualexperiment.

4.1.3 Selectionof approach

Thefirst approachis simpleanddonot requireasearchof theentireimagefor every frame,but
it hassomemajordisadvantages.Thereis therisk of loosingfish. With someadjustmentsto the
approach,this problemmaybeovercome,but neitherdoesit give thepossibilityof comparing
many features.

It hasthereforebeenchosento basethe tracking on the secondapproachbasedon multiple
features.

4.2 Overview of tracking algorithm

Thetrackingis basedon identifying thefish in thecurrentframebasedon thefeaturesthey had
in thepreviousframes.This is accomplishedin thefollowing way.

1. All blobsin theforegroundof thepresentframearefound.

2. Featuresof theblobsarecalculated.

3. A matrix is madefor eachof thefeaturescompareingtheblobsin thepresentframewith
theknown objects.

4. The featurematricesareaddedtogetherwith weightsdependingon how importantthe
featureis. Herebya matrix is generatedwhich indicateshow well the blobsmatchthe
objectsin thepreviousframes.

5. Thebestcombinationof matchesof blobsto fish is now foundin thecombinedmatrix.
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4.2.1 Blob extraction

A labelingalgorithmis neededto extract the foregroundblobs. In the following the applied
algorithmis described.

1. A loop checksevery " th pixel of every " th column in the image. " dependson the
minimumfishwidth, to ensurethatall fishwill befound(seefigure4.1).

2. Whena foregroundpixel is founda region growing algorithmis usedto find all pixels in
thedetectedblob. Simultaneouslythecenterof massandtheareaof theblobis calculated.

3. If thesizeof theblob is within a givenminimumandmaximum,theblob is considered
to bea fish. All theblob pixelsaremarkedasused,andtheblob is saved. Otherwisethe
pixelsaremarkedbut theblob is discardedasbeingnoise.

Figure 4.1: Example of the grid used to search for blobs in the image.

4.2.2 Feature extraction

In orderto tracktheindividual fishover time it is necessaryto obtainidentifyingcharacteristics
of eachfish. Thesefeaturescanthenbe comparedbetweensuccessive frames.The following
featuresweretakeninto consideration:

' History of positions' Shape' Orientation' Color' Size

History of positions

Thepositionof afish is definedasthecenterof massof theassociatedblob. Previouspositions
of a fish canbe usedto predictwhereit will be in the presentframe. This canbe performed
as0th, 1st or 2nd orderprediction,dependingon how many previous positionsaretaken into
account. When using 0th order predictionthe predictedposition is the last known position
of the fish. 1st orderpredictionis basedon an assumptionof constantvelocity. This means
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the predictedposition is the last known positionplus the displacementdueto the velocity of
the fish betweenthe previous two positions(seeequation4.1). 2nd orderpredictionassumes
constantacceleration,andtheaccelerationbetweenthe last threeframesis taken into account
(seeequation4.2).

( � � " 
)� (+*-, � �/. *-, �1032 �
(54 � " 
)� (+*-, � � (+*-, �76 (+*-,�82 *-, �7692 *-,�8 � 2 * 692 *-, � 
 (4.1)

( 8 � " 
)� ( *-, � �:. *;, � 0%2 � �<>= *;, � 032 8 �
(?8 � " 
�� (+*-, � �/. *-, �@0%2 �A�< �B. *-, �C6 . *-,�8 
 032 �

(?8 � " 
)� ( � � " 
��D�< � (+*-, �C6 (+*-,�82 *-, �C692 *-,�8 6 (+*;,�8 6 (?*;,�E2 *;,�8 6F2 *-,�E 
�� 2 * 6F2 *-, � 
 (4.2)

Where" is theframenumber, 2 * is thetimeat frame " , (?* is thepositionand
. * is thevelocity

in frame " .

To determinetheorderof predictionto useanempiricaltestwasperformed.Thetestconsisted
of calculatingthe averagepredictionerror whenusing0th, 1st and2nd orderpredictionon a
sequenceof framescontaininga singlefish. Thetestshowedsignificantlyhighererror for 2nd
orderprediction,indicatingthattheaccelerationof thefish cannot beconsideredconstantover
threeframes.Only 0thand1storderpredictionwill thereforebeused.

Size

Thesizeof afishcanbecalculatedasthenumberof pixelsin theblobassignedto thefish. This
is actuallythesizeof theperspective projectionof thefish ontothe imageplane,andasit will
vary dependingon the angleto the camera,this measurewill only remainconstantover short
time intervals.

Orientation

Anothercharacteristicaof theblobassignedtoafishis itsorientation.Orientationcanbedefined
astheanglebetweentheline from headto tail on thefishandthex-axis.

Theorientationof ablob is foundasfollows.

1. Theheadandtail is foundasthetwo pixelswith thelongestintermediatedistance.

2. To determinewhich of theseis headandtail, the sumsof the distancesto all the other
blob pixels from eachof thesepixels arecalculated.The onewith the largestdistance
sumis thenidentifiedasthetail, andtheotherasthehead.This is arobustapproachsince
thefish is alwaysbroarderneartheheadthannearthetail, therewill thereforealwaysbe
morepixelsnearthehead.
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Color

Thecolorof thefishcouldbeused,but all shoalingfishhasalmostexactly thesamecolorwhen
seenfrom above. It wasthereforedecidednot to usethis feature.

Shape

Shapefeatureswereconsideredfor distinguishingbetweenthefish,but ascolor featurethey are
of little valuedueto thesimilarity of shoalingfish. This propertycouldhowever beusedwhen
separatingfish from noiseblobs.For thisusecircularity wasexamined.

Circularity is a measureof how circular a blob is. It is definedasthe circumferencesquared
dividedby thearea.This ratio will beindependentof sizeandorientation.

Sincethecircularitywill bealmostequalfor all fish,while noiseblobswill haverandomvalues,
it couldbeusefulfor noiseremoval. A problemis however, thatcrossingfishwouldbeclassified
asnoisebecauseof theverydifferentshapeof theresultingblobs.Consequentlythis featurehas
beendiscarded.

Feature selection

The featuresselectedto track the individual fish are0th and1st orderprediction,orientation
andsize.Sincecolorandshapecannotbeusedto distinguishtheindividual fish,and2ndorder
predictionprovedtoounreliable,they will notbeused.

4.2.3 Corr espondence

Whenall the featuresof the fish beingtracked andall blobsin the new frameareknown, the
bestmatchof objectsto blobsmustbedetermined.To determinethecorrespondenceasimilarity
measureof objectsto blobsmustbecalculated.This couldbeaccomplishedby calculatingthe
distancefrom object to blob in the " -dimensionalfeaturespace. However for this distance
to be valid it shouldbe calculatedasa Mahalanobisdistancerequiringa labeleddataset fot
calculatingthecovariancematrix. Obtainingandmanuallylabelinga large numberof frames
for eachexperimentis very impractical, thusanothersolution is preferred. Furthermorethe
covarianceof thefeatureswill probablyvary greatlyduringocclusion.

In thefollowing analternativeapproachdevelopedonthebasisof themethodproposedin Intille
etal. [1996]will bedescribed.

Feature match matrix

For eachfeaturea matchmatrix G is constructedwith eachelementG
�IH

beingthe difference
in the respective featurebetweenobject J andblob K . The individual featurematchmatrixes
is weightedandsummedinto onematchscorematrix L representingthecombineddifference
betweeneachobjectandblob.
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Intille etal. [1996]proposeaperframenormalizationof thematchmatrixfor eachfeaturebefore
theweightedsumis computedsuchthat MNG

�IH � � . This canhowever introduceerrorsasthe
samemagnitudeof thedifferencebetweentwo objectswill notalwayshave thesameimpacton
thesum.For exampleif thecomparisonof someobjectto acompletelyunrelatedblobproduces
a very badmatch,this singlematchwill heavily reduceall otherelementsin G . Theresultis a
drasticallyreducedinfluenceof this featurein thematchingof all object-blobcombinations.In
thenext framethebadmatchmayhave beenreduced,andthenall elementswill againhave the
desiredinfluence.Dueto thisunreliabilitynormalizationwill notbeperformed.

Theweightsappliedto thefeaturescanbeusedto tunethetracker to theparticularexperiment.

