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Abstract

This projectexaminesthe possibility of constructinga sys-
tem for tracking multiple fish in a shoalin 3D usingcom-
putervision and a stereocamerasetup. The study aims at
proving the feasibility of sucha systemfor usein Biological
laboratoryexperiments.

Algorithmsto handletrackingof identicalobjectsin thepres-|
enceof frequentocclusionandnoiseobjectsweredeveloped
Refractionin thewatersurfacewasincorporatednto thetri-

angulationto provide accuratgositioningof submegedob-
jects.

Testedon a scaleddown version of an actual laboratory
setupatestimplementatiorof the proposedystemwasable
to correctlytrackeachfish through85%of all occlusionsn-
volving two fish. Thetestalsoshavedthatthe triangulation
of thefish hadanaverageerrorof 0.7mm.
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Preface

This projectis abouttrackingof fish usingstereccomputervision. This correspondsvell to the
themefor the 8th semesteComputeVision andGraphic(CVG) M.Sc. program:»Interpreta-
tion andpresentatiomf digital imageinformation«.

Two biologistsM.Sci. JannikHerskinat Aalborg UniversityandDr. JohnFlengStefenserfrom
the University of Copenhagetmave requesteda tool to aid themin their researchof shoaling
fish. Many of the aspect®f creatingsuchatool arewell suitedfor the themeof this particular
semesterasit involvesareasof bothcomputervision andimageanalysis.

This projectreportis structuredaccordingto the IMRAD model. The Introductionformulates
problem,andin the Methodpartall theoreticalaspectanddevelopedalgorithmsaredescribed.
ResultsAnd Discussiordealswith the presentatiomndinterpretatiorof thefindings. Eachpart
is subdvidedinto chaptersiumberedn successiomandthe appendiesareindexedwith capital
letters.Citationsin thereportarepresenteds(Author [year]).

ThecompleteGPL licensedsourcecodeof thetestimplementatiorof thedevelopedsystemcan
be downloadedirom thefollowing webaddress:

http://mww.cvmt .auc.dk / ~02gr8 20/c ode/

Finally the projectgroupwould like to acknavledgethe miracle that helpedfive engineering
studentskeepeight(initially ten)smallzebrafish alive for four monthsin a dishwashingbowl.

ChristianHansen SgrenHansen

LauNgrgaard ChristianVasePetersen

ThomasRasmussen
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CHAPTER

Problem area

In behaioral andbiomechanicatesearcton fish thereis a needfor a systemcapableof track-
ing the movementand three dimensionalpositionsof a large numberof individual fish in a
shoal. Sucha systemwould enableresearchert performmary new experimentsor example
in biomechanicsand behaioural research.This researcthaspreviously beenlimited by the
immenseworkloadof trackingfish by handby inspectingvideofootageframeby frame.An au-
tomatictrackingsystemcould performthistaskin a fractionof thetime of ahumanresearcher

Furthermorethereis a desireto beableto trackthefishin realtime. Thiswill make it possible
to perform experiments,where the actionsof the fish are usedto control parameterof the
experimentaketupfor examplethetemperaturegurrentor oxygenconcentration.

Giventhelaboratorynatureof the experimentsthelighting, backgroundgandotherervironmen-
tal parameterareconsideredo becontrollable.

Theaim of this projectis to determinef constructiorof sucha systemis possibleusingstereo-
scopicvisionanddigitalimageanalysisandto develop,implementandtestthe necessarglgo-
rithms.

The projectis donein collaborationwith researchergr marinebiology at Aalborg University
andthe University of CopenhagenTheir partof the projectis to specifythe requirementand
provide informationabouttheintendedaboratoryexperiments.

To beof practicalusethesystemmustbeableto trackthefishwithoutary artificial identification
marksor otherproceduresffectingtheir naturalbehaior.

1.1 Systemdescription

To performthe task of tracking multiple fish in real time, a computerstereovision systemis
proposed.In the following the major component®f sucha systemare presented.Thenit is
determinedvhat partsof the systemcanbe directly implementedandwhat partsneedfurther
study

1.1.1 Proposedsystem

Theproposedsystermwill consistof thefollowing components:

Segmentation: After theimagedrom thecamerasiave beendigitizedimageprocessingvill be
usedto extractthe positionof thefishin eachframe. The compleity of the segmentation
taskis greatlydependentnthelighting, backgroundandotherernvironmentalconditions.
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Tracking: To be ableto follow the movementsof individual fish, it is necessaryo establish
correspondenceetweenthe fish in successee frames. This hasto be donein a way
robustto noiseandfish crossing. The systemis to be usedon shoalingfish, thereforea
high degreeof occlusioncanbe expected.

Stereocamerasetup: To determinethe positionof fish in threedimensiongwo camerasare
necessaryl hesecamerasnustbesynchronizedgothateachpairof framesareobtainedat
exactlythesametime, otherwisdt will notbepossibleto accuratelycalculateheposition
of moving fish. Theoutputsof thecamerasredigitized by framegrabbersandprocessed
by acomputer

Cameracalibration: The camerasnustbe calibratedwith regardsto internaldistortionand
external position. Without propercalibration3D positionscannot be accuratelycalcu-
lated. To be of practicalusethe calibrationhasto be performedwith only limited user
interaction.

Refraction: Whenlight passeshe boundarybetweenair andwaterit is refracted this causes
imagedistortionnot handledby cameracalibrationandmakesthe standardstereoscopic
triangulationtechniquewery inaccurate Methodsto compensatéor refractionwill have
to beapplied.

Userlinterface: To make the systemusablein practicallaboratoryexperimentst hasto have
anintuitive userinterface. The Userinterfacemustfacilitate adjustmentf calibration,
sggmentatiorandtrackingandselectionof outputformat.

1.1.2 Projectdelimitation

In the following all partsof the proposedsystemwill be examinedwith regardsto unsohed
technicalproblemsto determinevhatneeddurtherresearchio make sucha systenmpossible.

Segmentation: Segmentatiorof thefishis not consideredo be a major problem,asthe back-
groundandlighting conditionsare controllable. By carefully selectingtheseparameters
the sggmentationcanbe simplifiedenoughto be consideredrivial (GonzalezandWoods
[2002]).

Tracking: Extensve literaturehasbeenwritten abouttrackingandocclusionhandling(Intille
etal. [1996]) (Rangarajarand Shah[1991]). However nothinghasbeenfoundto specif-
ically addresshe problemof trackingmultiple similar looking deformableobjectsin the
presencef frequentocclusionandsimilar looking noiseobjects.To performthetracking
someof the existing algorithmshave to be modifiedto suitthis particularscenario.

Stereocamerasetup: The setupof camerador stereovision is heavily coveredin the litera-
ture,andno furtherresearchn this areais necessaryor this project. (TruccoandVerri
[1998])).
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Cameracalibration: Calibratingthe camerasetupwithoutwateris aroutinetask. This canbe
accomplishedusing a selectionof available toolboxes and software packagegBouguet
[2002]). This howeveris only possiblef the calibrationcanbe donewithout anair-water
surfacebetweerthe camerasindthe calibrationobject.

Refraction: Thestandardriangulationand3D correspondencalgorithmsin the literaturedo
not take watersuracerefractioninto account.Methodsto compensatéor this will have
to bedevelopedandappliedbeforethetriangulationcanbe performed.

UserInterface: Creatinganintuitive userinterfaceis animportanttask,but the proposedys-
temposeso unusualll demandsThe constructionof a userinterfacecanthereforebe
consideredrivial with regardsto this project.

Fromthelisting abore two majorunsohed problemscanbe extracted: Trackingandrefraction.
Theseproblemswill requirefurther researchbeforeit can be determinedif it is possibleto
constructthe proposedsystem. This researchwill be the main subjectof this project. The
remainingareaswill only be addressedo supportthe researchin the main problems. Basic
seggmentatiorandcamerecalibrationis necessaryo testimplementation®f developedtracking
andrefractioncompensatioralgorithms. A GUI however is not necessaryor testingandwill
thereforebe out of the scopeof this project.

On the basisof the preceedinganalysis,the formal problemstatemenbf this projectcanbe
formulated.

1.2 Problemstatement

The purposeof this projectis to determinethe possibility of building a computervision system
capableof trackingmultiple shoalingfishin threedimensionsn realtime.

1.2.1 Subproblems

Within the problemareatwo importantsubproblems$ave beenidentified:

The first subproblem is to develop,implementandtestarobustalgorithmfor realtime track-
ing of multiple similar looking deformableobjectsin the presencef frequentocclusion
andnoiseobjects.

The secondsubproblem is to develop, implementandtesta methodcapableof determining
the 3D positionof objectssubmegedin waterby useof imagesirom two cameraplaced
above thesurface.
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1.2.2 Hypotheses

This projectwill attemptto verify thefollowing hypotheses:

The first hypotheses: It is possibleto developa methodfor trackingmultiple fishin a shoalin
realtimein the presencef frequentocclusionandnoise.

The secondhypotheses: It is possibleto developanalgorithmcapableof compensatindgopr the
air - waterrefractionwith the purposeof calculatingthe positionof submegedobjectsin
3D usingastereccamerasetupabove the surface.

1.2.3 Delimitations

This projectwill not studythe segmentationinvolved in detectingthefish to ary greatextent.
This is consideredo be an applicationspecifictask, that canbe greatly simplified by careful
selectionof backgroundandlighting conditions. This projectwill not attemptto constructa
completeworking systemapplicableto actuallaboratoryexperiments.The purposeis only to
determingf suchasystemis feasible.

