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Abstract

Thisthesispresentamethodio computeavolumetricmodelof anarbitrarily-shapedonvex
object,immersednto atransparentinediuminsideatransparentontainerfrom multiple views.
Differentviewsaregeneratedby rotatingtheobjectin front of a stationarycamerausingaturn-
table.Intrinsic cameracalibrationis doneusingdifferentviewsof achessboarg@attern Extrin-
sic cameracalibrationis donesemi-automaticallyisingimagesof a chessboar@atternrotated
by theturntable.Theimagesof thetransparentontaineraretakenseparatelyat identicalrota-
tion angles After the sidewalls of the containethavebeenautomaticallydetectednsidethese
Images,they are usedto modelthe refraction.Refractionis includedinto the reconstruction
algorithmShape from Silhouettdxy incorporating the refraction into the projection model.
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Introduction

Three-dimensionakeconstructionplays an important role in medicine and research.
Although (bio-)chemicalanalysisgivesplenty of information,it is oftennecessaryo correlate
to thethree-dimensionatharacteristicef the objectin question Especiallycomplexstructures
like roots are supposed to reveal much information through their three-dimensional structure.

In orderto aid the subsequenanalysisof the reconstructionreconstructioraccuracyhas
beenanimportantaspectn thedesignof thepresentednethod.Thefactthatthereconstructions
are highly isometrichelpsto avoid separatiorof the reconstructedootsdueto distortionand
provides the basis for (absolute) measurements.

1.1 Problem

Thegoalof thiswork is thethree-dimensionalolumereconstructiorof in-vivo rice roots.For
this, therice plantsaregrownin transparentulture potscontainingtransparentulturemedia
andtheirrootsarecapturedn front of alight-planefrom differentdirectionswith adigital cam-
era.

1.2 Solution

The culturepotsareplacedon a steppemotor and capturedat definedrotationangleswith a
staticcameralllumination is doneby placinga staticlight-planebehindthe object.A chess-
boardpatternis alsoput on the motor and capturedat identicalrotationangles.Theseimages
areusedfor the calibrationof the relative camerapositions.The imagesof the rootsare seg-
mentedthatmeandinarizedaccordingo foreground backgroundAfter the sidewalls of the
culture potshavebeendetectedyolumereconstructions performedusinga modified Shape
from Silhouetteslgorithm that models refraction at the detected side walls.

1.3 Process Oerview

The following list shows the usual process and the dependencies.

1. Physical setup, adjustment of weand focus.

2. Acquisitionof thelarge chessboargatternat differentpositionsfor intrinsic cameracal-
ibration.
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6.
7.

1. INTRODUCTION

Intrinsic calibration.

Acquisition of the small chessboard pattern placed on the natalt desired rotation
angles (for gtrinsic calibration).

Extrinsic calibration.
Acquisition of the transparent pot placed on the matoidentical angles td.
Detection of the potaices and reconstruction.

Points 6 and 7 arerepeatedor asmanypotsasdesired.If the samplinggeometry(the set
of rotationangles)is changedall pointsfrom 4 haveto berepeatedlf the setuphaschanged
(something unded), then all points have to be repeated.

1.4 Major Contributions

¥ ReconstructionWe presentamethodto integraterefractioninto arny reconstructioralgo-

rithm thatis basedn projection.Thisis doneby includingtherefractioninto the projec-
tion model. Therefractionis modeledusingplanes.n our case the planesare bt to the
sidewalls of the culture pot. We alsopresenta methodto automaticallydetectthe side
walls of the culture pot.

Calibration:We presenta methodfor automaticextrinsic calibrationrelative to arotating
calibrationpattern.For this, we shav how to extrapolatethe calibrationof animageat
given rotation angle, from already calibrated images.

Segmentation: We presenta simple but powerful segmentationmethod for sparse
objects,in front of a smooth,but uneren background.First, Rat Peld correctionis
applied,using a virtual 3at Peld computedfrom the images,using gray-lesel dilation.
Then, threshold is tak.

1.5 Thesis Oerview

An overviewof usedandrelatedwork is givenin Section2. Section3 describeghe hardware
setupjts usaggacquisition)andthepreprocessingf theresultingimages Section4 dealswith
intrinsic camereacalibrationwhereasSection5 describeshe extrinsiccalibration. Thesegmen-
tation of theimagesof therootsinto foregroundandbackgrounds coveredby Section6. The
determinatiorof therefractionplanesthe sidewalls of the culturepot, is treatedin Section?.
Reconstructiorandvisualizationis describedn Section8. Resultsarepresentedn Section9.
AppendixA containsatableof the processlependenciesomedetailsandthe calibrationpat-
terns. AppendiB covers the implementation.



Related Work

This chaptemgivesanoverviewof usedandrelatedwork. It coversthe mainproblemsof the
presentedvork: An overviewof theintrinsic calibrationof the cameragivesSection2.1. The
problemof extrinsiccalibrationof theimagesds treatedn Section2.2.Section2.3describeshe
segmentatiorf the imagesinto foregroundand backgroundSection2.4 describeghe three-
dimensional reconstruction.

2.1 Intrinsic Calibration

Intrinsic calibrationconsistsof the determinatiorof the cameralfscal length, principal point
anddistortion.It is doneusingdifferentviews of a chessboargattern.For this, the cornersof
the chessboarghatternare detectednside the imagesand passedo the OpenCVlibrary for
intrinsic calibration according to methods presented in [9] and [10].

2.2 Extrinsic Calibration

Extrinsiccalibrationof animageconsistof thedeterminatiorof therotationandtranslationof
theworld coordinatesystenrelativeto the cameraFor example Szeliski[8] usedabinaryring
attachedo therotatingobjectfor extrinsiccalibration.We calibrateeachimageindependently
by puttingachessboardntothemotorandtakingimagesof it prior to theacquisitionof therice
roots. After the cornersof the chessboargatternhavebeendetectedthey are passedo the
OpenCVlibrary for extrinsiccalibration.The usedalgorithmis supposedo be similar to the
one used for intrinsic calibration.

2.3 2D Segmentation

Binary imagesaccordingto foreground(rootOshadows)ndbackgroundlight plane)arethe
basisfor reconstructionBecauseadaptivethresholds not controllableenoughfor our applica-
tion, we decidedto do the segmentatiomn two steps:First theimageis normalized thenthe
thresholds taken.Normalizationis doneusingFlat Field Correction this seemgredestinated
becausef therelativeuniformity of thebackgroundandthelittle thicknessf therootshadows
insidetheimages Gray-levelDilation is usedto makethe shadowssanish,producinga virtual
flat field used for the correction.

11



12 2. RELATED WORK

2.4 Reconstruction

This sectiondescribesomeinvestigatednethoddor three-dimensionalolumereconstruction
from multiple views. First, methodsof the category Shapefrom Photo-Consistencyre
described. The second section describes the meth&@sape from Silhouettes

2.4.1 Shape fom Photo-Consistency

Thesemethodsusetheillumination informationinsidethe gray-levelimages Basedon illumi-
nationmodelstheyareableto reconstrucevenconcaveobjectregions.However thesemeth-
ods need to detect occlusions. Refer to the surveys [2] and [7] for more information.

If the cameraconfigurationsallow that the volume elementsare topologically sorted,the
occlusiontestleadsto the one-passnethodsdescribedn Sec.2.4.1.1.0Otherwisemulti-pass
methods described in S&t4.1.2 are a possible solution.

2.4.1.1 Plane Sweep and»él Coloring

Thesesingle-passnethodsrequirethat the volume elementscan be sortedtopologically and
thereforethatall cameragie on the samesideof the object. This would restrictour aspectso
180degreesproducingasymmetriesf thereconstructionmissingviewsanddisablingthepos-
sibility to detecttherefractionplanesautomatically(seeSec.7.4). Thereforeahesemethodsare
rejected For furtherinformationaboutplanesweepreferto [1]. For furtherinformationabout
voxel coloring, refer to [6].

2.4.1.2 Space Carving and other Graydléethods

Althoughthesemulti-passmethodslo notrequirethatthe volumeelementsanbe sortedrela-
tive to the camerastheyrequirestaticillumination. Sincewe decidedto rotatethe object(see
introductionto Sec.3) insteadof manyor movingcamerasit would be necessaryo rotatealso
theillumination. But on the onehandit is hardto rotatethe light togetherwith the object,and
ontheotherhandit is not compatiblewith backgroundllumination (producinggoodcontrast).
Thus these methods are rejected too. For further information about space carving refer to [4].

2.4.2 Shape fom Silhouettes (¥sual Hull)

Thesemethodgreferto surveyg2] and[7]) haveno of therestrictionsof the methodsabove,
butbecauseheycarveawayvolumeelementghatarenot consistentvith the silhouettesthey
arenotableto reconstructoncaveobjectregions However sincerice rootsusuallydonotcon-
tain concave object regions, this is no problem for our application.

Becausehebrute-forcealgorithmis very time consumingthereis the needof anoptimized
version.This methodhasbeenfound as: Real-TimeOctreeGenerationfrom RotatingObjects

[8].

For analysis of several methods generating octree models from silhouettes, refer to [3].

2.4.3 Refraction

Therecouldnotbefoundanyreconstructioomethodghatincluderefraction.Thereforejt was
chosento adaptan existing volume-reconstructioomethod. We incorporaterefraction by
includingit into the projectionmodel.Therefore any methodthatis basedn projectioncanbe
used without modification. This is true for our favorite method (3€c2).



Setup, Acquisition and
Preprocessing

This sectiondealswith the physicalsetupandthe subsequerdcquisitionprocessThe setup
consistf the hardwareequipmentndits alignment.Theacquisitionprocessonsistof three
parts theacquisitionof imagedor intrinsic calibration theacquisitionof theimagedor extrin-
siccalibrationandtheacquisitionof thedataimagesusedfor reconstructionAcquisitionis usu-
ally donein this order. After the imagesfor intrinsic and extrinsic calibrationare taken,an
arbitrary count of culture pots can be sampled using the identical (unchanged) setup.