Finding the bestcorrespondencematch

By calculatingthe featurematchmatrix L , the problemof finding the bestmatchin an " -
dimensionalfeaturespacehasbeenreducedto onedimension.Finding the bestcombination
of matchesbetweenall objectsandblobsby evaluatingall possiblecombinations,canbedone
by using the sum of the elementsin L correspondingto the selectedmatchesas a quality
measure.Thisbruteforceapproachis howeververycomputationallyintensivefor largenumbers
of objects. The complexity is of the order O � "�P 
 , where " is the numberof tracked objects.
Intille et al. [1996] thereforeusesanalgorithmpresentedin RangarajanandShah[1991]. This
algorithmis ableto performnearoptimalmatchingin O � " 8 
 .
In Rangarajanand Shah[1991] two versionsof the matchingalgorithm are presented:One
versionmatching" objectsto Q blobswhen "SRTQ therebybeingableto handlenoiseblobs.
The other capableof handlingocclusionby matching " objectsto Q blobs where "VUWQ .
Neitherof theseversionsareusablein thepresenceof bothnoiseandocclusion.Thematching
algorithmhasthereforebeenmodifiedto handlethisscenario.Themodifiedalgorithmworksas
follows:

1. The "X$9Q featurematchmatrix L is constructedwith eachelementL
�IH

representing
thetotaldifferencebetweenobject J andblob K .

2. for � to " do:

(a) Find the minimum element L:Y[Z in eachrow \ , ] is the columnof the minimum
element.

(b) For eachrow minimum L:Y[Z calculatetheelement̂_Y1Z of priority matrix ^ (alsosee
figure4.2):

^_Y[Z �
*��

����`
�ba
� Y L

�
Z � c�H ����`

H5a
� Z LdY

H
6 < LdY[Z

(c) Selecttherow minimum L:Y1Z with thehighestpriority value ^eY[Z andrememberthis
asamatch.

(d) Maskawayrow J , andmultiply all elementsin column ] with asizepenaltyconstant
dependenton therelative sizeof theblobandtheassignedobject.



27

f � Z
g Blobs

h Obj
ec

ts

f � c
f Y c
f * c

f Y[Zf Y �

f �!�

f * Zf * �
Figure 4.2: Construction of the priority value iCjlk from the monqp feature match matrix r . The

elements in the dashed boxes are summed and the element in the dotted box is
subtracted twice.

For eachtrackedobjectthebestmatchto ablob is determined.For all thesematchesthepriority
valueis calculated.Thisvaluerepresenthow badit wouldbeto matchtheassociatedobjectand
blob to otherobjectsor blobs. In otherwords: Of all the goodmatchesselectthe onethat it
wouldbeworstnot to select.

Whena matchhave beenselected,thecorrespondingrow is removedto avoid thesameobject
beingassignedto multipleblobs.In RangarajanandShah[1991] thecolumnis removedaswell
to ensurea oneto onematching,this will however not work in a scenariowith simultaneous
noiseandocclusion.Thereforeinsteadof removing the row all elementsin therow aremulti-
pliedby amergepenaltyfactor. Thiswill make it possibleto assignmultipleobjectsto thesame
blob, but thepenaltyensuresthat this will only happenwhenthereareno othergoodmatches
nearby.

To controltheassigningof multipleobjectsto thesameblob,a tableis maintainedof theunused
spacein eachblob. Initially thiscorrespondsto theareaof theblobs.Whenanobjectis assigned
to ablob, theremainingspaceis reducedby theareaof thatobject.

Themerge penaltyfactoris calculatedon basisof thesizeof theobjectandtheunusedspace
left in theblob. If the spaceremainingin the blob is greaterthantwice the sizeof the object
thereis no penalty, otherwisethepenaltyis proportionalto theratio of objectsizeto remaining
spaceminustheobjectsize.

Updating object features

Whencorrespondencebetweentrackedobjectsandfoundblobshavebeenestablished,theprop-
ertiesof eachobjectcanbeupdatedwith the featuresof thematchingblob. In mostcasesthe
propertiesof theobjectswill simplybesetto thefeaturesof theirblobs.

In thecaseof mergedblobsrepresentingtwo or moreobjects,thesizeandorientationfeatures
will not have any meaningwith regardsto the individual fish. In suchcasesthe mentioned
propertieswill not beupdated,andeachpropertywill remainat thelastvalueit hadbeforethe
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merging. By doing this sizeandorientationcanbe usedto matchthefish beforeandafter an
occlusion.

To avoid erraticjumpsin thepositionof objectsbriefly intersecting,thepositionwill beupdated
to the predictedposition for the first threeframesof an occlusion. Herebythe positionsof
individual objectsassignedto amergedblob will move alongtheir lastknown trajectoriesfor a
coupleof framesbeforebeingsetto thecenterof massof themergedblob.

4.2.4 Summary

Trackinghasestablishedtheidentitiesof individualfishbetweensuccessiveframes.Thisknowl-
edgeformsthebasisfor triangulationto establishthe3D positions.
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Triangulation

Until now the main focushasbeenon eachof the two cameraimagesasseparateentities. In
this chapterthe focuswill be shiftedtowardscombininginformationfrom the two imagesto
generate3D information.

The methodsandalgorithmsusedin the stereo-visionrequirethat certaininternalparameters
of the two camerasand their relative alignmentare known. To betterunderstandthe inner
workingsof thecameras,asimplemodelcanbeusedto introduceandconceptualizetherelevant
parameters,with regardsto stereo-vision.

5.1 Camera model

Themostusedmodelof acamerais thepinholemodel(Jainetal. [1995]). Thismodelassumes
that the perspective rays passthroughan infinitesimal apertureat the front of the cameraas
depictedonfigure5.1.

Image plane

(x, X)

(y, Y)

point
Principal

(x, y)

(X, Y, Z)

Focal point

Focal length
Z

Figure 5.1: The pinhole camera model.

To makethecalculationsmorestraightforward,theimageplaneis placedafocal lengthin front
of thefocal point,asillustratedin figure5.2.

Thefocal point is consideredtheorigo of thecameracoordinatesystem.Theextrinsic parame-
tersof thecameradescribesthepositionandorientationof thecameracoordinatesystemrelative
to thesurroundings.Theremainingparametersusedin themodelarereferredto astheintrinsic
parameters,describingall internalaspectsof thecamera.
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Figure 5.2: Perspective projection

5.2 Cameraparameters

The intrinsic andextrinsic parameterscanbecalculatedwith theuseof cameracalibration,as
describedin AppendixA. Thesemustbe known in order to obtainsufficient accuracy when
analyzingimages.Especiallywhenusinga stereosetupgoodaccuracy is importantwhencal-
culatingthedistanceto agivenobject.

5.2.1 Intrinsic parameters

The intrinsic parameterscanbe seenasdescribingthe elementsencapsulatedby the camera
housing.They consistsof thefollowing:

Focalpoint This is thecenterof thelens,in thepin holecameramodelthis correspondsto the
pin hole.

Imageplane Theplaneof projectioninsidethecamera.This is a2D coordinatesystem.

Focal length Thedistancefrom theimageplaneto thefocal point.

Principal point Thefocalpoint projectedontotheimageplane.

As it is oftendesiredto basetheimageplanecoordinatesystemontheprincipalpoint, thecoor-
dinatesareusuallytranslatedin sucha mannerthatorigo in the imageplaneis at theprincipal
point.

Figure5.2shows theprojectionof thepoint s �Bt&�	u7�@vw

ontothepoint x �����	��
 in the2D image

plane.Thisprojectionis statedby equation(5.1):

�y� ��tv �%� � uv (5.1)

Where
�

is thefocal lengthand
�����	��


is thecoordinatesin theimageplane.
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In orderto beableto usethepointsin the imageplane,it is necessaryto normalizethemwith
respectto the focal length. This hastheadvantagethat theoutputis a dimensionlessnumber,
andassucheasierto usefor furthercalculations.Thenormalizationasshown in equation5.2.

� * � �� � * � �� (5.2)

where
���	�

is thex- andy-coordinateof thepixel in theimageplane,
� * �	� * is thenormalizedx-

andy-coordinateand
�

is thefocal length.

5.2.2 Extrinsic parameters

The extrinsic parametersdescribethe relationbetweenthe cameracoordinatesystemandthe
world coordinatesystem.Whencalculatingtheextrinsic parametersduringcameracalibration,
a rotationmatrixanda translationvectoris estimatedwith regardsto someexternalfixpoint.

Rotation matrix The rotationmatrix describeshow the camerais rotatedwith respectto the
world coordinatesystem.

Translation vector A vectorthat describeshow to translatethe cameracoordinatesystemto
origo of theworld coordinatesystem.

5.2.3 Distortion

Thesimplepinholecameramodeldescribedpreviously implies that the light passesthrougha
infinitesimalaperture,but in practice,theaperturemustbe larger to admitsuffecientlight. To
dothis,without loosingimagesharpness,lensesareplacedin theapertureto focustheraysfrom
eachpoint in thesceneontothecorrespondingpoint on theimageplane.