1.2.4 Assumptions

Number of fish: Thenumberof fishin anexperimentis assumedo be constanandknown by
thesystema priori.

Controllable lighting and background: The lighting, backgroundand other ervironmental
conditionsof an experimentis assumedo be controllable. The entirevolume of water
mustbevisible to bothcameras.

Static setup: Thesetupof anexperimentis assumedo be staticwith regardsto camergplace-
ment,waterdepth,lighting andbackground.

Experimental testing: The developedmethodswill be consideredo beworking, if they per
form satisactorily on thetestsetupconstructedy the projectgroup. Thesetestswill be
performedon a shoalwith a sizeon the orderof 10 fish. It is outsidethe scopeof this
projectto testthe methodsn otherlaboratoryervironments.

Precision: It is assumedhatthe precisionis sufficientif it is possibleto determinethe spatial
positionof afishwith anaccurag of half its width.
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Overview

In orderto evaluateandtestthe developedalgorithmsa testimplementationof the proposed
systemhasbeencreated . Thisimplementatiorconsistf four basicparts:Grabbingtheframes
from thecamerasegmentationtrackingandtriangulation(seefigure2.1).

Camera & Segmentation Tracking Triangulation
Frame Grabber
3 N -¥ 2 TA,

|::> Image data 3D Coordinates

— Symbolic Information

Figure 2.1: The structure of the impemented test system.

Segmentationis usedto seperatahe fish from the background. Sincethis is not part of the
problemstatemenit hasonly beendevelopedto thedegreeneccesaryo testtheremainingparts
of thesystem.

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

Triangulationis usedto find the 3D positionsof thetraclkedfish. Thisis accomplishedby using
the positionsof the fish asseenfrom the two camerasand compensatingor refractionin the
air-watersurface.

In the following chapterghe algorithmsandprinciplesdevelopedto createthis systemarede-
scribed.
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Segmentation

The purposeof sggmentations to createbinaryimageswith the fish asforegroundpixels and
everythingelsein the background.Doing so makesit possibleto locateindividual fish in the
imagesandtherebyform the basisfor tracking.

Theoverall approacho sggmentingeachnew frameis thefollowing:

1. Subtracthebackgroundrom theimage.
2. Remae noise.

3. Thresholdthe differencemageto producetwo cateyories:Fishandnon-fish.

To illustratethe stepsinvolved,imagesobtainedwith thetestsetupwill be usedthroughouthis
chaptern(seefigure 3.1). Many of the stepsusedarebasedn techniquegoundin 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

Thefish caneasilybedistinguishedrom thebackgroundf animageof thebackgroundvithout
thefishis available.lt is thereforedesirableo obtainsuchanimagein anautomatedvay.

Simply removing the fish andusinga singleframe of the emptytankis not a very robustway
of creatinga backgroundmage. Variationsin lighting, debrisor noisein thatframewill affect
the quality of the sgmentationof all subsequenframes. Furthermoreat canbe incorvenient
having to remaove thefish from thetankwheneer someparameteflighting, camergoositionor
positionof the tank)is changedto obtaina new backgroundmage. It will alsobeimpossible
to createnew backgroundmageson the fly if lighting or other parameterghangewhile the
systemis running.

To avoid theseproblems the backgroundmageis obtainedby calculatingthe averageof a set
containinga large numberof images. This will suppressincorrelatechoisein the individual
images.|If the setcontainsa suflicient numberof images betweernwhich the fish have moved
significantly thenthefishwill beremovedfrom the backgroundmageaswell.

Eachimagecanbe consideredo be composedf a constanpart f (z, y) andanaddedcompo-
nentn(z, y) from moving fish anddebriswith a meanof zero(equation3.1).

g(xay) :f(:c,y)+77(x,y) (3.1)

In aset{g(x,y)} of K suchimagesthe constanpartwill beequalin all images.If themoving
objectsin the addedcomponentis assumedo be presentat ary pixel only in one framein
{g9(z,y)}, theaverageg(z, y) of the K imagescanbe calculatedby equation3.2.

K K

9(2,9) = 2 D 0i(3,9) = % S (filwy) + m(2,9))

_ 1 & 1 & 1
glz,y) = 2 > file,y) + 2 Y miley) = f(z,9) + 20(z,y) (3.2)
i=1 i=1

It canbeseerfrom equatior.2thatthenoisedueto uncorrelateanoving objectss reducedy a
factorof K. If theimagedn thesethasbeentakenwith asufiicientinterval to make thepositions
of thefish approximatelyuncorrelatedthefish will alsobe suppressetly afactorof K. If fish
pixelsaren luminanceevelsdarker thanbackgroundixelsthe numberof imagesK hasto be
largerthann to ensureghattheremainingtraceof thefishwill bebelon thequantizatiomoisein
theimage.In practicethefishdo notmove in acompletelyuncorrelatedvay, andthe numberof
necessarymageswill have to bedeterminecempirically Theidealnumbemaydiffer between
experiments sincethe behaior and speciesof fish may vary from one experimentalsetupto
another Examplesof backgroundestimationcanbe seenin figure 3.2

Thedescribedvay of creatinga backgroundmagecanbe usedwhile the systemis running,by
addingframesat a suitinginterval to arunningaverage.Thiswill allow the systemto adaptto
changesn 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

Thebackgrounds subtractedrom eachnew frame,andanimagedescribinghow differenteach
pixel is from thebackgrounds produced Beforethis differencamageis thresholdedo produce
abinaryimage,a Gaussiarblur filter is appliedto reducenoise. This resultsin smoother
edgeson the resultingbinary objects. An exampleof a framewith the backgroundsubtracted
canbeseenn figure 3.3.

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

After noiseis removedthe imageis thresholded.The thresholdmustbe selectedo extractall
the fish while including a minimum amountof noise. The resultof the entire processingwill
therebybe a binaryimageideally only containingfish in the foregroundandeverythingelsein
the background Examplesof the outputfrom thethresholdingcanbe seenin figure 3.4.

@) (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

The purposeof trackingis to find thefish in the sgmentedmages follow themover time and
outputtheir 2D coordinatesThe mainproblemin trackingthefishis to ensurethattheidentity
of eachfishis keptall thetime, especiallywhenfish arecrossing.

Theindividual fish known from the previousframeswill bereferredto asobjectsandthe poten-
tial fishfoundin the nev sgmentedmagewill bereferredto asblobs.

4.1 Methods

Initially two differentapproaches$o trackingwere examined. Oneapproactsearchesor each
fish in the areawhereit is predictedto be. The otherapproachsearcheshe entireimagefor
potentialfish, and matcheshemto known fish in the previous frame by comparingmultiple
features.

4.1.1 Tracking basedon local regionof interest

With thisapproachhetrackingalgorithmcanbedividedinto two situations:Theinitial situation
wherea searchof the entireimagehasto be donesincethereis no knowledgein the systemof
wherethe fish are,andthe normalsituationwheretrackingis donebasedon the predictionof
the positionof thefish. Whenthe predictionbecomedoo uncertaintheinitial labelingcanbe
performedagain. The predictionof the positionof the individual fish canbe performedusing
their positionin previousframes.

Whenthe predictedpoint hasbeencalculateda searchfor the fish in the binaryimagewill be
performedby checkingpixelsin a spiral outwardsfrom this point. Sincethefish have a certain
minimumwidth it will notbenecessaryo checkevery singlepixel.

A majorproblemwith thisapproachs, thatthealgorithmwill alwaysfind thefish nearesto the
predictedposition. This canleadto a situationwherethe algorithmassigngwo fish to the same
blobandanothemlobis ignored.
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4.1.2 Tracking basedon multiple features

In thesecondapproactiheentireimageis seachedor potentiaffishin eachframe. Thenfeatures
arecalculatedor all foundblobsandcomparedvith the featuresof the objectsbeingtracked.
Thebestcombinationof matchesetweerthefoundblobsandthetracked objectsis thenfound.
This approachs basedonthework in Intille etal. [1996]andRangarajamand Shah[1991].

An adwantageof this approachis that fish cannotbe lost forever, sincethe entire imageis
searchedvery frame. A disadwantageis that this searchandthe computationof the features
andthe bestmatcharecomputationallyery heavy.

Another adwantageis the ability to usemary featuresweightedagainsteachotherto obtain
robusttracking. Thesefeaturescould be basedn the predictedpositionor othercharacteristics
like orientation,size and color. This provides the possibility of making further adjustments
dependingon the actualexperiment.

4.1.3 Selectionof approach

Thefirst approachs simpleanddo notrequirea searchof the entireimagefor every frame,but
it hassomemajordisadwantagesThereis therisk of loosingfish. With someadjustmentso the
approachthis problemmay be overcome but neitherdoesit give the possibility of comparing
mary features.

It hasthereforebeenchosento basethe tracking on the secondapproachbasedon multiple
features.

4.2 Overview of tracking algorithm

Thetrackingis basedn identifying thefishin the currentframebasedn thefeatureghey had
in the previousframes.Thisis accomplishedn thefollowing way.

1. All blobsin theforegroundof the presenframearefound.

2. Featureof theblobsarecalculated.

3. A matrixis madefor eachof thefeaturescompareingheblobsin the presenframewith
theknown objects.

4. The featurematricesare addedtogetherwith weightsdependingon how importantthe
featureis. Herebya matrix is generatedvhich indicateshowv well the blobs matchthe
objectsin the previousframes.

5. Thebestcombinationof matchesof blobsto fishis now foundin the combinedmatrix.
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4.2.1 Blob extraction

A labeling algorithmis neededo extract the foregroundblobs. In the following the applied
algorithmis described.