A well-alignedsetupandpreciseacquisitionarethebasisfor asuccessfuhndaccurateecon-
struction.Becausealignmentand adjustmenif the setupare complexproblemswith many
aspectsthis sectiongoesinto detailsandalso servesas manual.lt alsodescribedabrication
details to enhance the reproducibility of the presented methods.

Section3.1 containssetupconsiderationgndthe chosernvariant. Section3.2 describeghe
consequencesf the chosersetup.Section3.3 describeshe component®f the setupandtheir
alignment.Section3.4 givesadditionalinformationaboutalignmentof the setup.Section3.5
describesthe three acquisitionmodes,acquisitionfor intrinsic calibrationin Section3.5.1,
acquisitionfor extrinsic calibration in Section3.5.2 and acquisition for reconstructionin
Section3.5.3.Section3.6describesherotaryacquisitionprocessisedby thelattertwo modes.
Preprocessingf theimagess coveredn Section3.7.And finally, Section3.8 showspossible
improvements.

3.1 Setup Considerations

Thereconstructiomequiresdifferentviews of the object,aswell asthe correspondingamera
calibrations.Thereareseveralwaysto achievethis. Thefirst possibilitywould beto usemany
staticcamerasThe secondpossibility would be to useone or more moving camerasA third
possibility is to use one or more static cameras and to move the object instead.

It hasbeendecidedto calibrateeachimage-viewindependentlyusingimagesof a calibra-
tion pattern,for reducingsystematicerrorsand becausananualthree-dimensionamneasure-
mentsaredifficult andusuallynotpreciseenoughBecausét is noteasyto integratethepattern
with theview throughthetransparenpots,it hasbeendecidedo taketheimagesof the pattern
separatelyfrom the rice roots, at identical views. In the caseof moving camerasthis would

13



14 3. SETUP, ACQUISITION AND PREPROCESSING

requireexactlyreproduciblecameramovementsThisis hardto achieveandthereforethis pos-
sibility is dropped.Therefore we havethe choicebetweenmany staticcameraswith a static
objectandfew staticcamerasvith a moving object.We decidedto usea singlestaticcamera
andto rotatethe object,becaus®f lower costin respecto hardwareusageandsoftware Since
theimagesof the patternhaveto be capturedatidenticalviews, we needreproduciblerotation
angles. This is accomplished by performing the rotations using a stepper motor.

3.2 Setup Consequences

The chessboargatternis laid on the motor and capturedat the desiredrotationangles After
this, thetransparenpotis placedon the motorandcapturedat identicalrotationangles Other
potscanbecapturedvithouttheneedof capturingthechessboardgain,aslong asthis happens
at identicalrotationanglesandthe setupis not changedAn overviewof the processandthe
dependenciegivesSectionl.3onpage9. Soit is for examplenecessaryo makesurethemotor
IS not moved when changing pots and pattern.

Thepositioningof thechessboardndtheculturepotsmaybearbitrary.However theyhave
to becenteredapproximatelyto meetthestaticcameraview. Furthermorepnewill usuallyturn
thechessboardndthepotssothattheyareapproximatelyrthogonalinsidethefirst image the
image taken at zero rotation angle.

Becausehepotsarenotpositioneddenticallyto thechessboar@atterntheresultingrecon-
structionsn world coordinatesarerotatedandtranslatedn anunknownway. This hasnorele-
vancefor most applications.For applicationsthat requirethe position of the reconstruction
relativeto the culturepot, like the comparisorof reconstructionsf the sameplantat different
evolution stagesculture pot coordinatesare introduced(seeSec.8.6.1). They are computed
from world coordinatesisingthe positionof therefractionplanesThisrequireghattheculture
potis orientedaccordingly usuallyby rotatingthe potuntil amarkedcorneris attheright place
inside the first image.

3.3 Setup

The Setup consists of the following components:

¥ object (culture pot with culture media and plantjered by Sec3.3.1
stepper motor for rotating the objectyeced by Sec3.3.2

camera, ceered by Sec3.3.3

illumination, corered by Sec3.3.4

calibration patterns, eered by Sec3.3.5

control computercovered by Sec3.3.6

¥ rotation angles, see S&c6.1

K K K K K

There are three ways the setup is used:

¥ intrinsic calibration, with a calibration pattern instead of the mst® Fig. 3.1
¥ extrinsic calibration, with a calibration pattern on the mosee Fig. 3.2
¥ data acquisition, with the culture pot on the mosee Fig. 3.3

3.3.1 Culture Pot

Becauseéhe detectionof the sidewalls of the culturepot andthereconstructiormquality depend
onits propertiesjt is describedn detail. Sincewe modeltherefractionat the culturepot using
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camera

chessboard

helping hands

Figure 3.1: Intrinsic Calibration, refer to Se8.5.1.

light source ‘
camera

chessboard
motor

Figure 3.2: Extrinsic Calibration, refer to Se8.5.2.

light plane culture pot

aspect steepness  Camera

motor

Figure 3.3: Data Acquisition, refer to Se8.5.3.
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16 3. SETUP, ACQUISITION AND PREPROCESSING

planes(seeSec.7.1),the pot needgo be build usingplanes.The usedmaterialshouldbe clear
and planarand not too thick to reducedouble-refraction(see Sec.8.3 for discussion)We
decided to use plexiglass plates.

3.3.1.1 Geometry

Althoughthesoftwaresupportulturepotswith anarbitrarycountof lateralwalls, we confined
us(andtheuserinterface)to culturepotshavingfour sidewalls. This hasbeenchoserbecause
the numberof sidewalls shouldbe even,otherwiseit is impossibleto look throughwithout
havingalateraledgegoingthroughtherangeof interest.Thereforehreesidewalls areinappro-
priate.Usingmorethanfour sidewalls wouldleadto smallerfront andbackfacesandtherefore
in a smaller visible range.

It is recommendedio build symmetricalpots,meaningthatthey havea squarebaseplate.
This makes the setup alignment easier.

Dependingon the aspectsteepnesghe pots needto be quite high to still producelarge
enough vertical view ranges, see S28.3.3.

In our current setup, the pots have the following dimensions:
¥ square base: 60 mm times 60 mm

¥ height: 200 mm

¥ Pll level: 140 mm

¥ wall thickness: 2 mm

3.3.1.2 Building

Becausehe planesusedto modeltherefractionaredefinedby controlpointson the pot edges,
the lateral pot edgesshouldbe consisten{in plane)with the sidewalls. This meansthatthe
platesshouldbe cut straightandorthogonally(a = 90°) andespeciallythey shouldfit when
glued d = 0), see Fig. 3.4.

/ \\
/ \
/ \
/ |
|
\ a\ / _
\d€__ ! -
/ f ]
\ v \ /
AN _ —

Figure 3.4: Culturepotseenfrom top: Lateralpotedgesshouldbein planewith thead-
jacent planesg = 90° andd = 0).

All other angles do not matter, however, orthogonality is recommended.

It is alsoimportantnot to bendthe planeswhengluing (for examplebecausef fixation),
since this would resultin non-planarpots. In general,any stainsand scratchesshould be
avoided.



3.3 SETUP 17

However,sincesmallerrorsin therefractionplanemodeldo not changehedirectionof the
plane very much, the mentioned guidelines do not need to be followed too strictly.

In orderto facilitate the comparisorbetweendifferent reconstruction®f the sameobject
usingculturepotcoordinategSec.8.6.1),it is recommendetb attacha markto a cornerof the
culture pot so that it can be correctly oriented when put on the motor.

3.3.1.3 Chajing

Beforefilling in the culturemedia,the culturepot shouldbecleanedo avoidstainsattheinner
sideof the pot sincethey cannot be cleanedafterwardsThe culturemediashouldbe astrans-
parentas possible.This canbe achievedby usinga low concentrationHowever,the culture
mediashouldbe strongenoughsothattherootsdo not changetheir positionsdueto thevibra-
tions of the motor. Elastic deformationsare allowed and usually quite strong,thereforethe
acquisition process waits for a short time so that the oscillation stops before capturing.

Dependingon the aspectsteepnesgheregionjust beneattthe surfaceof the culturemedia
cannotbereconstructedueto refraction.Thereforejt is necessaryo puttheplantdeepenough
into theculturemediaif thetoprootregionis to bereconstructetbo. This,andthefactthathigh
aspecsteepnesproducesmallervertical view rangesmakeit necessaryhatthe culturepots
are filled high enough with culture media and hence that they are high enough.

3.3.1.4 Handling

It shouldbeavoidedto scratchthesidewall of theculturepot. Beforeacquisition thepotOside
walls should be cleaned to avoid stains.

3.3.2 Stepper Motor

Becauseén oursetupthecameras lookingdown(aspecsteepnessjhemotorneedso besmall
enoughsothatit doesnot getinto the regionof interestbetweenlight planeand culture pot.
Therefore, we decided to use the coarse motor.

3.3.2.1 Setup

Sincethe setupmustnot be changedvhenchangingthe culture potsandthe chessboardt is
importantto fixate the motor to the baseso thatit doesnot move.We areusingdouble-sided
adhesive tape.

Dependingontheweightof theculturepot (inclusiveculturemediaandplant)it maybenec-
essaryto adaptthe motor step-speechsidethe controlprogramparflop  (App. B.8), sothat
no stepsare Olost(herefore,it is recommendedo testthe acquisitionof a new culture pot
chargeandto comparethe stability controlimage(imageat 360° ) with thefirst image(image

at 0°). Refer to Sec3.6.1 for more information.
3.3.2.2 Motor

We dismantledhe motorfrom a 5** OPC-floppydrive. Becausehefloppy interfaceallowsto
doexplicit stepswe alsoextractedhecircuit boardthatcontrolsthe stepperThecircuit board
for the servomotor andthe servomotor itself werenot necessaryor correctoperationof the
steppersotheywereomitted.A commonPCpowersupplyis connectedo theextractectircuit
boardto give powerto the circuit andthe motor. The resultinglow-costturntablecomponents
are shown in Fig. 3.5.
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Figure 3.5: Circuit board (with attached floppy and power cable) and stepper motor.