Due to thedesignof the lenses,therewill alwaysbe somedegreeof distortionin the images.
Therearetwo basictypesof spatialdistortion,radialandtangentialdistortion,theseshouldboth
betakeninto account.Oftenhoweverthetangentialdistortioncanbeneglectedasit is oftenvery
smallcomparedto theradialdistortion(Bouguet[2002]).

5.3 Theoretical uncertainties

Thecalculationof theprincipalpoint is known to beoneof themostdifficult partsof thenative
perspective projectionmodel (Bouguet[2002]). Thesecalculationsintroducethe singlemost
significantuncertaintyin thecalibrationwhencalculatingtheprincipalpoint. Becauseof this
it is necessaryto considerthe impact this hason the precisionof the cameraparametersjust
described.
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Therelative error z�{ of theprincipalpoint with regardsto thefocal length
�

canbecalculated
usingequation5.3. To calculatethiserror, boththecamerasmustbetakeninto account.

z�{ �D| {� (5.3)

Figure5.3shows this problem.Theline from } through ~ shows theray from theobjectto the
camera.Whereastheline from } trough ~[{ is wheretheray to wheretheobjectis thoughtto be
dueto theerror � in theprincipalpoint.

Y

Pe�

I

Ie

P

X

x
y

F

�

Figure 5.3: Error due to uncertainty in principal point

With thecamerabeingplacedin adistance� from theobjectof interest,themaximumdeviation� canbecalculated(equation5.4):

� � ����z�{ (5.4)

Figure5.4depictshow therelationis betweenthecorrect(thick) raysandthedeviatedrays.

With the useof trigonometriccalculations,the maximumuncertaintyin triangulationcanbe
calculated(Correspondingto theside � in figure5.4).

The angles� and ^ arethe anglesbetweenthe optical axis andvertical of the right andleft
camerarespectively. Thustheanglebetweenthetwo camerasis � � � � ^ . Theside � canbe
calculated(equation5.5):

� � ��	��� � � 
 (5.5)
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Figure 5.4: Calculating the uncertainty in depth

Usingsinusrelations(equation5.6) ����� � ^ 
� � �	��� �b�3

� (5.6)

Theside � canbecalculated:

� � �	��� �b�o
 ����	��� � ^ 
 (5.7)

In figure 5.5 the theoreticalaccuracy of the triangulationis shown as function of the angle
betweenthecamerasfor differentprincipalpoint errors.

5.4 Triangulation

Whenboththeextrinsicandintrinsicparametersareknown, theproblemof reconstructinga3D
scenebasedon apairof stereoimages,canbesolvedby triangulation.
Thetriangulationdealswith theproblemof generatinga3D point from 2D pointsin two camera
images.Themethodusedcanbedividedinto four steps:

1. Shootinga ray from eachcamera’s centerof projectionout thoughtheimageplanes.

2. Intersectingtherayswith thewatersurface.

3. Compensatingfor theair/waterrefraction.
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Figure 5.5: Triangulation accuracy with different parameters and a focal length �3�9���?� pixels,
and a distance of ����� mm

4. Intersectionbetweenrays.

The following will describehow thesestepsareperformed,asthe theoryis thesamefor rays
generatedfrom the two cameras,the descriptionof the methodswill only dealwith a single
ray. The lastpartof the triangulationwill thendealwith the intersectionof raysfrom the two
cameras.

5.4.1 Shootinga ray fr om the camera

Theprocessof shootinga ray from thecameraout into theworld, is thereverseof thepinhole
cameramodel,describedin section5.1.

Theray is describedby two pointsin 3D space,thefocalpointandthepixel in theimageplane.
Fromthesetwo pointsit is possibleto make a parameterdescriptionof theray. Thefocal point� (origo) is definedas

�����	���	��

, andthepoint on theimageplane x is definedas

�����	��� � 
 where
the

�����	��

coordinatesare the normalizedimagecoordinates.Thesepointsaredefinedin the

cameracoordinatesystem.In orderto beableto find theintersectionof two rays,they have to
bein thesamecoordinatesystem.Thereforethepointsaretransformedinto world coordinates
(seeappendixB).

Theparameterdescriptionof theray is thencalculated:

Thedirectionvector � is definedas:

� � x 6d� (5.8)

WhereNow any point ( on theray canbedescribedas:( � x � 2 � � 2C�¡  (5.9)
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5.4.2 Intersection of the ray with the water

Thenext stepis to find thepoint wheretheray intersectsthewatersurface.Thewatersurface
canbe describedasa planein space,parallel to the XY planein world coordinates.With a
displacementin theZ axisequalto thewaterheight

��¢e£ 

.

The normalto the waterplane ¤¦¥ is
�����	��� � 
 , asthe planeis parallel to the world spaceXY

plane.

Defininga point § on thewaterplaneas
�����	���	¢e£ 


the intersectionof theray from thecamera
andthewaterplanecanthenbefoundas(Bourke [2002]):

2 � ¤¦¥&� � § 6 � 

¤¦¥&� � x 6 � 
 (5.10)

Theactualpoint ( in spacecanthenbecalculatedusingequation5.9.

5.4.3 Air/W ater refraction

Whena light ray passesfrom onemediumto anotherit is refracted,asshown in figure5.6.

n1
n2

A

B

Figure 5.6: Snell’s law of refraction

Therelationshipbetweenthetwo anglesa andb, is formulatedin Snell’s law (Serway [1996]),
whichstatesthefollowing:

����� � � 
�	��� � ^ 
 � " � 8 (5.11)

In the caseof transitionfrom air to water, " � 8 is 1.333(Serway [1996]). The task is now to
makeaparameterdescriptionof thepartof raybelow thewatersurface.First thetwo incidence
anglesof theincomingray arecalculated,this is doneby projectingthedirectionvector � of the
ray ontothewaterplane.This is illustratedin figure5.7,thewantedinformationis theangle �
betweenthewaternormal ¤¦¥ andthe ray directionvector � . In this caseit is depictedin the
ZX plane.
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Figure 5.7: The incident angle of the ray and water plane

Becausethewaterplaneis parallelto theXY plane,theprojectionof thedirectionvector � on
thewaterplane,is just its vectorcomponents

�����	��

(EdwardsandPenney [1998]).

Theangle� canbecalculatedfrom equation5.12and5.13:

¨[©ª� �b�3
)� �« � « (5.12)

� ��¬5�ª­ 6 acos
� �« � « 
 (5.13)

Theanglê in figure5.6canthenbecalculatedby combiningequation5.11and5.13.

^ �
asin

� �	��� ��¬5� ­ 6 acos
�>®¯ °[¯ 
!


" � 8 

(5.14)

Thisprocedureis usedfor boththex andy components.

To producetheparameterdescriptionof theunderwaterpartof theray, two pointsareneeded.
Thefirst point

.
locatedin thewaterplane,wasfoundusingequation5.9and5.10.A point lo-

catedbeneaththewaterplane± , canbecalculatedby constructingavectorfrom theintersection
point

.
andin thedirectionof theanglesjust calculated.This is illustratedin figure5.8.

X

Z
1

u

water plane

B
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b

Figure 5.8: Calculating the point ² beneath the water plane

Thevalue � is theamountthatshouldbeaddedto thex componentof thepoint
.

to give thex
componentof thepoint ±
This is foundby:

³	´ � � ^ 
)� � � (5.15)
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whichyieldsthex coordinate:

± ® � ³	´ � � ^ 
��X. ® (5.16)

Thisprocedureis repeatedfor they component.

With two pointsdefiningthe underwaterpart of the ray, equation5.8 and5.9 canbe usedto
make aparameterdescription.

5.4.4 Intersection betweenrays

Whentheproceduredescribedabove is carriedout for a point in eachof the two cameras,the
end result is a parametricdescriptionsof two rays in space. Becauseof uncertaintiesin the
calculationsandcalibrationthe two raysseldomintersecteachother. Insteadthe midpoint of
theshortestline betweenthetwo raysis selectedasthetriangulated3D point. Themathbehind
calculatingtheintersectionsof two raysin spacecanbefoundin (Weisstein[2002]).

Figure5.9showstwo triangulatedpoints,basedonthetheorydescribedin theprevioussections.
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Figure 5.9: Visualization of two triangulated points, with water refraction
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Corr espondence

Whenthe problemof triangulationhasbeensolved, the next stepis to find the correctmatch
betweenthepointsin eachcameraimage.For thispurposetwo methodswereevaluated.

Epipolar lines: This method is extensively describedin the literature (Trucco and Verri
[1998]). It is relatively simpleto use.

Minimizing triangulation error: This methodis morecomplex but theadvantageis that it is
invariantto theproblemof refraction,aslong astheraysusedto testthecorrespondence
aredefinedin thesamemedium.