1. A loop checksevery nth pixel of every nth columnin the image. n dependson the
minimumfish width, to ensurehatall fishwill befound (seefigure4.1).

2. Whenaforegroundpixel is founda region growing algorithmis usedto find all pixelsin
thedetectedlob Simultaneouslyhecenternf massandtheareaof theblobis calculated.

3. If the sizeof the blob is within a given minimum and maximum,the blob is considered
to beafish. All theblob pixelsaremarked asused,andthe blob 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 fish overtime it is necessaryo obtainidentifying characteristics
of eachfish. Thesefeaturescanthenbe comparedbetweensuccessie frames. The following
featuresveretakeninto consideration:

History of positions
Shape

Orientation

Color

Size

History of positions

Thepositionof afishis definedasthe centerof massof theassociatedblob Previouspositions
of afish canbe usedto predictwhereit will bein the presentframe. This canbe performed
asO0th, 1stor 2nd orderprediction,dependingon how mary previous positionsaretaken into

account. When using Oth order predictionthe predictedpositionis the last knovn position
of the fish. 1storderpredictionis basedon an assumptiorof constantvelocity. This means
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the predictedpositionis the last known position plus the displacementueto the velocity of
the fish betweenthe previous two positions(seeequation4.1). 2nd order predictionassumes
constantaccelerationandthe acceleratiorbetweenthe last threeframesis taken into account
(seeequatiord.2).

1(n) = 1+ 1 =
(M= 1+ 1) (4.)
(n)= 1+ 1 +1 1 =
(n) = 1+ 1 +1( 1 ) =
1 1

) 1) (4.2)

Wheren istheframenumbey isthetimeatframen, isthepositionand isthevelocity
in framen.

To determinghe orderof predictionto useanempiricaltestwasperformed.Thetestconsisted
of calculatingthe averagepredictionerror whenusingOth, 1stand 2nd order predictionon a
sequencef framescontaininga singlefish. The testshaved significantlyhighererrorfor 2nd
orderprediction,indicatingthatthe acceleratiorof thefish cannot be considerectonstanover
threeframes.Only Oth and1storderpredictionwill thereforebeused.

Size

Thesizeof afish canbe calculatedasthe numberof pixelsin theblob assignedo thefish. This
is actuallythe size of the perspectie projectionof the fish ontotheimageplane,andasit will
vary dependingon the angleto the camerathis measurewill only remainconstaniover short
timeintenals.

Orientation

Anothercharacteristicaf theblobassignedo afishis its orientation.Orientationcanbedefined
astheanglebetweertheline from headto tail onthefish andthe x-axis.

Theorientationof ablob is foundasfollows.
1. Theheadandtail is foundasthetwo pixelswith thelongestintermediatedistance.

2. To determinewhich of theseis headandtail, the sumsof the distancedo all the other
blob pixels from eachof thesepixels are calculated. The one with the largestdistance
sumis thenidentifiedasthetail, andtheotherasthehead.Thisis arobustapproactsince
thefishis alwaysbroardemearthe headthannearthetail, therewill thereforealwaysbe
morepixelsnearthehead.
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Color

Thecolorof thefish couldbe used but all shoalingfish hasalmostexactly the samecolorwhen
seenfrom above. It wasthereforedecidednotto usethis feature.

Shape

Shapdeaturesvereconsideredor distinguishingbetweerthefish, but ascolorfeaturethey are
of little valuedueto the similarity of shoalingfish. This propertycould however be usedwhen
separatindish from noiseblobs. For this usecircularity wasexamined.

Circularity is a measureof how circulara blob is. It is definedasthe circumferencesquared
dividedby thearea.This ratiowill beindependentf sizeandorientation.

Sincethecircularity will bealmostequalfor all fish, while noiseblobswill have randomvalues,
it couldbeusefulfor noiseremoval. A problemis however, thatcrossingishwould beclassified
asnoisebecausef thevery differentshapeof theresultingblobs. Consequentlyhis featurehas
beendiscarded.

Feature selection

The featuresselectedo track the individual fish are Oth and 1st order prediction, orientation
andsize.Sincecolorandshapecannot beusedto distinguishtheindividual fish,and2ndorder
predictionprovedtoo unreliable they will notbeused.

4.2.3 Correspondence

Whenall the featuresof the fish beingtracked andall blobsin the new frameareknown, the

bestmatchof objectsto blobsmustbedeterminedTo determinghecorrespondencasimilarity

measuref objectsto blobsmustbe calculated.This couldbe accomplishedy calculatingthe

distancefrom objectto blob in the n-dimensionalfeaturespace. However for this distance
to be valid it shouldbe calculatedas a Mahalanobisdistancerequiring a labeleddatasetfot

calculatingthe covariancematrix. Obtainingand manuallylabelinga large numberof frames
for eachexperimentis very impractical, thus anothersolutionis preferred. Furthermorethe

covarianceof thefeatureswill probablyvary greatlyduringocclusion.

In thefollowing analternatve approachdevelopedon thebasisof themethodproposedn Intille
etal. [1996]will bedescribed.

Feature match matrix

For eachfeaturea matchmatrix is constructedwvith eachelement ; beingthe difference
in the respectie featurebetweenobject andblob . Theindividual featurematchmatrixes
is weightedandsummednto onematchscorematrix ~ representinghe combineddifference
betweereachobjectandbloh
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Intille etal.[1996] proposeaperframenormalizatiorof thematchmatrixfor eachfeaturebefore
the weightedsumis computedsuchthat i = 1. Thiscanhowever introduceerrorsasthe
samemagnitudeof the differencebetweertwo objectswill notalwayshave thesameimpacton
thesum. For exampleif thecomparisorof someobjectto acompletelyunrelatedblob produces
avery badmatch,this singlematchwill hearily reduceall otherelementsn . Theresultis a
drasticallyreducednfluenceof this featurein the matchingof all object-blobcombinationsin
the next framethebadmatchmay have beenreducedandthenall elementswill againhave the
desirednfluence.Dueto this unreliability normalizationwill notbe performed.

Theweightsappliedto the featurescanbe usedto tunethetraclker to the particularexperiment.

Finding the bestcorrespondencenatch

By calculatingthe featurematchmatrix , the problemof finding the bestmatchin ann-

dimensionalfeaturespacehasbeenreducedto one dimension. Finding the bestcombination
of matchedetweerall objectsandblobsby evaluatingall possiblecombinationscanbe done
by using the sum of the elementsin correspondingo the selectedmatchesas a quality

measureThisbruteforceapproachs howeververy computationallyntensive for largenumbers
of objects. The compleity is of the order (n ), wheren is the numberof tracked objects.
Intille etal. [1996] thereforeusesanalgorithmpresentedn Rangarajarand Shah[1991]. This

algorithmis ableto performnearoptimalmatchingin  (n ).

In Rangarajarand Shah[1991] two versionsof the matchingalgorithm are presented:One
versionmatchingn objectsto  blobswhenn therebybeingableto handlenoiseblobs.
The other capableof handlingocclusionby matchingn objectsto  blobswheren
Neitherof theseversionsareusablein the presencef both noiseandocclusion.The matching
algorithmhasthereforebeenmodifiedto handlethis scenario The modifiedalgorithmworksas
follows:

1. Then featurematchmatrix  is constructedvith eachelement ; representing
thetotal differencebetweerobject andblob .

2. for 1ton do:
(a) Find the minimum element in eachrow , is the column of the minimum

element.

(b) Foreachrow minimum calculateheelement  of priority matrix (alsosee
figure4.2):

i=1i=
(c) Selecttherow minimum with the highestpriority value ~ andremembethis
asamatch.

(d) Maskawayrow , andmultiply all elementsn column with asizepenaltyconstant
dependenbn therelative sizeof the blob andthe assignedbject.
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11° °

Objects

Figure 4.2: Construction of the priority value from the feature match matrix . The
elements in the dashed boxes are summed and the element in the dotted box is
subtracted twice.

For eachtraclkedobjectthebestmatchto ablobis determinedFor all thesematcheghe priority
valueis calculated.This valuerepresenhow badit would beto matchtheassociatedbjectand
blob to otherobjectsor blobs. In otherwords: Of all the good matchesselectthe onethatit
would beworstnotto select.

Whena matchhave beenselectedthe correspondingow is removedto avoid the sameobject
beingassignedo multiple blobs.In RangarajamndShah1991]thecolumnis removedaswell
to ensurea oneto one matching,this will however not work in a scenariowith simultaneous
noiseandocclusion. Thereforeinsteadof remaoving the row all elementsn the row are multi-
plied by amege penaltyfactor Thiswill make it possibleto assignmultiple objectsto thesame
blob, but the penaltyensureghatthis will only happerwhenthereareno othergoodmatches
nearby

To controltheassigningdf multiple objectsto thesameblob, atableis maintainedf theunused
spacen eachbloh. Initially thiscorrespondso theareaof theblobs.Whenanobjectis assigned
to ablob, theremainingspacds reducedoy the areaof thatobject.

The memge penaltyfactoris calculatedon basisof the size of the objectandthe unusedspace
left in the blob If the spaceremainingin the blob is greaterthantwice the size of the object
thereis no penalty otherwisethe penaltyis proportionatfto theratio of objectsizeto remaining
spaceminustheobjectsize.

Updating object features

Whencorrespondendeetweertracked objectsandfoundblobshave beenestablishedtheprop-
ertiesof eachobjectcanbe updatedwith the featuresof the matchingblob. In mostcaseghe
propertieof the objectswill simply be setto thefeatureof their blobs.