3.3.2.3 Cable to Control Computer

Becausehefloppy interfaceconformsto TTL, it candirectlybeconnectedo aPC-paralleport.
Thereare only two control connectionsiecessarypnefor the directionandonefor the step
itself. Thepinoutontheparallelportsidecanbefound(or adjusted)n thesourcecodeof par-
flop . Fig. 3.6 shows the cable layout.

floppy port pins: parallel port pins:
18 controls direction >
20 performs steps 3
12
19 —l 21 (GND)

Figure 3.6: Layoutof the cablebetweencontrolcomputerandsteppemotor. The con-
trol pinson the parallelport sidecanbe changednsidetherange2 - 9, the
control program parflop has to be adjusted accordingly.
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3.3.3 Camera

We usea digital still camerafor the acquisitionof the images,actuallya Nikon Coolpix 990
with power supply.

3.3.3.1 Camera Setup
The following camera settings are used:

¥ manualfocus:Disablingautofocusmakessurethatthefocus(andhencethe setup)does
not change during acquisition.

¥ bxed aperture:Becausechangingaperturehasthe potentialto affect the setupandwe
want to keep as simple and reproducible as possible.

¥ automaticshutter:Usedto adaptthe exposuretimesto the changingillumination, since
changing shutter times does ndeat the setup.

¥ no Rash: Because we do backlight illumination.

¥ macromode: Becausewne want perspectie distortion (seeSec.3.3.3.2for discussion)
and therefore the camera is near to the culture pot.

¥ maximal resolution: Se@8.7 (preprocessing) describesywh

¥ loss-lessble format like TIFF, becauseéhe seggmentationprocess(Sec.6) selectshigh
frequeny componentandwould not be ableto distinguishbetweerrootsandcompres-
sion artefcts

¥ disableimage enhancementbke sharpeningor digital zooming, becauseof artefacts,
like the preious point

¥ disable sleep and auto-shuf;af may change the camera settings (focus, zoom, etc.)

¥ do not caremuch aboutwhite balance the imagesare aryway corvertedto gray-level
during preprocessing

Refer to Sec3.3.3.2 for the setup of zoom and refer to 3e8.3.4 for the setup of the focus.
3.3.3.2 Vew

Sincethe setupmustnot be changedetweenthe differentacquisitionmodes the view hasto
meet all following requirements:

required because of intrinsic calibration:

¥ Nothing, sinceit is the calibrationpatternthat is adaptedto bt into the view, refer to
Sec.3.3.5.1 for the discussion.

required because of extrinsic calibration:

¥ Thechessboardsedfor extrinsic calibrationhasquite smallsquaredecausét needso
besmallsothatit is alwaysvisible. Moreover, if we areusingsmallaspecsteepnessye
have a quite Ratview ontothe horizontalchessboargositionedon the motor. Hencethe
chessboardquaresget very small inside the image. The bestway to assurethat the
imagesfor extrinsic calibrationareusable,is by trying to calibratethemusingrvhcale.
However, since OpenCV&cornerdetectionalgorithmis very robustin respectto con-
trast, sharpness and noise, the images are usealded only visually

required because of data acquisition:
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¥ The cameraandthe motor shouldbe setup sothatthe lateralpot edgesor at leastthe
partsof themwherethe culture mediaandthe rootsarelocated,are completelyvisible
inside all images.The view shouldbe a bit larger, taking into respectthe approximate
manualpositioningof the culturepot. This causeshatthe chessboardor extrinsic cali-
bration is alvays visible too (refer to Se8.3.5.2 for description).

¥ All desired culture pot gions must be visible in front of the light-plane.
¥ Usually OportraitO orientation utilizes the aspect ratio best.
additional requirements:

¥ The quality of the reconstructiorprobtsof perspectie distortion. The reasonis, thatin
the caseof parallel projection(no perspectie distortion),imagesfrom oppositeviews
would be identical (just mirrored) andwould not causeary improvementof the recon-
struction.Perspectie distortioninsteadproducedifferentimagesandthereforeproba-
bly additional information for the reconstructionprocess.Therefore,for producing
perspectie distortion,the camerashouldbe placednearto the object.As aconsequence,
only little zooming is needed.

3.3.3.3 Aspect Steepness

Thisis thesteepnesthecamerdooksattheculturepot,accordingo Fig. 3.3. Thisangleshould
be aslargeaspossiblewhenreconstructingootsthathavehorizontalbranchesThis is neces-
sary,becauseave arereconstructingisingthe methodShaperom Silhouettesandsincethessil-
houetteof a horizontalline andthe silhouetteof a horizontaldiscaresimilarfrom manyviews,
the methodwould Ocarveut(he least-constraineteconstructionresultingin disc-like hori-
zontalbranchesnsteadbf linearstructureslncreasingheaspecsteepnesgivesview OaroundO
the horizontal branches and therefore reduces the disc effect.

Very high aspectsteepnesgnearto orthogonal)could producewrong calibrations.This
could happerbecausaear-orthogonaliewsto the calibrationchessboardesultin inaccurate
calibrations. However, this would require very high pots, making it very unlikely to happen.

Consequences:

¥ high culture pots (becausethe vertical view rangeof the culture pot decreasesvith
Increasing aspect steepness)

¥ plantsshouldbe put deepenoughinto the culturemedia,becauséiigh aspecisteepness
makes the rgion belav the culture media swate iwvisible

3.3.3.4 IBcus

Becausehanginghefocusaffectsthe setup,onefocushasto be choserthatis convenienfor
all acquisitionmodes As alreadymentionedn Sec.3.3.3.1,auto-focuds disabledandfocusis
adjusted manually.

Becausehealgorithmusedto detecthechessboardornerds veryrobusttheimagesof the
intrinsic and extrinsic chessboard patterns do not need to be sharp.

Insteadjt is veryimportantthattherootsarein focus,becaus¢heyareverythin andusually
notwell visible. Therefore setupof thefocusis usuallydoneusingthefirst culturepot. It may
be helpful to connect a control monitor to the camera for easier adjustment of the focus.

3.3.3.5 Link to Control Computer

It is preferablethatthe cameras supportedoy the capturingsoftwarephotopc . This makes
automaticapturingpossiblereleasingheuserof thetediousproceduref interactivecapturing
(seeSec.3.6) andthetransporiof theimagesinto a computer.Sincewe arecapturingin high-
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resolutionmode,alot of datahasto be acquiredinsidethe cameraandtransferredo the com-
puter.Therefore acamerds neededhatacquiregsheimagedastenoughandthathasaninter-
face that is fast enough to transfer the images to the computer.

We areactuallyusingthe USBlinterfaceof ourcamerarequiringl.5minutesfor theacqui-
sitionof oneimageandits transferto thecomputer(howeverthiscouldbeimprovedby upgrad-
ing its firmware). This may not be acceptableif manypotshaveto be scannedvithin a short
time, for examplefor capturingall plantsat the samestateof developmentThereforejt may
be necessary to use cameras with fast interfaces.

3.3.4 lllumination

lllumination of the culturepotsis actuallydoneusinga OpoomanQOsght planeQit consistsof
anopaqueglassplatethatis back-illuminatedy aslide-projectosendingwhite light to it (con-
tainingno slide). We areactuallyusingwhite light, butit may makesenseo usecoloredlight,
seealsoSec.3.4.1.This canbe easilyachievedy putting a slideinto the projector.The envi-
ronmentshouldcontainno light sourceghatcould producereflectionson the sidewalls of the
culturepot. This couldmaketherootsinvisible dueto reflection,or too darkbecausehereflec-
tion could cause the camera to choose too short shutter times.

The chessboardalibrationpatternsareilluminated using a spotlight, for examplea fibre
optic light source.This hasthe advantagethatonly the chessboardetsilluminated,resulting
in imagesthatcanbe well compressedsingloss-lesscompressiortechniquesThis is impor-
tantsincetheseimagesareonly usedfor calibrationandtheywould wastea lot of memoryif
not compressed when not used.

3.3.5 Calibration Patterns

As alreadymentionedchessboarg@atternsareusedfor both,intrinsic andextrinsiccalibration.
Thepatternsareprintedusinga preferablyisometriclaserprinterontowhite paper.Theprinted
patternsaregluedto a stiff planarmediumlike glassor aluminium,usinga preferablywater-
solubleglue,for easylaterremovalusingwater.Beforethegluedries,theypatternsarepressed
in orderto getplanar.After theglue hasdried, the patternsaremeasuredT his is doneby mea-
suringthedistancedetweertheextremalinnercornergFig. 4.1) anddividing themin orderto
getthesizeof achessboardquarelt is preferablehatthe chessboarts quadraticandisomet-
ric, since this inhibits mix-up of its coordinates during calibration.

Oneof thefour chessboardornerdas markedasorigin. Thisis necessargothattheusercan
lateridentify the origin andselectit. The markis preferablysetoutsidethatcorner.However,
becausehe usedcornerdetectionalgorithmis very robust,it is allowedto drawa small point
into the chessboard square that is located at that corner, without affecting corner detection.

Becausehe camerasettinggespeciallyzoom,focusandresolution)arenot changediuring
acquisition, the size of the chessboard squares needs to fit the given view, see below.

3.3.5.1 Intrinsic Calibrationd®tern

For beingin focus,the patternfor intrinsic calibrationhasto be placedat the approximately
samedistancdo thecameraastheobject.Hence thepatternhasto bedimensionecccordingly.
In our casewe areactuallyusinga 10x10chessboargatternof squaresith a sidelengthof
6.5875 mm, see Fig. 3.7.