6.1 Epipolar lines

To solve the problemof correspondencethe principle of epipolargeometrycan be used,as
depictedin figure6.1(TruccoandVerri [1998]).

PrlP

pl

lO

rp

rO

u l ur

T

P

R

Figure 6.1: Epipolar geometry, with the epipolar plane and the epipolar lines µ�¶ and µ k
As shown in figure6.1, thesetupconsistsof the imageplanesfor the left andright camera,a
3D point P, andits projections( x)Z and x�· ) onto the two imageplanes.The matchbetweena
point definedin theleft cameracoordinatesystem,andthepoint in theright coordinatesystem,
is givenby:

s · �¹¸%� sºZ 6d» 
 (6.1)
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Where
¸

definestherotationand ¼ thetranslationO · 6 OqZ .
The epipolarplanedefinedby the points s � O · � OqZ , is projectedonto the two imageplanes,
forming theepipolarlines. Pickinga point in theleft imageresultsin a particularepipolarline
in theright imageplane,andthesearchfor thecorrespondingpoint in theright imageplaneis
now reducedto asearchalongthis line.

This epipolarconstraintcanbe describedasa coplanarityconditionof the vectors swZ � » , andswZ 6½» , in mathematicaltermsit canbeexpressedas(TruccoandVerri [1998]):

� swZ 6:» 
¿¾ » $ÀswZ ���
(6.2)

As equation6.2 states:Thewhole theoryis basedon theepipolarplaneactuallybeingplanar.
But asit is describedin section5.4.3,theepipolarplanewould not be planarif part of it was
below thewatersurface.For this reasonthemethodwill notbeusedin theproposedsystem.

6.2 Minimizing triangulation error

Insteadof viewing the rays from the camerasas single segments,they are divided into two
segments. Onerepresentingthe part that is above the watersurface,andonepart below the
watersurface.
Theprocessingis thenconcentratedaboutthesecondpartof therays,asall fishcanbeexpected
to befoundunderwater.
Themethodcanbedividedinto 3 parts.

1. Calculatedistancefrom every left ray to all right rays.

2. Limiting thesearchspacebydiscardingtheresultswhichareoutsidetheregionof interest.

3. Find thecombinationof matches,whichminimizethetotal error.

Thefollowing will go into detailwith thesethreeparts.

6.2.1 Calculating distances

As describedin section5.4 it is possibleto generatea ray in spacerepresentinga pixel in the
imageplaneof thecamera.Whendoing this with a pixel in the right imageplaneanda pixel
in theleft imageplane,themeasureof thelikelihoodof thesetwo pixelsrepresentingthesame
object, is the distancebetweenthe two rays. This meansthat for " points in eachof the two
imageplanes,an "w$Á" matrixrepresentingthedistancesbetweenall therayscanbeconstructed.
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6.2.2 Limiting the search space

In orderto limit thepossiblecombinationsof rays,a few limiting factorshave beenintroduced.
It is clearthat it doesnot make senseto matchrayswhich will result in 3D positionsthatare
placedeitherabove the watersurface,or below the bottomof the tank. Theseconstraintsare
denotedastheupperandlower limits.

Whenlookingattheuncertaintiesin thesystem,theraysshouldcrosseachotherwithin acertain
distance,if not the two pointsrepresentingthe rayscannot representthesamepoint in space.
This limit is calledthemaxdistance.

Thesethreeparameterscanbeusedto tweaktheperformanceof thesystem,thenarrower the
searchspace,the fasterthe computationswill be, but with increasingrisk of discardingvalid
data.

Thereforeit is vital that thesevaluesare tunedto the setup,in order to obtain the optimal
performance.

6.2.3 Finding the optimal combination of rays

Theoptimalcombinationof raysis definedasthecombinationwith thesmallesttotal squared
distanceÂ betweenall the matchedrays. In the distancematrix Ã entry Ã

�IH
representsthe

squareddistancefrom the J th right ray to the K th left ray.

Thesimplewayof solvingtheproblemof findingthesmallestÂ wouldbeabruteforcemethod
of trying all thecombinationsof theraysin thedistancematrix. Becausethesystemshouldbe
ableto run in a realtimeenvironment,thisapproachis notviable.

Insteadanotherconstraintis introduced:a ray canonly have onematch. If the samepoint is
representedtwice in oneof thecameras,theray have to beduplicated.

Theeffect of thesinglematchconstraintis thatwhena pair of rays J � K is matchedthe J th row
and K th columnis maskedout from thematrix. Now theamountof datain thematrix hasbeen
reducedto apoint whereit is computationallypossibleto testall thecombinations.

To explain how the optimal matchingof raysis performed,an exampleis introducedin table
6.1. The matrix shows the squareddistancebetweenfour raysfrom the left camera,andfour
raysfrom the right camera.The top row indicatethe ray numberin the right camera,andthe
leftmostcolumnindicatetheraynumberin theleft camera.

left Ä right 1 2 3 4

1 5.7 4.9 22.3 49.2

2 24.4 7.7 14.1 45.9

3 61.3 34.3 7.3 24.9

4 80.3 4.8 29.5 5.6

Table 6.1: Raw squared distance matrix D
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Thetaskis to matchall theleft rayswith theright ones,while keepingthetotalsquareddistance
betweenthematchedraysassmallaspossible.Looking at thedata,it would seemlikely that
thefirst left raymatchesthesecondright ray, becauseit hasthesmallestdistance.But imposing
theupper/lower limits andmaxdistance,definedin section6.2.2,thematrix is reducedasshown
in table6.2.

left Ä right 1 2 3 4

1 5.7 - - -

2 - 7.7 14.1 -

3 - - 7.3 -

4 - 4.8 - 5.6

Table 6.2: Distance matrix D after data reduction

In table6.2thematchbetweenthefirst left rayandthesecondright ray wasremoved,whenthe
constraintswereintroduced.As it wouldhave resultedin apoint outsidetheregionof interest.

In thematrix, therearemultiple matchesin thesecondandthird right rays,andin thesecond
andfourth left rays.

Matchingthefirst left/right ray is not a problem,asthey only have onematch.But for theright
rays2,3 and the left rays2,4 thingsget morecomplicated. They both matchmore thanone
acceptableray in theoppositecamera.

Lookingat thesecondright ray, thesmallestsquareddistanceto anotherray is 4.8 to thefourth
left ray. But if thesetwo arematched,thefourth right ray doesnot have any matches,because
of theconstraintthataraycannotmatchmorethanoneotherray. Thismatchis discarded,even
thoughit is thebest.Insteadthesecondright ray is matchedwith thesecondleft ray.

This solvestheproblemthat thethird right ray hadtwo matchestoo, becausewhenthesecond
left rayhasbeenmatchedto thesecondright ray, it cannotalsomatchthethird right ray, sothe
third right ray canonly matchthethird left ray.
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Testmethods

To testthemethodsdevelopedin this project,anexperimentalsetuphasbeenmade.This setup
hasbeenelaboratedto besimilar to thesetupof theexperimentson theMarineBiology Labo-
ratoriesin HelsingørandHirtshals.Multiple testshave beendevisedto addressthemajorareas
of interest.

7.1 Experimental setup

As it would bevery impracticalto go to eitherHelsingøror Hirtshalsto testthesystemduring
development,a physicalsetupin theComputerVision Laboratorywasneeded.It wasdecided
that this setupshouldbe somewhat smallerthan the original, but still reflect the problemas
muchaspossible.Theoriginal setupconsistsof a largewhite fish tankwhich makesit easyto
separatethefish from thebackground.Thetestsetupconsistsof awhitesemi-translucentround
bowl, two synchronizedcamerasanda light box placedunderneaththebowl. Thecamerasare
connectedto framegrabbersin a PentiumIII 1 GHz computer. Theoverall setupis depictedin
figure7.1.

Thetwo cameraswerefitted in suchawaythatthedistancefrom thewatersurfaceto thecamera
wasassmallaspossible,while maintainingthelargestpossibleanglebetweenthetwo cameras.
Theoptimalsolutionwasto fit thecamerasapproximately400mmabove thewatersurface,and
to placethemin a distanceof 260mmhorizontally, which correspondsto the diameterof the
bowl. Theoptimalanglebetweenthetwo cameraswith thissetupwas54 degrees,thusmaking
thetotalwatervolumevisible to thecameras.

Theimagesaregrabbedfrom thecamerasat a rateof 30 framespersecondandan imagesize
of 640$ 480pixelsin 8 bit grayscale.

As thetestsetupwasa scaleddown versionof thesetupsat theMarineBiology laboratories,it
wasnecessaryto obtainsmallerfish for testingthesystemduringdevelopment.Thezebrafish
obtaineddid notbehavethesamewayastheshoalingfishfor whichthesystemis intended,how-
ever this fact is left out of accountduringdevelopmentof the trackingmethods.Theobtained
zebrafishwereapproximately5mmwideand20mmlong.