In the caseof meigedblobsrepresentingwo or moreobjects,the sizeandorientationfeatures
will not have arny meaningwith regardsto the individual fish. In suchcasesthe mentioned
propertieswill not be updatedandeachpropertywill remainat the lastvalueit hadbeforethe
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meing. By doing this sizeand orientationcanbe usedto matchthe fish beforeandafter an
occlusion.

To avoid erraticjumpsin the positionof objectsbriefly intersectingthe positionwill beupdated
to the predictedposition for the first threeframesof an occlusion. Herebythe positionsof

individual objectsassignedo a mergedblob will move alongtheirlastknown trajectoriedor a

coupleof framesbeforebeingsetto the centerof massof themeigedbloh.

4.2.4 Summary

Trackinghasestablishedheidentitiesof individual fishbetweersuccessie frames.This knowl-
edgeformsthebasisfor triangulationto establisithe 3D positions.



CHAPTER

Triangulation

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

The methodsand algorithmsusedin the stereo-visiorrequirethat certaininternal parameters
of the two camerasand their relatve alignmentare known. To betterunderstandhe inner
workingsof thecamerasasimplemodelcanbeusedto introduceandconceptualizéherelevant
parametersyith regardsto stereo-vision.

5.1 Cameramodel

The mostusedmodelof a cameras the pinholemodel(Jainetal. [1995]). This modelassumes

that the perspectie rays passthroughan infinitesimal apertureat the front of the cameraas

depictedonfigure5.1.

v, Y)
A

Image plane

‘ /(X, X)
Principal
poinq .Y, 2)
)< Focal Ieng}h/ \/ - -7

i Focal point

xy)

Figure 5.1: The pinhole camera model.

To make thecalculationamorestraightforward,theimageplaneis placedafocallengthin front
of thefocal point, asillustratedin figure5.2.

Thefocal pointis consideredhe origo of the cameracoordinatesystem.The extrinsic parame-
tersof thecameralescribeshepositionandorientationof thecameracoordinatesystenrelative
to the surroundingsTheremainingparametersisedin the modelarereferredto astheintrinsic
parametergjescribingall internalaspect®f thecamera.
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Image plane

P(X,Y,Z)

p(x.y)

Figure 5.2: Perspective projection

5.2 Cameraparameters

Theintrinsic andextrinsic parameterganbe calculatedwith the useof cameracalibration,as
describedn AppendixA. Thesemustbe known in orderto obtain suficient accurag when
analyzingimages.Especiallywhenusinga sterecsetupgoodaccurag is importantwhencal-
culatingthe distanceo agivenaobject.

5.2.1 Intrinsic parameters

The intrinsic parametersan be seenas describingthe elementsencapsulatethy the camera
housing.They consistof thefollowing:

Focalpoint Thisis the centerof thelens,in the pin holecameramodelthis correspondso the
pin hole.

Image plane Theplaneof projectioninsidethecameraThisis a 2D coordinatesystem.
Focallength Thedistancdrom theimageplaneto thefocal point.

Principal point Thefocal point projectedontotheimageplane.

As it is oftendesiredo basetheimageplanecoordinatesystemon the principal point, the coor
dinatesareusuallytranslatedn sucha mannerthatorigo in the imageplaneis at the principal
point.

Figure5.2 shavs theprojectionof thepoint ( , , ) ontothepoint (z,y) in the2D image
plane.This projectionis statedby equation(5.1):

(5.1)

Wheref is thefocal lengthand(z, y) is thecoordinatesn theimageplane.
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In orderto be ableto usethe pointsin theimageplane,it is necessaryo normalizethemwith
respecto the focal length. This hasthe advantagethat the outputis a dimensionlessiumber
andassucheasierto usefor furthercalculations The normalizationasshovn in equationb.2.

T -z Y -4 (5.2)

wherez, y is thex- andy-coordinateof the pixel in theimageplane,x ,y isthenormalizedx-
andy-coordinateand f is thefocal length.

5.2.2 Extrinsic parameters

The extrinsic parameterslescribethe relation betweenthe cameracoordinatesystemandthe
world coordinatesystem.Whencalculatingthe extrinsic parametergluring camerecalibration,
arotationmatrix andatranslatiorvectoris estimatedwvith regardsto someexternalfixpoint.

Rotation matrix The rotation matrix describeshow the camerais rotatedwith respecto the
world coordinatesystem.

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

5.2.3 Distortion

The simplepinholecameramodeldescribedreviously impliesthatthe light passeshrougha
infinitesimalapertureput in practice,the aperturemustbe larger to admitsuffecientlight. To
dothis, withoutloosingimagesharpnesdensesareplacedn theaperturdo focustheraysfrom
eachpointin the sceneontothe correspondingpoint ontheimageplane.

Due to the designof the lensestherewill awaysbe somedegreeof distortionin the images.
Therearetwo basictypesof spatialdistortion,radialandtangentialdistortion,theseshouldboth
betakeninto account.Oftenhoweverthetangentiabdistortioncanbeneglectedasit is oftenvery
smallcomparedo theradialdistortion(Bouguef2002]).

5.3 Theoretical uncertainties

The calculationof the principal pointis known to be oneof the mostdifficult partsof thenative
perspectie projectionmodel (Bouguet[2002]). Thesecalculationsintroducethe single most
significantuncertaintyin the calibrationwhen calculatingthe principal point. Becauseof this
it is necessaryo considerthe impactthis hason the precisionof the cameraparametergust
described.



32

Therelatve error  of the principal point with regardsto the focal length f canbe calculated
usingequations.3. To calculatethis error, boththe camerasnustbetakeninto account.

= (5.3)

Figure5.3shavs this problem.Theline from through shavstheray from theobjectto the
cameraWhereagheline from trough iswheretherayto wheretheobjectis thoughtto be

dueto theerror intheprincipalpoint.

Figure 5.3: Error due to uncertainty in principal point

With thecameraeingplacedn adistance from the objectof interestthemaximumdeviation
canbecalculatedequations.4):

- (5.4)

Figure5.4depictshow therelationis betweerthe correct(thick) raysandthe deviatedrays.

With the useof trigonometriccalculations,the maximumuncertaintyin triangulationcan be
calculatedCorrespondingo theside in figure5.4).

Theangles and arethe anglesbetweenthe optical axis andvertical of the right andleft
cameraespectrely. Thustheanglebetweenhetwo camerass = + . Theside canbe
calculatedequationb.5):

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

Usingsinusrelations(equation5.6)

()__ O 56
Theside canbecalculated:
__ O 57

In figure 5.5 the theoreticalaccurag of the triangulationis shavn as function of the angle
betweerthe camerador differentprincipal pointerrors.

5.4 Triangulation

Whenboththe extrinsic andintrinsic parameterareknown, the problemof reconstructing 3D
scenebasedon a pair of stereamagescanbe solved by triangulation.
Thetriangulationdealswith theproblemof generating 3D pointfrom 2D pointsin two camera
images.Themethodusedcanbedividedinto four steps:

1. Shootingaray from eachcameras centerof projectionoutthoughtheimageplanes.
2. Intersectingherayswith thewatersurface.

3. Compensatindor the air/waterrefraction.
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Figure 5.5: Triangulation accuracy with different parameters and a focal length pixels,
and a distance of mm

4. Intersectiorbetweerrays.

The following will describehow thesestepsare performed,asthe theoryis the samefor rays
generatedrom the two camerasthe descriptionof the methodswill only dealwith a single
ray. Thelastpartof the triangulationwill thendealwith theintersectionof raysfrom the two
cameras.

5.4.1 Shootingaray fromthe camera

The processof shootinga ray from the cameraout into the world, is the reverseof the pinhole

cameramodel,describedn section5.1.

Theray is describedy two pointsin 3D spacethefocal pointandthe pixel in theimageplane.

Fromthesetwo pointsit is possibleto make a parametedescriptionof theray. Thefocal point
(origo)is definedas( , , ), andthepointontheimageplane is definedas(z,y,1) where

the (z,y) coordinatesare the normalizedimage coordinates.Thesepoints are definedin the

cameracoordinatesystem.In orderto be ableto find the intersectiorof two rays,they have to

bein the samecoordinatesystem.Thereforethe pointsaretransformednto world coordinates

(seeappendixB).

Theparametedescriptionof theray is thencalculated:

Thedirectionvector is definedas:

— (5.8)
WhereNow ary point ontheray canbedescribeds:

- 4+ (5.9)
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5.4.2 Intersection of the ray with the water

The next stepis to find the point wherethe ray intersectdhe watersurface. The watersuriace
canbe describedas a planein space parallelto the XY planein world coordinates.With a
displacemenin the Z axisequalto thewaterheight( ).

The normalto the waterplane is(, ,1), asthe planeis parallelto the world spaceXY
plane.

Definingapoint onthewaterplaneas( , , ) theintersectiorof theray from thecamera
andthewaterplanecanthenbefoundas(Bourke [2002]):

_ C )
= ) (5.10)

Theactualpoint in spacecanthenbe calculatedusingequation5.9.

5.4.3 Air/W ater refraction

Whenalight ray passe$rom onemediumto anotheiit is refractedasshawvn in figure5.6.

nl
n2

Figure 5.6: Snell's law of refraction

Therelationshipbetweerthe two anglesa andb, is formulatedin Snell’s law (Serway [1996]),
which stateghefollowing:

% —ny (5.11)

In the caseof transitionfrom air to water n; is 1.333(Serway [1996]). The taskis now to
malke a parametedescriptionof the partof ray belowv thewatersurface.Firstthetwo incidence
anglesof theincomingray arecalculatedthisis doneby projectingthedirectionvector of the
ray ontothewaterplane.Thisis illustratedin figure 5.7,thewantedinformationis theangle
betweenthe waternormal andtheray directionvector . In this caseit is depictedin the
ZX plane.
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C water plane

Figure 5.7: The incident angle of the ray and water plane

Becauseahe waterplaneis parallelto the XY plane,the projectionof the directionvector on
thewaterplane,is justits vectorcomponentgz, y) (EdwardsandPenng [1998]).