3.3.5.2 Extrinsic Calibrationa®ern

Sincethe extrinsiccalibrationpatternis fixatedto the motor, the easieswvay for makingsure
thatit is visible from eachview, is to makethepatternalittle smallerthanthe baseplaneof the
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Figure 3.7: Chessboargatternfor intrinsic calibration,held by helpinghands.Pattern
box size is 6.5875 mm. The pattern can be found in Fig. A.2.

transparentulturepot. Theideais thatthistakesinto accountheapproximateananualposition-
ing of the patternandsincetheview is setup sothatthe lateralpot edgesarevisible insideall
views, the patternwill alsobevisibleinsideall views.In our casewe areactuallyusinga 8x10
chessboard pattern of squares with a side length of 3.9625 mm, see Fig. 3.8.

3.3.6 Contol Computer

Thecontrolcomputelis usedo controlthesteppemotor.If thecameras supportedy thesoft-
ware (photopc ), the control computeralsotriggersthe exposuresandtransportshe images
from the camera to its hard disk.

Becausegheimplementatiorof thisthesisis basednthe UNIX family of operatingsystems,
all tasks,from acquisitionto reconstructioncanbe performedusinga singlecomputer How-
ever,sinceacquisitionneedsvery little performancavhereageconstructions quitetime con-
suming,it may be conveniento permanentlyintegratea slow controlcomputerinto the setup
and to use a remote server for storage and all further processing.

3.4 Setup Alignment

As alreadymentionedthe setupmustnot be changedduring acquisition.Thereforethe setup
hasto meetall threeacquisitionmodes.This is ensuredoy testingthe chosensetupusingall
threeacquisitionmodesnamelywith the calibrationpatternput onthemotor(Sec.3.5.2),with
the large chessboardor intrinsic calibration (Sec.3.5.1), as well as with the culture pot
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Figure 3.8: Chessbhoargatternfor extrinsiccalibrationwith a box sizeof 3.9625mm.
The pattern can be found in Fig. 3.2.

(Sec.3.5.3).Referto thosechapterdor setupinstructionsandto Sec.3.3.3.2(cameraview),
Sec.3.3.3.3 (aspect steepness) and S&x3.4 (focus).

3.4.1 Geometry and lllumination Considerations

The requirementglescribedn Sec.3.4 alreadyconstrainthe setupgeometry.The following
additionalconsiderationgould be takeninto respectwhenchoosingsetupgeometryandillu-
mination:

¥ Distancebetweenight planeandobject: Althoughthis distancds limited by the size of
the light plane,thereis still someadaptatiorpossible Becausehe culture mediais not
absolutelyclear thereis somelight scatteredHenceit maybe of benebtmakingthis dis-
tanceaslarge aspossible resultingthatthelight, thatpasseshe culturepot,is morepar-
allel. The lower intensity may also improve the contrast of the roots (see also
Sec.3.5.3.3). This leads also to the idea of using colored light (se@.Seb.

3.5 Acquisition Modes

Therearethreemodeghesetupis used.lt is usedfor theacquisitionof theimagedor intrinsic
calibration(coveredby Sec.3.5.1),thosefor extrinsiccalibration(describedn Sec.3.5.2),and
those needed for the reconstruction itself (covered by33&@8).

3.5.1 Acquisition br Intrinsic Calibration

Intrinsic calibration(describedn Sec.4) requiresmanydifferentviewsof theaccordingchess-
board.Theimageseedto becapturedvith camerasettingsdenticalto thoseusedfor extrinsic
calibrationandreconstructionEspeciallyzoom,focusandresolutionmustnotbechangedFig.
3.1 gives an overview of how the setup is used.
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Hence,|if the setupis only temporaryandall potsaresampledat the sametime, theimages
for intrinsic calibration are takenafter the acquisitionof all otherimages.This is done by
removingthepotandthemotor(hencedestroyinghesetupfor rotaryacquisition)andreplacing
it by the chessboard for intrinsic calibration (shown in Se&5.1).

Otherwisejf thesetupis staticor therearemanyacquisitionsessiongheimagedor intrinsic
calibrationaretakenfirst. Thisis usuallydoneby first adjustingthe setupwith a culturepotand
by markingthe positionof the motoronthebase Then,the potandthe motorareremovedand
replacedby the chessboardor intrinsic calibration.After the imagesfor intrinsic calibration
havebeentaken,the chessboards removedagainandthe motoris placedbackto the marked
positionon the base Sincethe culturepotsarethenplacedmoreor lesscenterecbn the motor,
the rootsshouldbe all in view andfocus,this is necessarypecausehangingcamerasettings
like zoom and focus is not allowed.

Theacquisitionof thedifferentviewsof thechessboart accomplishetby movingandturn-
ing the patterninto differentpositionsandcapturingit with the staticcameralt is usefulto put
the patternon aflexible holderlike Ohelpingpands@hatallowsthe positioningof the patternin
threedimensionsThis allows longer exposuretimes than when held by handand keepsthe
handdree.lt is notnecessaryhattheimagesof thechessboardresharpsincetheusedcorner
detectioralgorithmis veryrobustto blurredimagesTheimagesshouldbetakenremotelyusing
photopc , because the camera should not be touched to avoid changes of the setup.

Guidelines:

¥ Produceas much perspectie distortionas possible,using quite ORat&pectsApproxi-
mate orthogonal vies to the chessboardvgialmost no information for calibration.

¥ Produceasmary aspossibledifferentviews to the chessboardby inclining andtranslat-
ing it in threedimensionslt seemso badideato do this usinganapproximatesymme-
try.

¥ Cover all partsof the imagewith the chessboargbattern.This doesnot meanthat the
chessboartiasto Pll eachimage,it meanghatfor eachimageregion thereshouldbe at
leasttwo imagesthatcontaina partof the chessboarthere.However, it is not necessary
to cover the ultimateimageborderswith the chessboargattern,sincethereare usually
no roots there.

¥ Cover well the image ggon where the culture pots will be visible.

¥ It is recommendechot to rotatethe chessboardoo muchin imagespace.This makes
surethat the chessboaradornermarked as origin is locatedmore or lessat the same
region inside each image, making the later manual corner selection process easier

¥ Only theinnerchessboardornersmustbe visible. Sinceonly the innerchessboardor-
nersare usedfor calibration(seeSec.4.2), it is allowed to generateémageswherethe
borderof the chessboards not visible. However, a part(saythe half) of eachoutermost
squaredhasto be still visible, sincethe cornerdetectionalgorithmusedfor calibration
needs a local neighborhood around the corners.

3.5.2 Acquisition br Extrinsic Calibration

As alreadymentionedextrinsiccalibration(describedn Sec.5) requiresmagesof theaccord-
ing calibrationpattern putonthemotorandrotatedto the desiredangles Rotaryacquisitionis
doneaccordingo Sec.3.6.It isimportantthatthe setupis notchangedetweertheacquisition
of theimagedor intrinsic calibrationextrinsiccalibrationandthosefor reconstructionHence,
it is for exampleforbiddento movethe motor or the camerapr to adjustthe cameralfscus,
zoom and resolution. Fig. 3.2 gives an overview of the setup.
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Whenchangingthe potsor the extrinsicchessboargattern,it is importantnot to movethe
motor.However,it is allowedto rotatethe motor. This is usuallydoneto rotatethe patternso
that it is OorthogonalO inside the first image.

3.5.2.1 Fixation of &tern to Motor

Becauseof the quite strongvibrationsof the steppemotor, the patternhasto be fixated quite
well to the motor. This is done using double-sided adhesive tape.

3.5.2.2 lllumination

Goodresultshavebeenachievedy illuminationwith fiber glasdampsandashortshuttertimes
like 1/500s.Thishastheadvancehatonly thechessboargatterncanbeilluminatedwhile leav-
ing the backgroundblack, producingimageswith little information contentand hencewell-
suited for loss-less compression.

3.5.2.3 Camera Setup

Only very few camergparametersanbe changedvithout affectingthe setup.We decidednot
to change the aperture, hence the only thing left to set up, is the shutter.

3.5.3 Data Acquisition

As alreadymentionedyeconstructior{(describedn Sec.8) requiresimagesof the culturepot,
putonthemotorandrotatedio thedesiredanglesThisis doneaccordingo Sec.3.6.1t isimpor-
tantthatthe setupis not changedetweertheacquisitionof theimagedor intrinsic calibration,
extrinsiccalibrationandthosefor reconstructionHenceit is for exampleforbiddento movethe
motoror thecameraor to adjustthecameralscus,zoomandresolution Fig. 3.3givesanover-
view of the setup.

Whenchangingthe potsor the extrinsicchessboargattern,it is importantnotto movethe
motor.However,it is allowedto rotatethe motor. This is usuallydoneto rotatethe pot sothat
it is Oorthogonaidsidethefirst imageand,for culturepotcoordinatessothatits markedcorner
gets located on the first edge (see Set.1 for edge order).

3.5.3.1 Fixation of Culture Pot to Motor

Becausef the quite strongvibrationsof the steppemotor,the culturepot hasto befixatedto
themotor.Thisis doneusingdouble-sidec&dhesivaape.For easylaterremovalof the pot, the
tapeis first attachedo the motorandthentoucheda few timessothatis nottoo adhesiveThe
weight of the culture pot makes usually sure that the culture pots do not slide.

3.5.3.2 lllumination

lllumination is doneusinga light plane,describedSec.3.3.4. Alignment of the light planeis
described indirectly by the description of camera view (3$€c3.2).

3.5.3.3 Camera Setup

Only adjustmenbf the shuttertime is done,sincethis is only thing allowedto changewithout
affectingthesetup .Usinglong shuttertimesandlow illumination couldimprovethe contrasof
the roots.