Sincethemainfocusof theprojectis trackingof fish andnot segmentation,theproblemswith
shadows andreflectionsfrom light sourceswereeliminatedby usingbacklighting. This sit-
uationmakes it very easyto distinguishthe fish from the background. It is known that this
situationis idealized,andassuchnotpossiblein theend-systemin its currentform.
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Figure 7.1: The experimental setup.

7.2 Tracking

In orderto evaluateandverify the robustnessof the trackingdescribedin chapter4 a testwas
devised.

Ideally trackingshouldbe testedon a large setof labelledsequences,wherethemovementof
the individual fish is known frameby frame. It would thenbe possibleto apply the tracking
algorithmto thisdatasetandautomaticallyevaluateif thefishweretrackedcorrectly.

Sincesucha sequenceis not available,andit would requirea significanteffort to createit, it
waschosento manuallyinspecta sequencewith a manageablenumberof framesinstead.This
is doneundertheassumptionthatthis sequencewill berepresentative of all fishbehaviour.

To beableto reproducedifferentsituationsandpotentialerrorsof thealgorithm,all testingwas
performedon recordedsequencesof frames.

Only situationswheretwo or morefish intersectshouldbeableto causeproblemsfor thetrack-
ing algorithm.Thesesituationswill thereforebethefocusof thetesting.
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7.2.1 Occlusionhandling

A testwasperformedto evaluatethehandlingof occlusions.Thiswasdoneby determininghow
oftenthefishactuallycross,andhow oftenthealgorithmsolvedthisproblemcorrectly. Thetest
wasperformedon sequenceswith imagesizeof 640$ 480and320$ 240pixels,to examinethe
influenceof resolutionon thetrackingperformance.

For eachsequencethenumberof occlusionsinvolving two, threeor morefish respectively was
counted,aswell asthenumberof timesthesituationsweresolvedcorrectly.

7.3 Triangulation

In orderto verify theprecisionandfunctionalityof themethodsdescribedin section5.2and5.4
a testwasconducted.Themainobjective of this testwasto verify theoverall precisionof the
underwatertriangulationandcomparethis to theacceptablerangepreviously definedin section
1.2.4and7.1.Theprecisionof thetriangulationdependsonhow preciseit is possibleto getthe
cameracalibration.Basedon thesedata,it is possibleto calculatethetheoreticaluncertainty.

Becauseof thedifficulty in obtainingabsolutereferencepointsto usein thetestingof thetrian-
gulation,thetestperformedevaluatestheability of thetriangulationto find therelativedistance
betweenselectedpoints.Thetestalsoshows how preciseit is possibleto gettheintersectionof
theraysrepresentingthecorrespondingpoints,in theleft andright images.

Thetestwasconductedby selectingtwelve points(figure7.2)on a testobject,andsubmerging
it in water.

Figure 7.2: Pattern used for triangulation test, square size 9 n 9 mm

Theviews form thetwo camerasareshown in figure7.3. Fromtheseimageseachof thepoints
wereextractedmanuallyandusedin thetriangulationalgorithm.
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(a) Left camera (b) Right camera

Figure 7.3: Triangulation test object, submerged in water

7.4 Corr espondence

Becausethe correspondencetestwasclosely relatedto the triangulationtest, they sharedthe
sametestobject.Theonly differencewasthepattern,it waschangedin orderto accentuatethe
relevantpropertiesof thealgorithm.

The purposeof the test was to verify the robustnessand capabilitiesof the correspondence
method.Figure7.4shows thepatternusedin thetest.

Figure 7.4: Correspondence test
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7.5 Real time performance

In orderto testthe real time capabilitiesof thealgorithms,theper frameprocessingtime was
measuredusingdifferent numbersof fish and imagesizesof 640$ 480 and320$ 240 pixels.
Thiswasdonein orderto examinehow thealgorithmsscalewith increasingnumberof fishand
increasingimagesize.

7.6 3D positioning of fish

This testwasperformedin orderto verify theprecisionof thetriangulated3D fishpositionsand
comparetheseto theprecisionof thetriangulationtestdescribedin section7.3.

A sequenceof 300frames,correspondingto 10 seconds,containing8 fisheswasrecordedand
processed.By choosingonly the instanceswherethe correspondencealgorithm found one
uniquematch,thetestwouldnotbeinfluencedby errorsin thecorrespondence.

It wasexpectedthattheaccuracy wouldbeworsethanthetriangulationon thestatictestobject,
asthetriangulationdependson theaccuracy of thecalculatedcenterof massof thefish.
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Results

Thetestsdescribedin chapter7 wereperformedandtheresultsarepresentedin this chapter.

8.1 Tracking

The occlusionhandlingtest was performedon two different sequenceswith imagesizesof
640$ 480and320$ 240pixelsrespectively, to seeif theimagesizehasany significantinfluence
on theoutputof thesystem.Thesequencescontained3982and1444framesrespectively andis
consideredto berepresentative of thefishbehavior. Theresultcanbeseenin table8.1.

Imagesize 640 n 480 320 n 240
Occlusiontype 2 fish 3 fish 2 fish
Occlusions 103 21 30
Failure 16 12 10
Successratio 85% 43% 67%

Table 8.1: Result of occlusion test with processing based on image sizes of 640 n 480 and
320 n 240 pixels.

To determineif thesolutionprovidedby thesystemwascorrect,it wascomparedwith ahuman
interpretationof thesituations.In somecasesit wasnot evenpossiblefor thehumanobserver
to make anaccurateinterpretation,thesesituationswerethereforeignored.Consequentlythere
arenodatafor threefishocclusionsituationsin thelow resolutionsequence.

8.1.1 Examples

In the following examplesthe strengthsandweaknessesof the algorithmsarepresented.For
readabilityonly theinterestingframesareshown.

Brief occlusion

A brief occlusionbetweentwo fish can be seenin figure 8.1. The two fish are intersecting
for lessthanthe predictiontime limit of four frames,andpredictioncanthereforebe usedto
maintaintheir identities. Thesystemis capableof solving this situationcorrectly, andit does
nothave any effect, thatthereareotherfish in thenearneighborhood.
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(a) FrameÉ (b) FrameÉËÊ%Ì (c) FrameÉÍÊ¦Î
Figure 8.1: Brief 4 frame occlusion solved mainly by prediction.

Solving usingorientation

Whentwo fish swimmingin differentdirectionscross,their orientationwill differ. This canbe
usedto find the correctfish after the occlusionasin figure8.2. Even thoughthe occlusionis
over16 frames,thesystemis capableof solvingthissituationcorrectly.

(a) FrameÉ (b) FrameÉÍÊ¦Ï (c) FrameÉÐÊÒÑ

(d) FrameÉÐÊÔÓ!Õ (e)FrameÉÐÊÔÓlÖ (f) FrameÉÍÊ¡Ó!Ï
Figure 8.2: Long 16 frame occlusion solved mainly by orientation and size from before the

merge.

Equal initial orientation

A very difficult situationis whencrossingfish have similar initial orientation. If the two fish
have differentvelocity this will provide someinformation,but if the fish changedirectionor
velocity during the occlusionthe situationbecomesextremelydifficult. An exampleof such
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a situationcanbe seenin figure 8.3. This situationwasnot solved correctlyandthe two fish
exchangeidentity.

(a) FrameÉ (b) FrameÉËÊÒÌ (c) FrameÉÍÊ¡Ó@Ó
Figure 8.3: Long 10 frame occlusion not solved because the fish have almost identical orien-

tation and size prior to merge, and the merge exceeds the prediction time limit.

Completechaos

In somesituationswheretheocclusionlastsmany frames,involvesseveral fish andsomefish
evenchangeorientationduringtheocclusionthesystemis notcapableof doingcorrecttracking.
Suchanexamplecanbeadmiredin figure8.4.

(a) FrameÉ (b) FrameÉÐÊÒÌ (c) FrameÉÐÊÒ×

(d) FrameÉËÊÔÓ!Ì (e)FrameÉËÊyÓ	Î (f) FrameÉÍÊ¦Ø�Ì
Figure 8.4: Long occlusion too complex to be solved by the system as the fish change direc-

tion while merged.
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8.1.2 Summary

Almost all of the shortocclusionsaresolved correctlymainly by predictionandorientation.
Longerocclusionsaresolved correctly if the fish follow approximatelythe sametrajectories
before,duringandaftertheocclusion.As thefish arealmostidenticalsituationswherethefish
changedirectionwhile mergedcannotbehandledreliably. Individualfishswimmingseparately
arealwaystrackedcorrectly, evenwhenotherfishor noiseobjectsarenearby.