Theangle canbecalculatedrom equations.12and5.13:

()== (5.12)

= acoii) (5.13)

Theangle in figure5.6 canthenbecalculatedoy combiningequations.11and5.13.

— asin( ( aCoi_))) (5.14)
ni

This procedurés usedfor boththex andy components.

To producethe parametedescriptionof the undervater partof theray, two pointsareneeded.
Thefirst point locatedin thewaterplane,wasfoundusingequation5.9and5.10. A pointlo-
catedbeneattihewaterplane , canbecalculatedoy constructingavectorfrom theintersection
point andin thedirectionof theanglegustcalculated.Thisis illustratedin figure5.8.

v water plane

z

e
X

Figure 5.8: Calculating the point  beneath the water plane

Thevalue istheamountthatshouldbe addedto the x componenbf thepoint  to give thex
componenbf the point

Thisis foundby:

()=-x (5.15)
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whichyieldsthex coordinate:
= ( )+ (5.16)

This procedurés repeatedor they component.

With two points definingthe undervater part of the ray, equation5.8 and 5.9 canbe usedto
make a parametedescription.

5.4.4 Intersection betweenrays

Whenthe proceduredescribedabove is carriedout for a point in eachof the two camerasthe
endresultis a parametricdescriptionsof two raysin space. Becauseof uncertaintiesn the
calculationsand calibrationthe two rays seldomintersecteachother Insteadthe midpointof
theshortestine betweerthetwo raysis selectedasthetriangulated3D point. The mathbehind
calculatingtheintersection®f two raysin spacecanbefoundin (Weisstein2002]).

Figure5.9shavstwo triangulatedoints,basednthetheorydescribedn theprevioussections.
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Correspondence

Whenthe problemof triangulationhasbeensolved, the next stepis to find the correctmatch
betweerthe pointsin eachcameramage.For this purposewo methodsvereevaluated.

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

Minimizing triangulation error: This methodis morecomplex but the advantageis thatit is
invariantto the problemof refraction,aslong astheraysusedto testthe correspondence
aredefinedin the samemedium.

6.1 Epipolar lines

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

Figure 6.1: Epipolar geometry, with the epipolar plane and the epipolar lines  and

As shawvn in figure 6.1, the setupconsistsof the imageplanesfor the left andright cameraa
3D point P, andits projections( and ) ontothetwo imageplanes. The matchbetweena
pointdefinedin theleft cameracoordinatesystemandthepointin theright coordinatesystem,
is givenby:

= ) (6.1)
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Where definestherotationand thetranslation

The epipolarplanedefinedby the points , , , is projectedonto the two imageplanes,
forming the epipolarlines. Picking a pointin the left imageresultsin a particularepipolarline
in theright imageplane,andthe searchor the correspondingpointin theright imageplaneis
now reducedo asearchalongthisline.

This epipolarconstraintcanbe describedasa coplanarityconditionof thevectors , , and
, in mathematicatermsit canbe expresseds(TruccoandVerri[1998]):

( ) = (6.2)

As equation6.2 states:The whole theoryis basedon the epipolarplaneactuallybeingplanar
But asit is describedn section5.4.3,the epipolarplanewould not be planarif partof it was
below thewatersurface.For this reasorthe methodwill notbeusedin the proposedsystem.

6.2 Minimizing triangulation error

Insteadof viewing the rays from the camerasas single segments,they are divided into two

sgments. One representinghe part thatis above the water surface,and one part belov the
watersurface.

Theprocessings thenconcentrate@gboutthe secondoartof therays,asall fish canbeexpected
to befoundundervater

Themethodcanbedividedinto 3 parts.

1. Calculatedistancefrom every left ray to all right rays.
2. Limiting thesearctspaceéyy discardingheresultswhich areoutsidetheregionof interest.

3. Find thecombinationof matcheswhich minimizethetotal error

Thefollowing will gointo detailwith thesethreeparts.

6.2.1 Calculating distances

As describedn section5.4 it is possibleto generatea ray in spacerepresenting pixel in the
imageplaneof the camera.Whendoing this with a pixel in the right imageplaneanda pixel
in theleft imageplane,the measuref thelikelihoodof thesetwo pixelsrepresentinghe same
object,is the distancebetweenthe two rays. This meansthat for n pointsin eachof the two
imageplanesann  n matrixrepresentinghedistancedbetweerall therayscanbeconstructed.
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6.2.2 Limiting the search space

In orderto limit the possiblecombinationf rays,afew limiting factorshave beenintroduced.
It is clearthatit doesnot make senseto matchrayswhich will resultin 3D positionsthatare
placedeitherabore the watersuriace,or belav the bottom of the tank. Theseconstraintsare
denotedasthe upperandlower limits.

Whenlooking attheuncertaintiesn thesystemtheraysshouldcrosseachotherwithin acertain
distance|jf notthetwo pointsrepresentinghe rayscannot representhe samepointin space.
Thislimit is calledthe maxdistance.

Thesethreeparameterganbe usedto tweakthe performanceof the system the narraver the
searchspace the fasterthe computationswill be, but with increasingrisk of discardingvalid
data.

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

6.2.3 Finding the optimal combination of rays

The optimal combinationof raysis definedasthe combinationwith the smallestiotal squared
distance betweenall the matchedrays. In the distancematrix entry ; representshe
squaredlistancdrom the th right raytothe thleft ray.

Thesimpleway of solvingthe problemof findingthesmallest wouldbeabruteforcemethod
of trying all the combinationsf theraysin the distancematrix. Becausdhe systemshouldbe
ableto runin arealtimeervironment,this approachs notviable.

Insteadanotherconstraintis introduced:a ray canonly have onematch. If the samepointis
representetlvice in oneof the camerastheray have to be duplicated.

The effect of the singlematchconstraints thatwhena pair of rays , is matchedhe th row
and th columnis maslked out from the matrix. Now the amountof datain the matrix hasbeen
reducedo a pointwhereit is computationallypossibleto testall thecombinations.

To explain how the optimal matchingof raysis performed,an exampleis introducedin table
6.1. The matrix shavs the squareddistancebetweenfour raysfrom the left cameraandfour
raysfrom the right camera.The top row indicatethe ray numberin the right cameraandthe
leftmostcolumnindicatethe ray numberin theleft camera.

left right 1 2 3 4
1 57 | 49 |223|49.2
2 244 7.7 | 14.1| 45.9
3 61.3| 34.3| 7.3 | 249
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 oneswhile keepingthetotal squaredlistance
betweerthe matchedraysassmall aspossible.Looking at the data,it would seemlikely that
thefirst left ray matcheghesecondight ray, becausé hasthe smallestistance Butimposing
theupper/laver limits andmaxdistancegefinedin section6.2.2,thematrixis reducedasshavn

in table6.2.

left right 1 2 3 4
1 57| - - -
2 - | 771141 -
3 - - 73 | -
4 - | 48] - 5.6

Table 6.2: Distance matrix D after data reduction

In table6.2the matchbetweerthefirst left ray andthe secondight ray wasremoved, whenthe
constraintsvereintroduced.As it would have resultedn a point outsidetheregion of interest.

In the matrix, thereare multiple matchesn the secondandthird right rays,andin the second
andfourthleft rays.

Matchingthefirst left/right ray is not a problem,asthey only have onematch.But for theright
rays 2,3 andthe left rays 2,4 things get more complicated. They both matchmorethanone
acceptableay in the oppositecamera.

Looking atthe secondight ray, the smallestsquarediistanceto anotheray is 4.8 to thefourth
left ray. Butif thesetwo arematchedthe fourth right ray doesnot have ary matchesbecause
of the constrainthataray cannot matchmorethanoneotherray. This matchis discardedeven
thoughit is thebest.Insteadthe secondight ray is matchedwith the secondeft ray.

This solvesthe problemthatthe third right ray hadtwo matchegoo, becausavhenthe second
left ray hasbeenmatchedo the secondight ray, it cannotalsomatchthethird right ray, sothe
third right ray canonly matchthethird left ray.
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Testmethods

To testthe methodsdevelopedin this project,anexperimentaletuphasbeenmade.This setup
hasbeenelaboratedo be similar to the setupof the experimentson the Marine Biology Labo-

ratoriesin HelsinggrandHirtshals.Multiple testshave beendevisedto addresthe majorareas
of interest.

7.1 Experimental setup

As it would be very impracticalto go to eitherHelsinggror Hirtshalsto testthe systemduring
development,a physicalsetupin the ComputerVision Laboratorywasneeded.It wasdecided
that this setupshouldbe somevhat smallerthan the original, but still reflectthe problemas
muchaspossible.The original setupconsistf a large white fish tank which malesit easyto

separatehefish from thebackground Thetestsetupconsistof awhite semi-translucenound
bowl, two synchronizecdcamerasnda light box placedunderneattthe bowl. Thecamerasre
connectedo framegrabbergn a Pentiumlll 1 GHz computer The overall setupis depictedin

figure7.1.