3.6 Rotary Acquisition

Acquisitiontakesplaceautomaticallyor semi-automaticallyandconsistsof the rotationof the
objectto definedpositions,aswell asits capturing Automaticacquisitioncontrolsthemotoras
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well asthe cameraln semi-automati@cquisitionmode,the camerais triggeredby hand.This
IS necessary for unsupported cameras.

After themotorhasturnedtheobjectto thedesiredangle ashorttimeis waitedbeforetaking
theimage,sothatthe oscillationinsidethe culturemediastops.For eachexposureanacquisi-
tionfile (seeApp. B.13.2)is written, containingtherotationanglethattheimagewascaptured
at. This is needed for the automatic extrinsic calibration, describe&.Sec.

Therotationpositions(describedn Sec.3.6.1)thatthe objecthasto be capturedat, areread
from a user-editedile. Thisfile justcontainsall angles(in steppersteps)o be capturedat, in
ascending order, usually starting at zero. Apfi3.1 gives an example.

3.6.1 Aspect Angles

Therearetwo reasonsvhy it hasbeenchoserto useonly viewsthatlook througha singlepot
face(no Odiagonalf®ews).First, therefractionis too strongwhenlooking throughthe potfaces
in anangleof 45degreesleavingonly very smallregionswheretherootsarevisible. Secondly,
it would requiretheuseof two differentrefractionplanesvhenprojectinginto animageandthe
correct treatment of the edge where the planes meet.

Theoreticallyjt would bepossibleto useimageswvherepartsof therootsarenotvisible due
to refraction.Especiallyif theseinvisible regionsgetsegmentedsroots,sothatnothinggets
Ocarvedway®y mistakeduringthe reconstructiorprocessHowever it is recommendethat
all parts of the roots that have to be reconstructed are visible inside each image.

Thereforewe haveto determinghe maximalrelativerotationanglewheretherootsarestill
visible. In our casethe maximalangleis 18 degreesor 10 steps.Sinceour steppemakes200
steps for a full rotation, we always mean 1.8 degrees when talking about a step.

The aspect angles, the set of angles to be captured at, is constructed the following way:

¥ Theorthogonaliews: Step0, 50, 100and150 (usuallyalsostep200 asstability control
when compared to weof step 0)

¥ All anglesleft andright of theseorthogonalviews, with constantstepsizeanduntil the
maximal relatve angle (see ake).

Example for: Maximal angle = 8 steps, step size = 4 steps:
0, 4, 8, 42, 46, 50, 54, 58, 92, 96, 100, 104, 108, 142, 146, 150, 154, 158, 192, 196, 200
Refer to AppB.13 for an example of a capture file.

This producessymmetricconfigurations convenientor automaticdetectionof the refrac-
tion planes (described in Sétc4).

3.6.2 Implementation

The implementation of the rotary acquisition is described in Bgp(rvhcap ).

3.7 Preprocessing

Preprocessingainly consistof scalingdowntheimages.Theideais to captureimageswith
atoo highresolutionandto scalethemdown. Thisimprovescontrastandreducesoise.lt also
reducesghe memoryusageof the images.This is importantbecausall imagesare storedin
memory during reconstructing and it also saves space on the disk.

It isimportantthatall imageqimageof intrinsic chessboardmagesof extrinsicchessboard
andimagesof theculturepots)arescaleddownthesameway andthatonly thesescaledmages
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areusedfor all further processingThe scalingfactor hasto be chosensothattheimagesget
small enough, but fine details like thin roots must stay visible.

Usually the imagesare also convertedto gray level. This is donefor saving spaceand
because they are converted anyway to gray-level images for computations.

No smoothings applied,theideais to only converttheimages. Smoothings performedby
thesubsequentrocessewherenecessaryfor exampleby thesegmentatioprocessgdescribed
in Sec.6.

3.7.1 Implementation

The implementation of preprocessing is caltdaconv and is described in ApB.4.
3.8 Future Improvements

3.8.1 Improvements of Setup

3.8.1.1 Wo or more Cameras

Theideabehindusingmorethanonecamerais to reduceghosteffectsinsidethereconstruction
(describedApp. B.7.9.4)by generatingziews of regionsthatarenotvisible from thefirst cam-
era.ln oursetupthiscouldbeacamerahatlooksattheculturepotfrom below.Onepossibility
would beto putit exactlybelowthetransparentulturepotandto rotatethe culturepotusinga
ring. Another possibility would be to just usenegativeaspectsteepnesdntrinsic calibration
would bedoneseparatelyor bothcamerassdescribedExtrinsiccalibrationwould bedoneby
first calibratingthe first cameraasdescribedThenthe two camerasvould be calibratedrela-
tively to eachother,usingsimultaneousiewsof a calibrationpattern.This relativeorientation
couldthenbeusedto computethedesiredcalibrationof thesecondccamerdrom thecalibration
of the first camera.

3.8.1.2 Front lllumination

Insteadof illuminating the culturepotsfrom behind(leadingto troublesdueto transparencyf
theroots),they couldbeilluminatedin viewing directionin front of a black backgroundThis
would needinversesegmentationandalsoinversedetectiornof therefractionplanes supposed
the culture pot edges get lighter than the background.

3.8.2 Improvements of Acquisition

3.8.2.1 Tue Flat Field and Dark Field

Trueflat fields anddarkfields arecapturecandusedfor the compensationf detectorinhomo-
geneity.Detectorinhomogeneityusually getsa problemwhen using low illumination (long
exposuregimes).SinceCCD inhomogeneityis usually high-frequentusuallyvisible asstatic
noise),the usedsegmentatiompproachin factahigh-pasdilter, would notbe ableto separate
it from the roots.
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Intrinsic Calibration

This sectiondescribeghe calibrationof the internal cameraparametersonsistingof the
focallength,theprincipalpointandlensdistortion.For this purposemanydifferentviewsof a
chessboard pattern of known geometry are captured.

Sectiond.1 describedlisablingof images.Sectiond.2 describeow the inner chessboard
cornersaredetectednsidethe images.Calibrationis describedn Section4.3 andits verifica-
tion basedon re-projectionis describedn Sectiord.4. Finally, refinementof the calibrationis
shownin Section4.5.Referto Section3.3.5.1for informationaboutthechessboargattern See
also the table of process dependencies in Adh.

4.1 Disabling Images

Only imageghatarenotdisabledareusedfor intrinsic calibration.Disablingis usedto exclude
corruptor unnecessarimagesfrom the calibrationprocesspr to excludeimagesthatcannot
be calibrated. Disabling is either done manually or automatically according t4.&8c.

4.2 Detection of Inner Chessboard Carers

Theuserclicks in anti-clockwiseorderthe four extremalinner cornersof the chessboargat-
tern, beginningwith the cornermarkedasorigin, accordingto Fig. 4.1.Thesagetthenrefined
using FindCornerSubPix() from the OpenCVlibrary with user-definedsearchwindow
size.After that, all innercornersof the chessboardetapproximatedy bilinearinterpolation
from thefour selectecandrefinedcornersandthenapproximatedoo, usingthe sameOpenCV
method and user-defined search window size.

4.3 Calibration

Calibration on the basisof the inner chessboardornersis done using OpenCVO<€ali-
brateCamera() basedon methodspresentedn [9] and[10]. The calibrationproducegor
eachusedchessboarinage,asasideeffect,the positionandorientationof thechessboardef-
erence relative to the camera.

29
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Figure 4.1: Thefour extremalinnerchessboardornershaveto bedefinedin theshown
order.Thefirst point (at the cornermarkedasorigin) definesthe origin of
theworld coordinatesystemPoints2 and4 definetheaxesof thecoordinate
systemshownby the arrows.The z-axis pointsoutsidethe chessboard.e-
sulting in a right-handed coordinate system.

4.4 \eribcation

Verification is doneon the basisof re-projection.Therelativeorientationsof theimages pro-
ducedassideeffectof thecalibration,areusedo re-projecthevirtual chessboarceferencento
theimagesof the chessboardseeFig. 4.2..Onthe onehandthis is usedfor visual verification
of thecalibration,ontheotherhandit is usedo computeheaveragee-projectiorerror,namely
for eachseparatemage (describedn Sec.4.4.1),aswell asthe averageerror over all used
chessboartmageqdescribedn Sec.4.4.2).Thisoverallre-projectiorerroris usedasaquality
measure of the intrinsic calibration.

4.4.1 Re-Pojection Error

The re-projectionerror of a givenimageis the averagedistancebetweenthe detectednner
chessboar@orners(accordingto Sec.4.2) andtheir correspondingprojectionsof the virtual
chessboardeferenceseealsoFig. 4.2. It is a measureof calibrationquality in respecto the
given imageandis also usedfor automaticdisablingof imagesand rejectionof calibration
according to Seal.4.3.

4.4.2 Aerage Re-Pojection Error

This is theaverageof there-projectionerrors(Sec.4.4.1)overall usedimages.This erroris a
measure of calibration quality.

4.4.3 Aitomatic Disabling of Used Images and Rejection of Calibration

If there-projectiorerrorof thecurrent(selected)mageis largerthana userdebPnednaximum,
theimageis disabledandno calibrationis written (the calibrationis rejected).Otherwise the
calibrationdata(seeApp. B.13.4)of eachusedimageis written andthe correspondingmages
are disabled if their re-projection error isgar than the gen \alue.
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Figure 4.2: Control image: The clicked corners(yellow circles), the detectedcorners
(redcrossesandthere-projectecchessboardornergbluesmallercrosses).
There-projectiorerrorof agivenimageis theaveragealistancebetweerthe
detecteccornersandtheir correspondinge-projectionsThe averageof this
error over all images is used as a measure of calibration quality.

Thisis usedto automaticallyexcludecorruptimagesor imagesthatcannotbe calibratedIn
fact, it may happenthat calibrationfails. In this caseit is necessaryo manuallydisablethe
images making problems.