8.2 Triangulation

This sectioncontainsthe resultsobtainedfrom both the calibrationand the triangulationtest
describedin section7.3

8.2.1 Calibration results

Theentireprocedureof calibratingcanbefoundin appendixA.

ThecameracalibrationgavetheprincipalpointerrorsÙ%Ú �5ÛÝÜ ¬ �5Û �ªÞÇß pixelsand Ù%Ú �5ÛÝàªá��5Û��â� ß pixels
for the left andright camerarespectively. Thefocal lengthwascalculatedto be628pixels for
bothcameras.Thecalibrationuncertaintiesexplainedin section5.3cannow becalculated.

z�{ � | {� �ã�5ÛÝàªá pixelsà < Þ pixels
� < Ûäáâå

� � �w�!z { �çæ;Þ5�
mm � � Û �â� < á � �5Û < Þ mm

� � ��	��� � � 
 � �5Û < Þ mm�	��� � Ü æ ­ 
 � �5ÛÝÜ Þ mm

� � Ù �	��� �b�3
 ����	�è� � ^ 
 � �	��� � � Þ5� ­ 6 Ü æ ­ 
 � �5ÛÝÜ Þ mm����� � < á ­ 
 � < Û Þ � mm (8.1)

Thismeansthatin thesystem,astaticerrorof maximum2.8mmcanbeexpected.

8.2.2 Triangulation results

The2D imagecoordinatesmarkedon thepatterndescribedin section7.3wereextractedmanu-
ally from thetwo imagesandpassedto thetriangulation.Theoutputcoordinateswerethenused
to calculatetheeuclideandistancefrom eachof thepointsto all otherpoints.

Table8.2 depictsthe individual distancesbetweenrayswhenperformingtriangulationon the
testpattern.Theaveragedistanceis 0.32mm.

Point 1 2 3 4 5 6 7 8 9 10 11 12
Distance[mm] 0.20 0.44 0.28 0.27 0.72 0.22 0.04 0.57 0.11 0.44 0.51 0.07

Table 8.2: Individual ray distances

Table8.3 shows the relative differencebetweenthe physicaldistancesandthe calculateddis-
tances.

Thetestrevealesthattheaveragerelative errorin thetriangulationtestis 9.28%.
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To é From 1 2 3 4 5 6 7 8 9 10 11 12
1 - -4 10 16 10 -1 12 14 7 5 13 15
2 -4 - 16 10 -2 10 17 10 2 7 15 13
3 10 16 - -4 10 14 4 -2 12 13 5 2
4 16 10 -4 - 15 10 -4 11 15 12 3 6
5 10 -2 10 15 - -2 12 14 5 2 13 16
6 -1 10 14 10 -2 - 15 9 -2 4 14 12
7 12 17 4 -4 12 15 - -5 14 15 5 0
8 14 10 -2 11 14 9 -5 - 14 11 -1 -1
9 7 2 2 5 5 -2 14 14 - -4 17 19
10 5 7 13 12 2 4 15 11 -4 - 17 16
11 13 15 5 3 13 14 5 -1 17 17 - -1
12 15 13 2 6 16 12 0 -1 19 16 -1 -

Table 8.3: Percentage difference in physical and calculated distances

8.3 Corr espondence

The coordinatesof the pointsdefinedin figure 7.4 wereextractedmanuallyandtriangulation
andcorrespondencewasperformed.Thesquareddistancematrix resultingfrom this testpattern
canbe seenin table8.4 The valuesarethesquareddistancesbetweenthe raysroundedoff to

row ê col 1 2 3 4 5 6 7 8
1 0.484 - - - - - - -
2 0.705 0.106 - - - - - -
3 - - 0.223 0.529 - - - -
4 - - 0.592 1.061 - - - -
5 - - - - 0.008 8.653 7.691 12.732
6 - - - - 12.496 0.248 - -
7 - - - - 13.893 - 0.481 0.000
8 - - - - 13.247 - 0.478 0.000

Table 8.4: Resulting squared distance matrix for test pattern, invalid matches marked with “-”

threedecimals,theinvalid matcheshasbeeneliminated.

Thecalculatedvalid pathsandthecorrespondingsummedsquareddistanceareshown in table
8.5. The correctpath is numberone,but taking the secondpath is the leastdexpensive as it
hasthe smallestsummedweight of 2.607. Combiningthesedistanceswith the resultsfrom
table8.4, it canbeseenthattheproblemis that it is leastexpensive to swapthepoints7 and8.
Swappingany otherpointsresultsin a muchhigherdistancethustheresultingcombinationof
matcheswill notbeselected.

8.4 Real time performance

Therealtimeperformanceof thesystemwastestedwith imagesizesof 320$ 240and640$ 480
pixels. Theresultof thetestis givenasaverageprocessingtime per frameandis illustratedin
figure8.5.On thisfigureboththeactualdataanda leastsquaresfit of thedatais shown.
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row ê path 1 2 3 4 5 6

1 1 1 1 1 1 1
2 2 2 2 2 2 2
3 3 3 3 3 3 3
4 4 4 4 4 4 4
5 5 5 6 6 7 7
6 6 6 5 5 6 6
7 7 8 7 8 5 8
8 8 7 8 7 8 5

Distance 2.610 2.607 23.503 23.500 23.706 29.224

Table 8.5: Possible paths
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Figure 8.5: The per frame processing time of the system as a function of the number of fish.

Themeasurementsarebasedon sequencesof approximately350frames.

8.5 3D positioning of fish

From the 300 recordedframes197 framescontaineda uniquematchbetweenthe rays. The
average,maximumandminimumdistancescanbeseenin table8.6

Max Min Average
1.54 0.32 0.70

Table 8.6: Distances between rays of unique matches in mm.
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Discussion

9.1 Tracking

Most trackingerrorsaredueto the fact that the fish arevery similar. Thereforefeaturesdis-
tinguishingthefish beforeandafterocclusionscanonly bebasedon positionandorientation.
Themajorweaknessin this is, thatit cannothandleocclusions,wherethefishchangedirection
while merged.

Almost all the occlusionsshorterthan the predictiontime limit of four frameswere solved
correctly. During theseocclusionsthepositionof theindividual fish is assumedto move along
thelastknown course.Thereforethetrajectoriesaresmooththroughtheentireocclusion.

In longerocclusionsthe positionsareabruptlymoved to the centerof massof the combined
object.This causesa discontinuityin thetrajectoryof fastmoving fish. After thepositionsare
movedto thecommoncenterof mass,only propertiesstoredfrom beforetheocclusioncanbe
usedto distinguishthefish,whenthey split up again.

Errors in trackingonly happenduring occlusion,andonly affecting the involved fish. Single
fish arealwaystracked correctlyeven while otherfish merge nearby. The trackingalgorithms
arethereforecapableof robustly trackingasinglefish in thepresenceof noise.

9.1.1 Future impr ovements

Thetwo mainweaknessesof thetrackingalgorithmare:

1. No new information about the individual fish is producedduring an occlusion. Only
storedvaluesandpredictionareused.

2. 2D trackingis performedindividually in the two images.If the resultsdo not agreethe
right imagealwayswins. No 3D informationis usedin the tracking,anderrorsin one
imagearenot correctedby informationfrom theother.

Thesetwo areasshouldbeaddressedto producea morereliabletrackingsystem.
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Occlusionhandling

Duringocclusionsthetrackingis virtually blind, asno informationabouttheindividual fishare
available. The only way an occlusioncanbe handledis by comparingpropertiesof the fish
beforeandafter they merge or by predictingtheir trajectories.If the occlusionslast for more
thanafew frames,andthefishchangedirectionmeanwhile,it is almostimpossibleto determine
theright identitieswhenthey split up.

Thehandlingof occlusionscouldbeimprovedbyestimatingtheindividualfishespositionwithin
thecommonblob. andtherebytrackingthefish all theway throughtheocclusion.This canbe
donein anumberof ways.

Onemethodis to calculatetheskeletonof theblobcontainingbothfishandfrom thisdetermine
theorientationof theindividual fish.

Anotherapproachwould be to usethe original gray scaleor backgrounddifferenceimageto
find information,on how the fish arelocatedin the commonblob. This could be doneusing
theimagegradientor othertoolsto find thecontourof theindividual fish,andtherebyseparate
them.

Insteadof trackingthecenterof massof thefish,theirheadandtail couldbetrackedindividually.
Thesepoints on the fish could be locatedas cornersor extremepoints on blobs containing
multiple fish. By applyingconstraintsbasedon thelengthandpredictedorientationof thefish
thesepointscouldbepairedto locateindividual fishwithin theblob.