Thetwo camerasverefitted in suchawaythatthedistanceérom thewatersurfaceto thecamera
wasassmallaspossiblewhile maintainingthelargestpossibleanglebetweerthetwo cameras.
Theoptimalsolutionwasto fit thecameragpproximatelyd00mmabove thewatersurface,and
to placethemin a distanceof 260mmhorizontally which correspondsgo the diameterof the
bowl. The optimalanglebetweerthetwo cameraswith this setupwas54 degrees thusmaking
thetotal watervolumevisible to the cameras.

Theimagesaregrabbedrom the camerast a rate of 30 framesper secondandanimagesize
of 640 480pixelsin 8 bit grayscale.

As thetestsetupwasa scaleddown versionof the setupsat the Marine Biology laboratoriesit

wasnecessaryo obtainsmallerfish for testingthe systemduring development.The zebrafish

obtaineddid notbehae thesameway astheshoalingfishfor whichthesystenis intendedhow-

ever this factis left out of accountduring developmentof the trackingmethods.The obtained
zebrafish wereapproximatelyommwide and20mmlong.

Sincethe mainfocusof the projectis trackingof fish andnot segmentationthe problemswith
shadavs andreflectionsfrom light sourceswere eliminatedby using backlighting. This sit-
uation malesit very easyto distinguishthe fish from the background. It is known that this
situationis idealized,andassuchnot possiblen the end-systenin its currentform.
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Figure 7.1: The experimental setup.

7.2 Tracking

In orderto evaluateandverify the robustnesf the trackingdescribedn chapter4 a testwas
devised.

Ideally trackingshouldbe testedon a large setof labelledsequencesyherethe movementof
the individual fish is known frame by frame. It would thenbe possibleto apply the tracking
algorithmto this datasetandautomaticallyevaluateif thefish weretracled correctly

Sincesucha sequencas not available, andit would requirea significanteffort to createit, it
waschosento manuallyinspecta sequencevith a manageablaumberof framesinstead.This
is doneunderthe assumptiorthatthis sequencevill berepresentate of all fish behaiour.

To beableto reproducdifferentsituationsandpotentialerrorsof thealgorithm,all testingwas
performedon recordedsequencesf frames.

Only situationswvheretwo or morefish intersectshouldbe ableto causeproblemsfor thetrack-
ing algorithm. Thesesituationswill thereforebethefocusof thetesting.
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7.2.1 Occlusionhandling

A testwasperformedo evaluatethehandlingof occlusionsThis wasdoneby determininghowv
oftenthefishactuallycrossandhow oftenthealgorithmsolvedthis problemcorrectly Thetest
wasperformedon sequencewith imagesizeof 640 480and320 240pixels,to examinethe
influenceof resolutionon thetrackingperformance.

For eachsequencéhe numberof occlusiongnvolving two, threeor morefish respeciiely was
countedaswell asthe numberof timesthe situationswveresolved correctly

7.3 Triangulation

In orderto verify the precisionandfunctionality of themethodsdescribedn section5.2and5.4
atestwasconducted.The mainobjectie of this testwasto verify the overall precisionof the
undervatertriangulationandcomparethis to the acceptableangepreviously definedin section
1.2.4and7.1. Theprecisionof thetriangulationdepend®n how preciset is possibleto getthe
camerecalibration.Basedon thesedata,it is possibleto calculatethetheoreticauncertainty

Becausef thedifficulty in obtainingabsolutereferencepointsto usein thetestingof thetrian-
gulation,thetestperformedevaluategheability of thetriangulationto find therelatve distance
betweerselectegoints. Thetestalsoshavs how preciseit is possibleto gettheintersectiorof
theraysrepresentinghe correspondingpoints,in theleft andrightimages.

Thetestwasconductedy selectingiwelve points(figure 7.2) on atestobject,andsubmeging
it in water

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

Theviews form thetwo camerasareshawvn in figure 7.3. Fromthesemageseachof the points
wereextractedmanuallyandusedin thetriangulationalgorithm.
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(a) Left camera (b) Rightcamera

Figure 7.3: Triangulation test object, submerged in water

7.4 Correspondence

Becausethe correspondenctestwas closely relatedto the triangulationtest, they sharedthe
sametestobject. The only differencewasthe pattern,it waschangedn orderto accentuatéhe
relevant propertiesof thealgorithm.

The purposeof the testwasto verify the robustnessand capabilitiesof the correspondence
method.Figure7.4 shawvs the patternusedin thetest.

Figure 7.4: Correspondence test
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7.5 Realtime performance

In orderto testthe realtime capabilitiesof the algorithms,the perframe processingime was
measuredising different numbersof fish andimagesizesof 640 480 and 320 240 pixels.
Thiswasdonein orderto examinehow thealgorithmsscalewith increasinghumberof fishand
increasingmagesize.

7.6 3D positioning of fish

Thistestwasperformedn orderto verify the precisionof thetriangulated3D fish positionsand
comparetheseto the precisionof thetriangulationtestdescribedn section7.3.

A sequencef 300frames,correspondingo 10 secondscontaining8 fisheswasrecordedand
processed.By choosingonly the instanceswherethe correspondencalgorithm found one
uniquematch,thetestwould not beinfluencedby errorsin the correspondence.

It wasexpectedhattheaccurag would beworsethanthetriangulationon the statictestobject,
asthetriangulationdepend®n theaccurag of the calculatedcenterof massof thefish.
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Results

Thetestsdescribedn chapter7 wereperformedandtheresultsarepresentedhn this chapter

8.1 Tracking

The occlusionhandling test was performedon two different sequencesvith image sizesof
640 480and320 240pixelsrespecirely, to seeif theimagesizehasary significantinfluence
ontheoutputof the system.Thesequencesontained3982and1444framesrespectrely andis
consideredo berepresentate of thefish behaior. Theresultcanbeseenin table8.1.

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

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

To determindf thesolutionprovided by the systemwascorrect,it wascomparedvith ahuman
interpretationof the situations.In somecasest wasnot even possiblefor the humanobserer
to make anaccuratenterpretationthesesituationswerethereforeignored. Consequentlyhere
arenodatafor threefish occlusionsituationsin the low resolutionsequence.

8.1.1 Examples

In the following examplesthe strengthsand weaknessesf the algorithmsare presented.For
readabilityonly theinterestingframesareshawn.

Brief occlusion

A brief occlusionbetweentwo fish can be seenin figure 8.1. The two fish are intersecting
for lessthanthe predictiontime limit of four frames,and predictioncanthereforebe usedto
maintaintheir identities. The systemis capableof solving this situationcorrectly andit does
not have ary effect, thatthereareotherfishin the nearneighborhood.
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(a) Frame (b) Frame (c) Frame

Figure 8.1: Brief 4 frame occlusion solved mainly by prediction.

Solving using orientation

Whentwo fish swimmingin differentdirectionscross,their orientationwill differ. This canbe
usedto find the correctfish after the occlusionasin figure 8.2. Eventhoughthe occlusionis
over 16 frames the systemis capableof solvingthis situationcorrectly

(a) Frame (b) Frame (c) Frame

(d) Frame (e)Frame (f) Frame

Figure 8.2: Long 16 frame occlusion solved mainly by orientation and size from before the
merge.

Equal initial orientation

A very difficult situationis when crossingfish have similar initial orientation. If the two fish
have differentvelocity this will provide someinformation, but if the fish changedirectionor
velocity during the occlusionthe situationbecomesxtremely difficult. An exampleof such
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a situationcan be seenin figure 8.3. This situationwas not solved correctly andthe two fish
exchangddentity.

(a) Frame (b) Frame (c) Frame

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 somesituationswherethe occlusionlastsmary frames,involves several fish and somefish
evenchangeorientationduringtheocclusionthesystems notcapableof doingcorrecttracking.
Suchanexamplecanbeadmiredin figure 8.4.

(a) Frame (b) Frame (c) Frame

(d) Frame (e)Frame (f) Frame

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 shortocclusionsare solved correctly mainly by predictionand orientation.
Longerocclusionsare solved correctlyif the fish follow approximatelythe sametrajectories
before,duringandafterthe occlusion.As the fish arealmostidenticalsituationswherethe fish
changdlirectionwhile melgedcannotbehandledeliably. Individual fish swimmingseparately
arealwaystraclked correctly evenwhenotherfish or noiseobjectsarenearby

8.2 Triangulation

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

8.2.1 Calibration results

Theentireprocedureof calibratingcanbefoundin appendixA.
Thecameraalibrationgavetheprincipalpointerrors 1 1 pixelsand 1 111 pixels
for theleft andright camerarespectrely. Thefocal lengthwascalculatedo be 628 pixels for
bothcamerasThe calibrationuncertaintiegxplainedin section5.3 cannow becalculated.

1 pixels
T~ f T pixels
= = mm =1 mm
_ _ 1 mm —1 mm
() ()
() (1 ) 1 mm

— B = ) = 1mm (8.1)

This meanghatin the systema staticerror of maximumz2.8mmcanbe expected.

8.2.2 Triangulation results

The 2D imagecoordinatesnarked on the patterndescribedn section7.3 wereextractedmanu-
ally from thetwo imagesandpassedo thetriangulation.Theoutputcoordinatesverethenused
to calculatethe euclideardistancerom eachof the pointsto all otherpoints.

Table 8.2 depictsthe individual distancesetweenrays when performingtriangulationon the
testpattern.Theaveragedistancds 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

Table 8.3 shaws the relative differencebetweenthe physicaldistancesandthe calculateddis-
tances.