4.5 Calibration RebPnement

SinceSec.4.2 (chesshoardornerdetection)doesonly bilinearinterpolationwithout lens-dis-
tortion,someof thedetecteadthessboardornerscanbewrong.Thisis whatrefinemenis meant
for. Therehasto bealreadya calibrationfor the chessboartmage(thusthe three-dimensional
position and orientationtoo). Insteadof manualselectionof the outermostinner cornersall
inner chessboardornersare computedby projectionfrom the three-dimensionathessboard
reference.Thidhasthe advantagehat lens-distortionis incorporatedallowing smallersearch
rangesfor cornerapproximationby OpenCV.Therestof the methodis identicalto Sec.4.2,
meaningthe approximationof the chessboaratorners,as well as calibration accordingto
Sec.4.3 and verification according to Sdc4.
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4.6 Implementation

The implementation of intrinsic calibration is callethcali  and is covered in SeB.5.



Extrinsic Calibration

Oncewe havedeterminedheintrinsic calibration,we areableto do calibrationof theexter-
nal camergyarametersuchaspositionandorientationof the chessboarcelativeto thecamera.
This is done for each image of the rotating chessboard.

Becausdaheworld coordinatesystemis boundto the rotatingchessboardhe resultingvir-
tual camera positions are expected to lay on a three-dimensional circle.

Therearefour variantsof extrinsiccalibrationavailable Thefirst variantis manualcalibra-
tion shownin Section5.2. Thesecondvariantis automaticcalibrationusingextrapolationgov-
eredin Section5.3. The third variantis the improvementmodedescribedn Section5.4. 1t is
identicalto extrapolationput only improving resultsaretaken.And aslastvariantagainthe
refinement,but this time only improving results(resultswith smallerre-projectionerror) are
taken,describedn Section5.5. Referto Section3.3.5.2for informationaboutthe chessboard
pattern. See also the table of process dependencies iRApp.

5.1 Enabling and Disabling Images

Thisis mainly usedfor excludingimagesrom thereconstructiomprocessfor examplebecause
theycannotbecalibratedor becaus¢heyarecorrupt.Enablinganddisablingis donemanually,
or automatically Automaticdisablingis doneaccordingto Sec.4.4.3,but insteadof only dis-
ablingimagesf theirre-projectiorerroris largerthanthe user-definedhresholdtheyarealso
enabled if their re-projection error is equal or smaller than the user-defined value.

5.2 Manual Calibration
Manualcalibrationis doneimageby image.Eachchessboaranageis treatedndependentlyf
the others.

First, the inner chessboard corners are found according td.3ec.

After this, the cornersareusedtogethemwith theintrinsic calibration(from Sec.4) to com-
pute the extrinsic calibration using FindExtrinsicCameraParams( ) of the OpenCV
library based on [9] and [10].

Theresultingextrinsiccalibrationis alsousedto re-projectthe chessboardeferenceo the
chessboardmageaccordingto Sec.4.4, seeFig. 5.1. This is againusedon the one handfor
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visualverification,on the otherhandit is usedto computethe re-projectionerroraccordingto
Sec.4.4.1.Thiserrorservesasa measuref calibrationquality. It is alsousedto automatically

Figure 5.1: Control image, the re-projection of the chessboard in blue.

disable(or enabletheimage.If there-projectiorerroris largerthantheuser-definedrialue,the
imageis disabled Otherwisetheimageis enabledThis is for exampleusefulwhenrefining all
Images automatically (see below), since images with small error get automatically enabled.

5.3 Automatic Calibration using Extrapolation

Identicalto manualkalibration(Sec.5.2),butinsteadf finding thechessboardornersy hand,
they are extrapolatedrom the first image,usingthe rotation anglefrom the acquisitionfile
(described in AppB.13.2) belonging to the image to be calibrated.

Extrapolationis doneas follows: First, a three-dimensionatircle is fit into the already
knownvirtual camergpositionsaccordingto App. A.3, excludingthe possiblyalreadyexisting
camerapositionof the imagethatis to be calibrated.Therefore at leastthreemanuallycali-
bratedchessboartmagesarenecessaryThe calibrationgetsextrapolatedy transformingthe
extrinsiccalibrationof the first imageasif the virtual cameraposition of the first imagegot
rotatedaroundthe axis of the three-dimensionatircle, by the anglereadfrom the acquisition
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file. Sec.5.3.1describeshedetails.Theextrapolate@xtrinsiccalibrationis thenusedo project
the three-dimensionathessboardeference producingan approximationto the inner chess-
boardcornersof theimageto be calibrated.This approximations thenrefinedby finding the
nearesthessboardornersinsidea user-definecheighborhoodusing OpenCVOEBindCor-
nerSubPix()

Therearetwo variantsof automaticcalibration.On the onehand,asOestimation@ytomatic
calibrationis doneandtheresultis taken.On the otherhand,asOimprovementéytomaticcal-
ibrationis done,buttheresultis only takenif it producesa smallerre-projectionerrorthanthe
existing calibration.

Fig. 5.3 showsthefit circle andthe virtual camerapositionsof the images.It is usedfor
visual verification of the calibrations and the extrapolation process.

5.3.1 Extrapolation

Extrapolationof theextrinsiccalibration(R; : rotationmatrix, t; : translationvector)of imagei
requires:

¥ Extrinsic calibration of the Prst imag@R, t;)

¥ Rotation angle of brstimagpy = 0

¥ Rotation anglg ; of the motorinside image

¥

Three-dimensionadircle throughexisting virtual camergpositions:radiusr, centerc and
rotationaxisa (seeFig. 5.2). Thevirtual camergpositionscanbedirectly computedrom
the extrinsic calibrationsby corverting the origin from cameracoordinatesto world
coordinates according to App.4.

(Ro: to)

Figure 5.2: Extrapolatiorof extrinsiccalibrationof imagei from extrinsiccalibrationof
image0, usingcircle throughexistingvirtual camergpositionsandtherota-
tion anglej ;.

First, we compute the rotation vector corresponding to the rotatipp afounda:

a
o XK
el

This rotationvectoris thenconvertedo the correspondingotationmatrix S, usingOpenCV.
Then we take a look how the extrinsic calibration is involved in projection:

S =]



36 5. EXTRINSIC CALIBRATION

C. = Rxcw+t

Thismeanghattheextrinsiccalibrationconvertsrom world coordinatesc,, to cameracoordi-

natesc.. Now wantto includetherotationS; aroundc into theextrinsiccalibrationof imageO:
Cc = RO XCy T tO

We includethe rotationaroundc by first translatingthe origin to ¢, thenapplyingthe rotation
S; and afterwards we translate the origin back:

c. = Ry (S x(c,, Bc) +c) +t,
This leads to the wanted extrinsic calibration of image
c. = Ry ><Si xc, + (RgPR %S)) ><c+t0

C
f—— — —— i A i (— 5.1
2 ti (5.1)

Figure 5.3: Circlefit throughthevirtual camergpositions Enabledmagesareshownin
blue,disabledmagesn red. The chessboards shownin white with thero-
tationaxisfrom chessboartb thecenterof thecirclein yellow. Notethatthe
virtual camerapositionsform four clustersbecausenly aspectsaretaken
that view through a single pot face (no OdiagonalQ views, s8é632c.
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5.4 Calibration Improvement

Improvementis identical to automaticcalibration (Sec.5.3), but only improving resultsare
taken.Thismeanghatthecomputedtalibrationis rejectedf its re-projectiorerroris largerthan
the re-projection error of the already existing calibration.

Improvementaddressethe problemof wrongcornercorrespondencgueto mismatchThis
usually happendecausdifferent views of the calibrationchessboaraeeddifferent search
window sizes for corner detection.

After theimageshavebeenapproximatelycalibrated for examplewith a constantwindow
size,the searchwindow sizeis usuallychangedo a value more appropriatefor someof the
imagesandimprovemenis doneautomaticallyfor all images.Thisis usuallyrepeatedintil all
desiredimagesare approximatelycalibrated.Furtherimprovements doneusingrefinement,
according to Se®.5.

5.5 Calibration RebPnement

Refinemenis identicalto manualcalibration(Sec.5.2), but insteadof finding the chessboard
cornersmanually theygetcomputedoy projectionfrom thethree-dimensionathessboardef-
erence, analogous to Sdcs. Only improving results are taken.

After improvemeni(Sec.5.4), the calibrationsshouldbe preciseenoughso thatthe re-pro-
jectionsof thechessboardetlocatedatthe correspondingorners.Thisis whererefinements
neededo furtherimprovethecalibration Becausehecornersarefoundby projectionusingthe
currentextrinsiccalibrationof theimageandbecaus®nly improvingresultsaretaken repeated
refinementresultsin iterativeapproximatiorof the calibration.All imagesareusuallyrefined
several times using different search window sizes, until no improvement.

5.6 Implementation

The implementationof extrinsic calibration is called rvhcale and is describedinside
App. B.6.
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Segmentation

Becauseeconstructions basedn silhouettesye haveto partitionthe imagesof the roots
into foreground'shadowf roots)andbackgroundlight plane).Theresultis abinarysegmen-
tation for each image.

Section6.1 coversthe segmentatiomethodwhile Section6.2 refersto theimplementation.
See also the table of process dependencies inApp.

6.1 Method

Thesegmentatioms donein two stepsFirstbackgroundhormalization(filtering awaylow-fre-

guencyimage componentsnamely the background),then thresholdat user-definedevel.

Becausdhe shadowsf the rootsarerelatively thin, they arecontainedn the high frequency
components of the image and will be segmented.

Actually, detectorinhomogeneityis not correctedno dark field nor trueflat field is used).
The normalizationaddresseglumination inequalities for examplebecauseéhe light-planeis
not spheric,producinghigherintensitiesat the imagecenter.Normalizationis doneusingflat
field correction.This s usuallydoneby takingan Oemptyithagecontainingonly background
andby subtractingt from the imageto be normalized.This resultsin backgroundchormaliza-
tion.