Integrating information from both cameras

Severalwaysof integratingtheinformationfrom bothcamerasexist. Oneapproachis to always
make useof the informationfrom thecamerawherethe trackingis mostaccurate.This could
bedoneby calculatinga trackinguncertaintyfactorfor the left andright images,andfor each
framebasetheposttriangulationidentity assignmenton theimagewith thelowestuncertainty.

Sincethecamerasaredisplacedandseethescenefrom differentanglestheocclusionwill often
only happenfor onecameraat a time. Theresultfrom thebesttrackingcouldbeusedto help
assigncorrectidentitiesto compoundobjectsin theframeof theothercamera.

Insteadof doing trackingindependentlyon the two imagesbeforethe result is combinedwith
thetriangulation,the informationfrom bothframesandtheresultof thetriangulationcouldbe
combinedto performthetrackingin 3D.

By integratingtriangulationinto thetracking,frameto framecorrespondencemustbeconsistent
betweenthecamerasandwoulddependon the3D positionandconfidenceof triangulation.

Combinedapproach

To obtainthebestpossibleresultsseveralof theabove mentionedmodificationsandimprove-
mentsshouldbe used.Especiallythe locationof fish insidemergedblobscould be combined
with eitherof themethodsintegratinginformationfrom bothcameras.

Another approachwould be to usealgorithmsbasedon methodssuchas the Kalman filter
(Welch andBishop[2001]) or Condensation(IsardandBlake [1998]). However thesemeth-
odsarenoteasilyintegrableinto theproposedalgorithm.



59

9.2 Triangulation

As thetriangulationtestshow, thereareuncertaintiesin how well thesystemis ableto pinpoint
anobjectin space.Onesourceof error is thepinpointingof theobjectsin eachcameraimage,
the testconductedon the triangulationalgorithmwerebasedon manualextractionof the 2D
coordinatesin the two images,thereforeit introducedsomeuncertaintiesasit wasdifficult to
extract theexact samepoint in the two images.Anothersourceis thenumericaluncertainties
duringcalculations.Theuncertaintyin thecalculationof theprincipalpoint,discussedin section
5.3, only affects the capability in calculatingthe exact 3D positionwith regardsto the world
coordinatesystemdefinedby thecalibration.

For thesystemto beof any practicaluseit mustbeableto accuratelytriangulatewithin half the
width of afish, to beableto distinguishbetweentwo fishswimmingnext to eachother.

The triangulationis not the limiting factor in the currentsetup,as the resultsshow that on
averagethe distancebetweenthe rays is 0.32mm. Which is depictedin the relative average
triangulationerrorof 9.28%.Therearehowever uncertaintiesin determiningthefishes’center
of masswhich will introducea largerdistancebetweentherays. A possiblesolutionwould be
to usetheheadof thefish instead,asit doesnotvaryasmuchbetweentheleft andright images.

The testsandthe theoryshows that the triangulationscalesvery well with thephysicalsetup.
Meaningthat increasingtheheightof thecamerasabove thewater, will increasetheerror, but
assumingthat the size of the fish being tracked is increasedtoo, the relative error will stay
constant.And if higherprecisionis requiredmorepreciseoptics togetherwith moreprecise
camerascanbethesolution,asthiswill reducethecameracalibrationerrors.

9.3 Corr espondence

From the resultsdescribedin section8.3 it can be seenthat thereare problemswith points
situatedon linesparallelto theY-axisof the imageplane.Empirical testsfurthermoreshowed
that theproblemmay arisewith pointsup to 18 mm apart(points1 and2 in figure 7.4). The
importantobservation is that it doesnot switch pointsthataresituatedon lines parallelto the
X-axis of theimageplaneeventhoughthepointsareonly 4 mm apart(points5 and8 in figure
7.4.

Figure9.1shows themainproblemof thealgorithm,thepoint ì is triangulatedby theleft rayí andthe right ray í , andthe point î in is triangulatedin the samefashion. The problemis
that the distancebetweenthe left ray í andthe right ray ï might be smallerthanthedistance
betweenthe left ray í andright ray í , andsubsequentlythe algorithmdecidesto matchthese
two rayswhich resultsin theerroneouspoint ð .

Theconsequenceof aswapin matchesis thatthepointsaretriangulatedto belocatedaboveeach
otherinsteadof sideby side. This canbe solved by trackinghow the fish have moved in the
past,andasfish cannotchangepositioninstantaneously, thematchesfoundcouldbediscarded
andthecorrectmatchusedinstead.This would requirethecorrespondencealgorithmto parse
all the resultsbackto the trackingalgorithmthusmakingit possibleto selectthe most likely
matchinsteadof only theleastexpensive match.
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Figure 9.1: Correspondence dilemma

9.4 Real time performance

As it canbeobservedfrom figure8.5theprocessingtimevarieswith thenumberof fishandthe
imagesize.

With an imagesizeof 640ñ 480 pixels and8 fish, the processingtakesan averageof 235 ms
which shouldgive a possibleframe rate of 4.2 framesper second. With an imagesize of
320ñ 240 pixels it only takes 37 ms giving a maximumframerateof 27 framesper second.
The problemwith the imagesizeof 320ñ 240 pixels, is that the trackingtestshowed signifi-
cantlyreducedtrackingperformance.But it canbeseenfrom this testthatoptimizingtheimage
sizecouldmake thesystemfaster.

Fromtheslopeof theleastsquaresfits it canbeseen,thatincreasingthenumberof fish is more
critical with a larger imagesize. This is probablydueto the fact that if the numberof object
pixels in the imageincreaseby a factor, the processingtime of someof the algorithmsin the
featureextractionpartof thetrackingsystem,will increasewith this factorsquared.

9.4.1 Future impr ovements

Theimplementedtestsystemhasnotbeenoptimizedfor realtimeperformance.A moreoptimal
implementationof thealgorithmswill makethesystemfaster. Specificallythefeatureextraction
algorithmsshouldbeoptimized.

Optimizingthe imagesizeto get thesmallestpossiblesizewheretrackingwould still perform
satisfactorywouldalsomake thesystemfaster.

9.5 3D positioning of fish

The resultsfrom the testshow that thedevelopedsystemis ableto pinpoint thefishes’center
of massin the two images,with an averageerror of 0.7mm. Comparingthis with the results
obtainedin section8.2.2it is visible that theaccuracy hasbeenworsenedby approximatelya
factorof two.
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However theprecisionis still below therequiredprecisionof half thewidth of thefishapproxi-
mately2.5mm.Theseresultsindicatethatthemethodusedfor calculationof thecenterof mass
is robust. Furtherimprovementscanbe obtainedby usingthe headandtail of the fish when
triangulatinginsteadof thecenterof mass.
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Conclusion

The2D trackingalgorithmsarereliablyableto trackfishthroughmostocclusionsinvolving two
fish andnever make errorswith singlefish, andnoiseobjectsare thereforerobustly rejected.
Occlusionsinvolving threeor morefish frequentlyresult in fish exchangingidentity, however
duringtheseocclusionsthetrackingalgorithmnever loseany of thefish.

This indicatesthatthedevelopedalgorithmswill beusefulfor experimentscollectingstatistical
dataaboutthe motion of shoalingfish. For experimentsrequiringrobust maintenanceof the
identity of individual fishbetterocclusionhandlingwill however beneeded.

If the implementationof thealgorithmsis optimizedandtheoptimal imagesizeis selected,it
will bepossibleto obtainframeratesusablein realtimeexperiments.

Thetestsshow thatit is possibleto developandimplementanalgorithmcapableof calculating
the 3D position of objectssubmerged in water. The average3D spatialprecisionof the de-
velopedtestsystemis 0.32mmwhentriangulatinga staticreferenceobject,and0.7mmwhen
triangulatingmoving fish. This is well insidethedemandsfor a precisionwithin half thewidth
of a fish. Thesystemdid however show that it doeshave considerableproblemsdistinguishing
betweencloseobjectswhenthey aresituatedparallelto theY axisof theimageplanes.

Thesystemhasbeenimplementedasascaleddown versionof thesetupsin theMarineBiology
Laboratories,however thealgorithmsdevelopedandimplementedscaleslinearly with thesize
of thesystem.Meaningthattherelative errorswill remainthesamein ascaledsetup.
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APPENDI X

Calibration

This appendixcontainsimagesanddescriptionof someof theproceduresdoneduringcamera
calibration.