Thetestrevealesthatthe averagerelative errorin thetriangulationtestis 9.28%.
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Table 8.3: Percentage difference in physical and calculated distances

8.3 Correspondence

The coordinatesf the pointsdefinedin figure 7.4 were extractedmanuallyandtriangulation
andcorrespondenceasperformed.Thesquaredlistancanatrix resultingfrom thistestpattern
canbe seenin table 8.4 The valuesarethe squareddistancedetweenthe rays roundedoff to

ow 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 “-”

threedecimalstheinvalid matcheshasbeeneliminated.

The calculatedvalid pathsandthe correspondingummedsquaredlistanceareshavn in table
8.5. The correctpathis numberone, but taking the secondpathis the leastdexpensve asit
hasthe smallestsummedweight of 2.607. Combiningthesedistanceswith the resultsfrom
table8.4,it canbe seenthatthe problemis thatit is leastexpensve to swapthe points7 and8.
Swappingary otherpointsresultsin a muchhigherdistancethusthe resultingcombinationof
matcheswill notbeselected.

8.4 Realtime performance

Therealtime performancef the systemwastestedwith imagesizesof 320 240and640 480
pixels. Theresultof thetestis given asaverageprocessingime perframeandis illustratedin
figure8.5. Onthisfigure boththeactualdataandaleastsquaredit of the datais shavn.
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row PN 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

40— : : T 300
- 250t
35+
—_ y=2.6*+17 —_
1) [ L
g 5200
g% - 2
= + i= 1501
25¢ *
100r
« Data
20 ' ‘ LS fit 50 ‘
2 ﬂlumber of figh 8 2 ﬁumber of fi%h 8
(2) Imagesizeof 320 240pixels (b) Imagesizeof 640 480pixels

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

Themeasurement@rebasedn sequencesf approximately350frames.

8.5 3D positioning of fish

From the 300 recordedframes197 framescontaineda unique matchbetweenthe rays. The
average maximumandminimumdistancesanbe seenn table8.6

Max | Min | Average
154]032| 0.70

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

9.1 Tracking

Most tracking errorsare dueto the fact that the fish are very similar. Thereforefeaturesdis-
tinguishingthe fish beforeandafter occlusionscanonly be basedon positionandorientation.
Themajorweaknessn thisis, thatit cannot handleocclusionswherethefish changedirection
while mewged.

Almost all the occlusionsshorterthan the predictiontime limit of four frameswere solved
correctly During theseocclusionghe positionof theindividual fish is assumedo move along
thelastknown course.Thereforethetrajectoriesaresmooththroughthe entireocclusion.

In longerocclusionsthe positionsare abruptly moved to the centerof massof the combined
object. This causes discontinuityin the trajectoryof fastmoving fish. After the positionsare
moved to the commoncenterof mass,only propertiesstoredfrom beforethe occlusioncanbe
usedto distinguishthefish, whenthey split up again.

Errorsin trackingonly happenduring occlusion,andonly affecting the involved fish. Single
fish arealwaystraclked correctlyevenwhile otherfish meige nearby The trackingalgorithms
arethereforecapableof robustly trackinga singlefishin the presencef noise.

9.1.1 Futureimprovements

Thetwo mainweaknessesf thetrackingalgorithmare:

1. No new information aboutthe 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 the other

Thesetwo areasshouldbeaddressetb producea morereliabletrackingsystem.
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Occlusionhandling

During occlusionghetrackingis virtually blind, asno informationabouttheindividual fish are
available. The only way an occlusioncanbe handledis by comparingpropertiesof the fish
beforeandafterthey memge or by predictingtheir trajectories.If the occlusiondastfor more
thanafew framesandthefish changedirectionmeanwhilejt is almostimpossibleto determine
theright identitieswhenthey split up.

Thehandlingof occlusionsouldbeimprovedby estimatingheindividual fishespositionwithin
thecommonblob. andtherebytrackingthefish all the way throughthe occlusion.This canbe
donein anumberof ways.

Onemethodis to calculatethe skeletonof the blob containingbothfish andfrom this determine
the orientationof theindividual fish.

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

Insteadof trackingthecenterof massof thefish, theirheadandtail couldbetrackedindividually.
Thesepoints on the fish could be locatedas cornersor extreme points on blobs containing
multiple fish. By applyingconstraintdbasedon the lengthandpredictedorientationof the fish
thesepointscould be pairedto locateindividual fish within the bloh

Integrating information from both cameras

Severalwaysof integratingthe informationfrom bothcameragxist. Oneapproachs to always
make useof the informationfrom the camerawherethe trackingis mostaccurate.This could
be doneby calculatinga trackinguncertaintyfactorfor the left andright images,andfor each
framebasethe posttriangulationidentity assignmenon theimagewith the lowestuncertainty
Sincethecamerasredisplacedandseethe scendrom differentanglesheocclusionwill often
only happerfor onecameraat atime. Theresultfrom the besttrackingcould be usedto help
assigncorrectidentitiesto compouncbbjectsin the frameof the othercamera.

Insteadof doingtrackingindependentlyon the two imagesbeforethe resultis combinedwith
thetriangulation theinformationfrom both framesandtheresultof the triangulationcould be
combinedo performthetrackingin 3D.

By integratingtriangulationinto thetracking,frameto framecorrespondencaustbe consistent
betweerthe camerasandwould dependon the 3D positionandconfidenceof triangulation.

Combined approach

To obtainthe bestpossibleresultsseveral of the abore mentionedmodificationsandimprove-
mentsshouldbe used. Especiallythe location of fish inside megedblobscould be combined
with eitherof the methodsntegratinginformationfrom bothcameras.

Another approachwould be to use algorithmsbasedon methodssuch as the Kalman filter
(Welch and Bishop [2001]) or Condensatiorflsard and Blake [1998]). However thesemeth-
odsarenoteasilyintegrableinto the proposedlgorithm.
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9.2 Triangulation

As thetriangulationtestshaw, thereareuncertaintiesn how well the systemis ableto pinpoint
anobijectin space.Onesourceof erroris the pinpointingof the objectsin eachcameramage,
the testconductedon the triangulationalgorithm were basedon manualextraction of the 2D
coordinatesn the two images thereforeit introducedsomeuncertaintiesasit wasdifficult to
extract the exact samepointin the two images. Anothersourceis the numericaluncertainties
duringcalculations.Theuncertaintyin thecalculationof theprincipalpoint, discusseth section
5.3, only affectsthe capabilityin calculatingthe exact 3D positionwith regardsto the world
coordinatesystemdefinedby the calibration.

For the systento be of ary practicaluseit mustbeableto accuratelytriangulatewithin half the
width of afish,to beableto distinguishbetweerntwo fish swimmingnext to eachother

The triangulationis not the limiting factorin the currentsetup,as the resultsshav that on
averagethe distancebetweenthe raysis 0.32mm. Which is depictedin the relatve average
triangulationerror of 9.28%. Therearehowever uncertaintiesn determiningthe fishes’center
of masswhichwill introducea larger distancebetweentherays. A possiblesolutionwould be
to usethe headof thefishinstead asit doesnotvary asmuchbetweertheleft andrightimages.

The testsandthe theory shaws thatthe triangulationscalesvery well with the physicalsetup.
Meaningthatincreasinghe heightof the camerasabove the water will increasehe error, but
assumingthat the size of the fish beingtracked is increasedoo, the relatve error will stay
constant. And if higherprecisionis requiredmore preciseopticstogetherwith more precise
cameraganbethesolution,asthiswill reducethe cameracalibrationerrors.

9.3 Correspondence

From the resultsdescribedn section8.3 it can be seenthat there are problemswith points
situatedon lines parallelto the Y-axis of the imageplane. Empirical testsfurthermoreshaved
thatthe problemmay arisewith pointsup to 18 mm apart(points1 and2 in figure 7.4). The
importantobseration is thatit doesnot switch pointsthatare situatedon lines parallelto the
X-axis of theimageplaneeventhoughthe pointsareonly 4 mm apart(points5 and8 in figure
7.4.

Figure9.1 shavs the main problemof thealgorithm,thepoint  is triangulatedby theleft ray
andtherightray , andthe point in is triangulatedn the samefashion. The problemis
thatthe distancebetweerthe left ray andtherightray might be smallerthanthe distance
betweenrtheleft ray andrightray , andsubsequentlyhe algorithmdecidesto matchthese

two rayswhichresultsin theerroneougoint

Theconsequencef aswapin matchess thatthe pointsaretriangulatedo belocatedabose each
otherinsteadof side by side. This canbe solved by trackinghow the fish have movedin the
past,andasfish cannotchangepositioninstantaneous|ythe matchedound could be discarded
andthe correctmatchusedinstead. This would requirethe correspondencalgorithmto parse
all the resultsbackto the tracking algorithmthus makingit possibleto selectthe mostlikely
matchinsteadof only the leastexpensve match.
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Figure 9.1: Correspondence dilemma

9.4 Realtime performance

As it canbe obsenedfrom figure 8.5the processingime varieswith the numberof fish andthe
imagesize.

With animagesizeof 640 480 pixels and 8 fish, the processingakes an averageof 235 ms

which should give a possibleframe rate of 4.2 framesper second. With an image size of

320 240 pixelsit only takes 37 ms giving a maximumframe rate of 27 framesper second.
The problemwith theimagesize of 320 240 pixels, is that the tracking testshaved signifi-

cantlyreducedrackingperformanceBut it canbeseenfrom thistestthatoptimizingtheimage
sizecouldmale the systenfaster

Fromthe slopeof theleastsquaredits it canbe seenthatincreasinghe numberof fishis more
critical with a largerimagesize. This is probablydueto the factthatif the numberof object
pixelsin theimageincreaseby a factor the processingime of someof the algorithmsin the
featureextractionpartof thetrackingsystemwill increasewith this factorsquared.