We useavirtual flat field computedrom the dataimageshemselvesit hasbeenchoserno
computevirtual flat fields from theimagesinsteadof acquiringa trueflat field imagebecause
computingvirtual flat fields incorporateptical effectsof the culturepot like adsorptionrand
reflection. Theflat field correctionmethodseemsredestinatetiecausef therelativeunifor-
mity of the background(light-plane)andthe little thicknessof the roots shadowsnside the
images.It shouldbe simpleto makethe shadowsvanishusingimageprocessingechniques,
producing the virtual flat field.

The computationof the virtual flat field is done by gray-leveldilation with subsequent
smoothing.Gray-leveldilation replaceseachpixel with the maximal value of its neighbors.
Therefore jt propagateshe backgroundolor overthe shadowf therootsandthusreplaces
theroot shadowswith the color of the nearesbackgroundpixel. The subsequergmoothings
usedto eliminateartefactsof the gray-leveldilation andgivesadditionalcontrol of segmenta-
tion.
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Figure 6.1: Theraw imagea is gray-leveldilatedandsmoothedo producethe virtual
flat field b. Image c (the segmentationshown in red) is given by:
¢ = threshold(abb) . Note thatthereis a lot of false-positivesegmenta-
tion. Thisis acceptablehecausd is probablehatotherimagesmakethere-
construction process carve away these parts.
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Algorithm:

1. gray-level dilation of the root image (Fig. 6.4) with userdePned &rnel size

2. smoothing of the dilated image with uskrbned &rnel size, see result in Fig. 64L:
3. subtraction of the smoothed image from the original

4. threshold at usedebned Ieel, see result in Fig. 6.t:

6.2 Implementation

The implementation of segmentation is contained/limec and is described in ApB.7.
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Determination of the
Refraction Planes

Becausdaheimagesof the rootsareaffectedby refractionat the glassplanesof the culture
pot, it is necessaryo determingheir position.This sectiondescribeswo methodspnemanual
andtheotherautomaticBothmethodsusethecontoursof theculturepotinsidetheimagesThe
refraction index is not needed for this procedure.

Section7.1 describeghe modelof the refractionplanesnamelytheir eight control points.
Section7.2givesinstructionsaboutthedefinition of thecontrolpointdefaults Correctlychosen
controlpointdefaultsmakeautomatiaddeterminatiorof therefractionplanespossible Determi-
nationof the refractionplanescanbe doneusingtwo differentmethods Section7.3 describes
manualsetupof therefractionplanes Section7.4 describeshe automaticdeterminatiorof the
refraction planes.Section7.5 showshow the planesare computedfrom the control points.
Finally, Section7.6 coverstheverification of theresultingrefractionplanes Seealsothetable
of process dependencies in Appl.

7.1 Model

Sincewe acquireonly imagesthatlook througha sidewall of the pot, we only needto model
thesefour walls usingfour planes.Thesefour refractionplanesaredefinedusingeightthree-
dimensionatontrolpoints,seeFig. 7.1. Two of themareplacedon eachlateraledgeof thecul-
ture pot by makingsurethatthe projectionsof the control pointsarelocatedon the lateralpot
edgesnsidetheimagesThisresultsin totalingfour controlpointspersidewall. We thenfit for
eachsidewall a leastsquareplaneto thesefour points,resultingin the four planesusedto
model the refraction. This is done according to 3ex.

7.1.1 Edge Order

Whenputting the control pointson the three-dimensiongbot edgesa specialorderin respect
to theedgeshasto befollowed. Thedirectionhasto be oppositeto therotationdirectionof the

motor,thatmeanghe edgescontinuein the samedirectionastheimages.Thefirst edgehasto

betheedgethatis in front whengoingbackwardgrom thefirst imageto thelastimageandfur-

ther backwards.This meansthe first edgeis visible only from one side inside the first few

images and visible from the other side inside the last few images, see Fig. 7.1.
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......

Figure 7.1: Eightthree-dimensionalontrolpointsonthelateralpotedgesdefiningfour
refractionplanes.The control pointsareorderedin respecto the edgesjn
oppositedirectionto the rotationof the motor (the dottedcircle). The first
edgeis theedgethatis visible from onesideinsidethefirst few imagesand
visible from the othersideinsidethe last few images(assumehe showed
view to be the view of the first image).

7.2 Control Point Defaults

Thecontrolpointsaresetto defaults eitherfrom auser-savedile, or programinternal.Theidea
is to havethe control points alreadyon positionsconvenientfor matching.This is possible
becaus¢heculturepotsarerotatedbeforeacquisitioraccordinghatthefirstimagehasOorthog-
onalGriew andbecaus¢he manualpositioningon themotoris quite precise Onebenefitis that
theedgeordercanbe predefinedreleasingheuserof this complexprocedureAnotherbenefit
is thatwell choserdefaultcontrolpointsmakeautomatiadetectiorof therefractionplanegpos-
sible.

Thedefaultcontrolpointsshouldbeplacedsothattheylie outsidetheculturepot, takinginto
respecthearbitrarymanualpositioningonthemotor,accordingo Fig. 7.2.For manualcontrol
pointmatching(Sec.7.3)this hastheadvancdhatthe projectionsof the controlpointsarewell
visible for manipulation For automaticmatchingof the control points(describedn Sec.7.4),
thismakessurethatthedefaultcontrolpointsmodeledgeshatareapproximatelyparallelto the
edgesof the given pot. This is necessarpecauseutomaticmatchingis doneorthogonallyto
theedgesmodeledby the control points,in imagespaceFor accuracythe control point pairs
shouldnotbeplacedtoo nearto eachother(thelower shouldbe placedaslow aspossiblewhile
theuppershouldbeplacedashighaspossible) Formakingsurethatalwaysthemodeledateral
pot edgeis hit (no baseor top edge),it is necessaryo limit the Oheightf the control points
insideeveryimageto therangeh accordingto Fig. 7.3. Assumingpositive aspectsteepness,
thisrangeis definedby theupperendof thefront faceandby thelower endof the backfaceof
thepot, or by thecorrespondingmagebordersf thesepositionslie outsidetheimage.lt is rec-
ommendedhattheedgesarevisible againsthelight plane(for goodcontrastwhendoingauto-
matic matching,thereforeit may be necessaryo constricth further sothatit lies insidethe
image plane. The other solution would be to adapt the setup accordingly.
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5,6 7,8

3,4 12 *] ' T

......

Figure 7.2: Defaultcontrolpointsandpot shownfrom top andfront. The controlpoints
shouldbe placedat constantistanceto the averageoositionof the culture
pot, sothatthe edgesheymodelaremoreor lessparallelto the culturepot.
Thedistancenasto belargeenoughsothatthemodelededgesalwayslie out-
side the pot, taking in respect the manual positioning on the motor.

Figure 7.3: Forautomatianatchingthedefaultcontrolpointsmustbepositionedsothat
their projectiondie insiderangeh of everyimage.Sinceautomaticmatch-
ing is doneorthogonallyto the pot edgesthis makessurethatonly lateral
(no base or top) edges are hit.

7.3 Control Point Manipulation

There are two methods available for control point manipulation:

¥ manual input of wrld coordinates
¥ manipulation with the mouse according to S&8.1

7.3.1 Manipulation using the Mouse

Theuserdragsthe control point with the mouseto the desiredpositioninsideanimage.More
preciselytheuserdefineshedesiredpositionof theprojectionof thethree-dimensionalontrol
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point. Thisis accomplishedby computingthethree-dimensionadaptatiorvectornecessaryo
move the control point so that it projects to the desired position inside the given image.

Computation of the three-dimensional adaptation vector

1. Find optical ray through desired image positigraccording to AppA.6.

2. Select control poinp,, by taking the control point whose projection is nearest to the
clicked position.

3. Find point p, on that ray with shortest distancep.
4. Adaptation ector isv, = p, Dp..

Motivation: This is the smallestpossiblethree-dimensionathangethat movesthe point so
thatit getsprojectedo thedesiredposition.Theadaptatiorvectoris orthogonato thedirection
of projection. See Fig. 7.4.

image

* camera center

Figure 7.4: Adaptationvectorv, for controlpoint p., computedrom thedesiredoca-
tion of its projectioniy.

7.4 Automatic Control Point Matching

This works similarly to manipulationwith the mouse(Sec.7.3.1),but insteadof definingthe

desiredpositionof acontrolpointprojectioninsideonly oneimagemanually it is automatically
detectedaccordingto Sec.7.4.2inside eachimagethatis valid and wherethe control point

belongsto a contouredge(seeSec.7.4.1for definition). Then,for eachof thoseimages the

adaptatiorvectoris computedaccordingo Sec.7.3.1andall thoseadaptatiorvectorsareaver-

agedaccordingo Sec.7.4.3.Thisaverageadaptatiorvectoris thenappliedto thethree-dimen-
sionalcontrol point. Thewhole processs repeatedor all control pointsanditerateda couple
of timessothatthecontrolpointsconvergeo thewantedthree-dimensionglositionsonthepot

edges.

7.4.1 Contour Edge

Lateralpotedgeghatareatthe backof the potarenotvisible andareinfluencedby refraction,
sothey cannot be usedfor control point matching.The lateraledgeghatdo not belongto the
contourandthatareatthefront of thepotarenoteasyto detecbecaus¢heyarenotseemgainst
backgroundsothey areleft too. Only two of the four lateral pot edgesarevisible ascontour
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insideanimageandsotheycanbeusedfor controlpointmatching We call thesetwo edgeshe
contour edges of the given image.

Thedecisionif a givenlateraledgeis a contouredgeinsidea givenimageis basedon the
controlpoints.Thismeanghattheimageitself is notusedjnsteadthecurrentcontrolpointsare
projectednto theimageandanalyzedThisis oneof the causesvhy the defaultcontrol points
need to be located at approximately constant distance to the pot edges.