A.1 Cameracalibration toolbox for Matlab howto

Theprocessof cameracalibrationusingthematlabtoolboxis asfollows:

ò Loadimagesfrom onecamera

ò Extractgrid corners

ò Repeatfor all images

ò Press“Calibration”

ò Evaluatetheoutputfrom “AnalyseError”

ò Press“Recompcorners”andthen“Calibration”

ò Press“Save”

ò Repeatfor theothercamera

ò Save theoutput

A.2 Performing calibration

Theactualcalibrationof thecamerasystemis doneby usingtheCameraCalibrationToolbox
for Matlab(Bouguet[2002]).

Thebasicprocedureis, that the imagesfor eachcameraareloadedinto matlab,thecornersin
eachimageareextractedmanually, baseduponthecornerextraction,matlabis ableto calculate
the intrinsic parametersof eachcamera.Afterwards,theresultsareusedto performthestereo
calibration,whichgivesmorepreciseresults.Theoutputfrom matlabis in thefollowing format:
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Left camera:
Calibration results (with uncertainties):

Focal Length: fc = [ 628.08434 627.61720 ] +/- [ 0.86152 0.96939 ]
Principal point: cc = [ 316.45464 239.67179 ] +/- [ 1.58737 1.08052 ]
Skew: alpha_c = [ 0.00000 ] +/- [ 0.00000 ]
=> angle of pixel axes = 90.00000 +/- 0.00000 degrees

Distortion: kc = [ -0.32017 0.13909 0.00233 0.00143 0.00000 ]
+/- [ 0.00576 0.02355 0.00024 0.00037 0.00000 ]

Pixel error: err = [ 0.15679 0.13109 ]

Extrinsic parameters:

Translation vector: Tc_ext = [ -4.634495 -70.588838 524.366462 ]
Rotation vector: omc_ext = [ -1.910994 -1.965577 0.480780 ]
Rotation matrix: Rc_ext = [ -0.023581 0.878396 -0.477352

0.999560 0.029315 0.004566
0.018004 -0.477034 -0.878700 ]

Pixel error: err = [ 0.12846 0.10185 ]

Right Camera:
Calibration results (with uncertainties):

Focal Length: fc = [ 628.05410 627.21140 ] +/- [ 1.01700 1.14846 ]
Principal point: cc = [ 310.48196 235.04829 ] +/- [ 1.66631 1.10754 ]
Skew: alpha_c = [ 0.00000 ] +/- [ 0.00000 ]
=> angle of pixel axes = 90.00000 +/- 0.00000 degrees

Distortion: kc = [ -0.32441 0.15508 0.00038 0.00095 0.00000 ]
+/- [ 0.00681 0.03176 0.00026 0.00043 0.00000 ]

Pixel error: err = [ 0.14848 0.12660 ]

Extrinsic parameters:

Translation vector: Tc_ext = [ -162.919253 -74.603059 432.348221 ]
Rotation vector: omc_ext = [ 1.957209 1.977616 0.479209 ]
Rotation matrix: Rc_ext = [ -0.012799 0.893647 0.448588

0.999866 0.006843 0.014895
0.010241 0.448718 -0.893614 ]

Pixel error: err = [ 0.15341 0.10277 ]

Theunit of thefocallengthandprincipalpointis pixels.Thefocallengthis givenwith respectto
thesizeof horizontalpixelsandverticalpixels.Thenumbersindicatethatthepixelsarealmost
square.TheRc_ext is therotationfrom thecameracoordinatesystemto theworld coordinate
system.

A mosaiccontainingall thecalibrationimagesis seenin figureA.1.

A.3 Distortion

The Matlab Toolbox can visualize the distortion calculated(using the visualize_distortion
script), and it createsthreeimages,onewherethe total distortion is depicted,onewith only
theradialdistortionandlast,onewith thetangentialdistortion.
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Calibration images

Figure A.1: Mosaic of all the calibration images from left camera.

Theamountof distortion(how mucha pixel is moved at any point in the image)is alsoillus-
trated.In thissetup,themaximumradialdistortioncomesto 35pixelsinwardsin theupperleft
cornerof the image(Seefigure A.3). The maximumtangentialdistortionis 1.6 pixels in the
upperleft corner(SeefigureA.2).

FigureA.2 depictsthe amountof tangentialdistortion the imagesaresubjectedto. Both the
magnitudeanddirectionof thedistortionis illustrated

FigureA.3 shows theamountof radialdistortiontheimagesaresubjectedto.

FigureA.4 shows thecompletedistortionfrom both thetangentialandradial component.The
crossindicateswherethecenterof theimageis, andthecircle shows wheretheprincipalpoint
is calculatedto be.Notethatwith anidealcamera,thesetwo marksshouldbedirectlyon topof
eachother.

TheMatlabToolboxoffersa functionto compensatefor bothradialandtangentialdistortion,as
shown previously.

Thefunctionin theToolboxis calledcomp_distortion _oul u. m1 which hasbeenported
to C++ in orderto make it compatiblewith the restof the system.The algorithmis an itera-
tive algorithmwhich runsfive timesin orderto approximatethedistortion. Thebasicstepsin
compensatingfor thedistortionis:

1Devisedat theUniversityof Oulu in Finland
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Pixel error                      = [0.1568, 0.1311]
Focal Length                 = (628.084, 627.617)
Principal Point               = (316.455, 239.672)
Skew                              = 0
Radial coefficients         = (−0.3202, 0.1391, 0)
Tangential coefficients  = (0.002327, 0.001428)

+/− [0.8615, 0.9694]
+/− [1.587, 1.081]

+/− 0
+/− [0.005755, 0.02355, 0]

+/− [0.0002397, 0.000367]
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Figure A.2: Tangential distortion component
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Figure A.3: Radial distortion component
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Pixel error                      = [0.1568, 0.1311]
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Figure A.4: Complete distortion

Repeat 5 times
for (all pixels in image)

% Sum the square of the coordinates (x,y) into variable r2
r2 = x^2 + y^2
% Calculate the complete radial distortion
k_radial = 1 + k1*r2 + k2*(r2^2) + k3*(r2^3)
% Calculate the displacement of the pixels due to distortion
deltax = 2*p1*x + p2*(r2+2*x^2)
deltay = p1*(r2+2*y^2) + 2*p2*x*y
% Calculate the new position of the pixel
x = (x - deltax)/k_radial
y = (y - deltay)/k_radial

end
end

Thek1, k2 andk3 parametersaretheradialdistortionparameters,andp1andp2arethetangen-
tial distortionparameters.

k1 is thefirst parameterof thematrix containingthedistortionparameters,k2 is thesecondand
k3 is thefifth element.p1 is thethird elementandp2 is thefourthelement.

Figure A.5 and A.6 shows the effect of the distortion and how the imagelooks after being
undistorted.
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Original image (with distortion) − Stored in array I
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Figure A.5: Original distorted image

Undistorted image − Stored in array I2
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Figure A.6: Undistorted image



APPENDI X

Coordinate setup

The systemcontainsthreecoordinatesystems,one for eachcameraand a world coordinate
system.This is however notvery convenientasit mayleadto confusionbecausethecoordinate
systemsareseparate.Oneway of compensatingfor this, is to transformthecoordinatesystems
into onecommoncoordinatesystem.As theendsystemis intendedto givecoordinatesin some
specifiedworld coordinatesystem,it is convenientto choosethe world coordinatesystemas
the commonbase,and transformthe two cameracoordinatesystems. Having one common
coordinatesystemmakesthe3D triangulationcalculationspossible.

As theMatlabcalibrationtoolboxcalibratesthecameraswith regardsto thecalibrationchecker-
board,this is theobviouschoiceof referencecoordinatesystem.FigureB.1 depictsthe image
usedto definetheworld coordinatesystem.

Figure B.1: The calibration checkerboard with coordinate system

Converting betweencoordinatesystems

Whenhaving thedifferentcoordinatesystemsdefined,it is alsonecessaryto beableto convert
coordinatesin onecoordinatesystemto another. By utilizing the methodusedby the Matlab
Toolbox, it is possibleto convert from cameracoordinatesystemto world coordinatesystem.
TheMatlabToolboxdefinestheconversionfrom world coordinatesystemto cameracoordinate
system:ó¦ô7õ�ö÷ô	óùøSúºô
By rewriting this formula, it is possibleto convert from cameracoordinatesystemto world
coordinatesystem.
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ó¦ô7õ�ö÷ô�óùøSúºôö&û�üô ó¦ô7õ�óýøXöÀû�üô úºôóDõ�öÀû�üô óyô�þ½ö&û�üô úwôóDõ�ö û�üôùÿ óyô�þdúºô�� (B.1)

where óyô is the coordinatesin the cameracoordinatesystem. ö÷ô is the rotationmatrix from
world coordinatesysteminto cameracoordinatesystem(given by calibrationtoolbox). úºô is
the translationvectorfrom world to cameracoordinatesystem. ó is thecoordinatesin world
coordinatesystem.
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