9.4.1 Futureimprovements

Theimplementedestsystemhasnotbeenoptimizedfor realtime performanceA moreoptimal
implementatiorof thealgorithmswill make thesystentaster Specificallythefeatureextraction
algorithmsshouldbe optimized.

Optimizingtheimagesizeto getthe smallestpossiblesize wheretrackingwould still perform
satishctorywould alsomake the systenfaster

9.5 3D positioning of fish

Theresultsfrom thetestshawv thatthe developedsystemis ableto pinpointthe fishes’center
of massin the two images,with an averageerror of 0.7mm. Comparingthis with the results
obtainedin section8.2.2it is visible thatthe accurag hasbeenworsenedy approximatelya
factorof two.
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However the precisionis still belon therequiredprecisionof half thewidth of thefish approxi-
mately2.5mm.Theseresultsindicatethatthe methodusedfor calculationof the centerof mass
is robust. Furtherimprovementscan be obtainedby usingthe headandtail of the fish when
triangulatinginsteadof the centerof mass.
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Conclusion

The2D trackingalgorithmsarereliably ableto trackfish throughmostocclusiongnvolving two
fish and never make errorswith singlefish, and noiseobjectsare thereforerohustly rejected.
Occlusionsnvolving threeor morefish frequentlyresultin fish exchangingidentity, however
duringtheseocclusionghetrackingalgorithmnever loseary of thefish.

Thisindicatesthatthe developedalgorithmswill be usefulfor experimentscollectingstatistical
dataaboutthe motion of shoalingfish. For experimentsrequiring robust maintenancef the
identity of individual fish betterocclusionhandlingwill however be needed.

If theimplementatiorof the algorithmsis optimizedandthe optimalimagesizeis selectedijt
will bepossibleto obtainframeratesusablein realtime experiments.

Thetestsshaw thatit is possibleto develop andimplementanalgorithmcapableof calculating
the 3D position of objectssubmeged in water The average3D spatialprecisionof the de-
velopedtestsystemis 0.32mmwhentriangulatinga staticreferenceobject,and0.7mmwhen
triangulatingmoving fish. This is well insidethe demanddgor a precisionwithin half the width

of afish. The systemdid however shaw thatit doeshave considerablgroblemsdistinguishing
betweercloseobjectswhenthey aresituatedparallelto the Y axisof theimageplanes.

Thesystemhasbeenimplementedasa scaleddown versionof thesetupsn the Marine Biology
Laboratorieshowever the algorithmsdevelopedandimplementedscaledinearly with the size
of thesystem.Meaningthattherelative errorswill remainthe samein a scaledsetup.
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APPENDI X

Calibration

This appendixcontainsimagesanddescriptionof someof the proceduresloneduring camera
calibration.

A.1 Cameracalibration toolbox for Matlab howto

Theprocesof cameracalibrationusingthe matlabtoolboxis asfollows:

Loadimagesfrom onecamera

Extractgrid corners

Repeafor all images

Press'Calibration”

Evaluatethe outputfrom “AnalyseError”
Press'Recompcorners”’andthen“Calibration”
Press'Save”

Repeafor the othercamera

Save theoutput

A.2 Performing calibration

The actualcalibrationof the camerasystemis doneby usingthe CameraCalibrationToolbox
for Matlab (Bouguetf2002]).

The basicprocedurds, thattheimagesfor eachcameraareloadedinto matlab,the cornersin

eachimageareextractedmanually baseduponthe cornerextraction,matlabis ableto calculate
theintrinsic parameter®f eachcamera.Afterwards,the resultsare usedto performthe stereo
calibration,which givesmorepreciseresults. 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 ] +/- [ 158737 1.08052 ]
Skew: alpha_c = [ 0.00000 ] +/- [ 0.00000 ]

=> angle of pixel axes = 90.00000 +/- 0.00000 degrees

Distortion: ke = [ -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 respecto
thesizeof horizontalpixelsandvertical pixels. The numbersndicatethatthe pixels arealmost
square.The Rc_«t is therotationfrom the cameracoordinatesystemto the world coordinate
system.

A mosaiccontainingall the calibrationimagesds seenin figure A.1.

A.3 Distortion

The Matlab Toolbox can visualize the distortion calculated(using the visualize_distortin
script), andit createghreeimages,one wherethe total distortionis depicted,one with only
theradialdistortionandlast,onewith thetangentialdistortion.
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Calibration images

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

The amountof distortion(honv mucha pixel is moved at ary pointin theimage)is alsoillus-
trated.In this setup the maximumradial distortioncomesto 35 pixelsinwardsin the upperleft
cornerof theimage(Seefigure A.3). The maximumtangentialdistortionis 1.6 pixelsin the
upperleft corner(Seefigure A.2).

Figure A.2 depictsthe amountof tangentialdistortion the imagesare subjectedto. Both the
magnitudeanddirectionof thedistortionis illustrated

FigureA.3 shavs theamountof radialdistortiontheimagesaresubjectedo.

Figure A.4 shavs the completedistortionfrom both the tangentialandradial component.The
crossindicateswherethe centerof theimageis, andthe circle shavs wherethe principal point
is calculatedo be. Notethatwith anidealcamerathesetwo marksshouldbedirectly ontop of
eachother

TheMatlabToolboxoffersafunctionto compensatér bothradialandtangentiadistortion,as
shawvn previously.

Thefunctionin the Toolboxis calledcomp_distortion _oul u. mt which hasbeenported
to C++in orderto make it compatiblewith the restof the system. The algorithmis anitera-
tive algorithmwhich runsfive timesin orderto approximatethe distortion. The basicstepsin
compensatindor thedistortionis:

IDevisedatthe Universityof Ouluin Finland
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Tangential Component of the Distortion Model

Pixel error

=[0.1568, 0.1311]
Focal Length

628.084, 627.6]17; +- 50.8615, 0.9694]‘

Principal Point =(316.455, 239.672) +/-[1.587, 1.081]
Skew =0 +-
Radial coefficients =(-0.3202, 0.1391, 0) +/-0.005755, 0.02355, 0]
Tangential coefficients = (0.002327, 0.001428) +/-0.0002397, 0.000367]

Figure A.2: Tangential distortion component

Radial Component of the Distortion Model
N T
oV

Pixel error =10.1568, 0.1311]

Focal Length =(628.084, 627.617, +- 50.8615. 0.9694]
Principal Point =(316.455, 239.672) +/-[1.587, 1.081]
Skew =0 +-
Radial coefficients =(-0.3202, 0.1391, 0) +/-[0.005755, 0.02355, 0]
Tangential coefficients = (0.002327, 0.001428) +/-0.0002397, 0.000367]

Figure A.3: Radial distortion component
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Complete Distortion Model
1 T
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Pixel error

0.1568, 0.1311]

Focal Length = (628.084, 627.617) +/- [0.8615, 0.9694]
Principal Point = (316.455, 239.672) +/- [1.587, 1.081]
Skew =0 +-0
Radial coefficients =(-0.3202, 0.1391, 0) +/- [0.005755, 0.02355, 0]
Tangential coefficients = (0.002327, 0.001428) +/-[0.0002397, 0.000367]

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*2 + k2*(r2n2) + k3*(r2n3)
% Calculate the displacement of the pixels due to distortion
deltax = 2*pl*x + p2*(r2+2*x"2)

deltay = pl*(r2+2*y"2) + 2*p2*xty
% Calculate the new position of the pixel
x = (x - deltax)/k_radial
y (y - deltay)/k_radial
end
end

Thekl, k2 andk3 parameteraretheradialdistortionparametersandpl andp2 arethetangen-
tial distortionparameters.

k1 is thefirst parameteof the matrix containingthe distortionparametersk?2 is the seconcand
k3 is thefifth element.plis thethird elementandp2is thefourth element.

Figure A.5 and A.6 shaws the effect of the distortion and how the imagelooks after being
undistorted.
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APPENDI X

Coordinate setup

The systemcontainsthree coordinatesystems,one for eachcameraand a world coordinate
system.Thisis however notvery corvenientasit mayleadto confusionbecausehe coordinate
systemsareseparateOneway of compensatindor this, is to transformthe coordinatesystems
into onecommoncoordinatesystem.As the endsystemis intendedo give coordinatesn some
specifiedworld coordinatesystemiit is corvenientto choosethe world coordinatesystemas
the commonbase,and transformthe two cameracoordinatesystems. Having one common
coordinatesystemmalkesthe 3D triangulationcalculationgpossible.

As theMatlabcalibrationtoolboxcalibrategshe camerasvith regardsto thecalibrationchecler
board,this is the obvious choiceof referencecoordinatesystem.FigureB.1 depictstheimage
usedto definetheworld coordinatesystem.

Figure B.1: The calibration checkerboard with coordinate system

Converting betweencoordinate systems

Whenhaving the differentcoordinatesystemglefined,it is alsonecessaryo be ableto corvert

coordinatesn onecoordinatesystemto another By utilizing the methodusedby the Matlab

Toolbox, it is possibleto corvert from cameracoordinatesystemto world coordinatesystem.
The Matlab Toolboxdefinesghe corversionfrom world coordinatesystento cameracoordinate
system:

By rewriting this formula, it is possibleto convert from cameracoordinatesystemto world
coordinatesystem.
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(B.1)
where is the coordinatesn the cameracoordinatesystem.  is the rotationmatrix from
world coordinatesysteminto cameracoordinatesystem(given by calibrationtoolbox). is

the translationvectorfrom world to cameracoordinatesystem. is the coordinatesn world
coordinatesystem.
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