Algorithm for testing if a given edge is a contour edge inside a given image:

1.

Projectall control pointsinto theimage.If ary controlpoint projectsoutsidetheimage,
return Ono contour edgeO.

. Get average edge direction of the projected control points. This is done by laying a line

through each pair of the control point projections (see the dotted lines inside Fig. 7.5).
Thentheaveragedirectione of theselinesis computedandalsothe centerof gravity of

the projections:g.

. Get the four intersections$,(to t,) between the four lines through the projections and

ln = Cqtten, the line orthogonal té going throughcg.

. Get the minimal and maximal intersection, in respect to the line paraimetde

l» = ¢4 +1te., in the shwed case this i, andt,.

. If the given edge (the edge to be decided if it is a contour edge) corresponds to one of

those tvo extremal intersections, return Ocontour edge®, since it belongs to the contour
Otherwise return Ono contour edgeO.

control points

projection 5 7

image

Figure 7.5: Computation of contour edges, refer to Se4.1 for details.
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7.4.2 Edge Detection

Thegoalis to automaticallyfind the desiredocationof the control point projectionfor agiven
controlpointanda givenimage.Theideais to find the pointinsidetheimage,thatlayson the
edgecorrespondingo the given control point andthatresultsin the smallestnecessaryhree-

dimensional adaptation, according to Sed.3.1.

Sincewe wantthe defaultcontrol pointsto lay Oirfront of theedges@ccordingto Sec.7.2
andFig. 7.2),theonly necessarynovementis orthogonallytowardsthe pot edgesThisis why
thesearchor the pot edgeis startingwith the projectionof the control pointandgoingorthog-
onally to the correspondingedge.The direction of that correspondingedgeis not computed
from the image,insteadit is the line going throughthe projectionof the two currentcontrol
pointscorrespondingo that edge(that meanshe given control point andits partner).This is
anothercausewhy the defaultcontrol pointshaveto be Oirfront of the edges@t constantis-
tance resultingin potedgesnoreor lessparallelto therealpotedgesNotethatedgedetection
is only performed on control points that belong to a Ocontour edgeO.

Algorithm to detect Odesired locationO of given control point and given image:

1. Computethe vector e, thatis orthogonalto theline e goingthroughthe projectionof
the given control point Peg andthe projectionof its partner p., onthe sameedge(see
Fig. 7.6).

2. Oriente. to pointoutsidethepot. Thisis doneby looking atthedot productbetweene,
and €opp the \ector pointing frome to the opposite contour edge. ThEtoreopp IS
computed during contour edge decision (Set.1), it is the gctor pointing from the
current etremal intersection to the oppositaremal intersection oh. according to

Sec.7.4.1. Ifex - e,p,>0 thene, is mirrored.

3. Find a positre (from dark to light) edge inside the image on a lig®ing through the
projection of Pcg alonge. , according to the method described in Ses.3.

e
image :
: o Peg
culture pot S
_____ o .
. €a
- E . pce
Copp: _ +

Figure 7.6: Automatic detectionof the desiredlocation of the projectionof the given
control point Peg (refer to Sec7.4.2 for details).
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7.4.3 Msitive Edge on Line

Givenanimage,apoint Peg anda e -directedine through Peg thismethodfindsthepositive
edgealongthatline nearesto P'cq- More precisely,it searcheshe nearestocal maximumof

the e, -directionalderivative thatlies abovethe user-definedhresholdderivy, ., » alongthe
given line, see Fig. 7.7.

image intensity
e.-derivative

CIe”Vthresh
0

5
- | >

Figure 7.7: Detectionof the culturepot edge.Black curveshowsimageintensityalong
the searchedine, the gray curve showsits e, -directionalderivative.The
user-defineparametederiv,,, ., iS usedto suppressocal maximaof the
directionalderivativedueto imagenoise.Theresultof the shownexample
is marked with a cross. Refer to Séel.3 for details.

Algorithm:
¥ First performn (for examplefour timesthe maximalimagedimension)searchstepsof
sizes (for example 0.5 pigls) from Peg into direction ofe, :

1. Getdirectionalderivative at currentsearchposition. This is doneby dot productof the
gradientat that positionwith the normalizeddirectionvector The gradientis computed
using bilinear interpolation.

2. Testif derivy, ., hasalreadybeenenteredout currentderivative is smallerthantheone
of the step before. If yes, the step before is the result of the search (the local maximum)
and the search loop is terminated.

3. Test if the current derative is lager thanderiv, ., - If yes, remember that the dext
tive threshold has been entered.

4. Goto 1.
Then do the same search frga, into the opposite direction @, .

¥ If two results:Comparehetwo resultsandchoosehe onethathasthe shorterdistanceo
p'cg .

.|K

7.4.4 Combining the Adaptation éctors

The combinationof the adaptationvectorsis doneusing weightedaverage Sincewe do not
knowmuchabouttheimagesandthematchedgositionansidethem,uniformweightshavebeen
chosen, resulting in simple average.
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Supposinghatthe aspectanglesof the usedimagesaremoreor lesssymmetricallydistrib-
utedfrom 0° to 360° (accordingto Sec.3.6.1),the geometricanalysisof the averageadapta-
tion vectorshows supposingeverythings consistentthatit pointsapproximatelynto theright
direction, but usuallyit is too short, seeFig. 7.8. However,sincethe matchingis iterateda
coupleof timesfor convergenceneithertheimprecisedirectionnor thetoo shortlengthof the
combined adaptation vector matter.

Anyway, one could think of usingthe Oprojectiomodel&howedin Fig. 7.8 to computea
combinatiorthatreproduceshe Oprojectionsf8goodaspossible But sincesomeof the adap-
tationvectorsmay bewrongdueto wrongedgematching the systemmaybeinconsistenaand
thenthe Oprojectiomodel@oesnot apply.Soit seemsagoodchoiceto do just usualaverage.

Figure 7.8: Thethin arrowsarethe projectionsof thebold blackarrow.We caninterpret
thethin arrowsasadaptationvectorsandthe bold black arrow asthe exact
combinedadaptationvector. The gray arrow is the averageof the thin ar-
rows.

7.5 Refraction Planes fom Control Points

As alreadymentionedthis is doneby fitting a planeinto the four three-dimensionatontrol
pointsbelongingio eachpotside.Thisis doneaccordingo App. A.1 andresultsfor eachrefrac-
tion planein athree-dimensiongbosition(the centerof gravity of the usedcontrol points)and
aplanenormal.However thesenormalshaveto be orientedto point outwardsof the pot. This
is necessary for the detection of the relevant refraction plane ii8.S€ek.

The orientation (mirroring) of the plane normals is done as follows:
First the normals are scaled to length one.

Then go over all four normals, (i =0, 1, 2, 3) and do:

1. Get opposite planaj by:j = (i+2) mod 4

2. Orient (mirror)n; so that it points to the Oopposited directiurjl.oThis is done by mir-
roring n; if n; - n;>0 (angle smaller tha@0°).

3. Make suren; andn; normalspointoutwards.Thisis doneby mirroring bothnormalsif
they point inwards according to Se¢.5.1.

7.5.1 Opposite Normals Orientation

Giventwo Ooppositeglanenormalsn, andn, (oppositein the sensethatn, - n, £ 0) and

their positionsp; and p,, we wantto decideif theyarelookinginwards(possiblyfacingeach
other) or outwards.
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This is doneby applyingthe normalsto the positionsusinga stepsize t, oncein positive
directionandoncein negativedirection,seeFig. 7.9.We gettwo resultingpositionsin thecase
of t >0 andtwo positionsin thecaseof t > 0. We thencomparehe distancebetweerthetwo
positionsof the caset >0 to the distancebetweenthe two positionsof the caset <0. If

d;.o>d; ., the vectors are pointing inwards, otherwise they are pointing outwards.

Figure 7.9: Oppositenormalsorientation:n, andn, arethetwo normals,parametet
is setto one.It canbeseerthatd, ., ;> d; . o, indicatingthatthenormalsare
oriented outwards.

This methodworksonly if the normalsarepositionedon the convexhull of the planeinter-
sectionsln our casethisis true,sincethe normalsarepositionedat the centerof gravity of the
control points belonging to the corresponding pot face.

7.6 \eribcation

Verification of therefractionplaness baseddn theirintersectiorlines. Thesdinescorrespond
to the lateral pot edges, see Fig. 8.6 for an example.

However the positionof therefractionplanesdoesnot needto be very precise On theone
handtheaspecsteepnests usuallynotthatsteepandhencethe exactpositionof therefraction
planess notthatrelevant Ontheotherhandtheorientationof therefractionplanegmuchmore
relevant) does not change much when improving the edges.

Visual verificationis doneby projectingthe intersectiorlinesinto the controlimages.The
projectionsshouldlie onthe pot edgesHowever,sinceno refractionis applied,the projection
of edges that are at the back of the pot makes no sense and is ignored.

Verification of the control point consistencys doneby checkingthe averagecontrol point
error. For this, the distancebetweeneachcontrol point andits correspondingntersectionline
IscomputedandaveragedSmallerrorcorrespondso high consistencyHigh controlpointcon-
sistencymeansthat the control pointslie on the intersectionlines, indicatingthat the chosen
control points could be satisfied.Low consistencyusually originatesfrom inaccuratecontrol
points or from non-planar pot geometry (see Se1.2).
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7.7 Implementation

The implementatiorof refractionplanedetectionis containedn rvhrec andis describedn
App.B.7.



Reconstruction

The goal of the reconstructions to producea three-dimensionatolumerepresentatioof
theroots,usingits segmentegilhouettesTheusedmethodis amodificationof the octreefrom
silhouettes method [8]. The method is modified to incorporate the refraction at the pot faces.

Section8.1 (octreemodel) and Section8.2 (algorithm) are exactly describingthe octree
reconstructioomethod[8]. Section8.3 describesiow refractionhasbeenincorporatedy inte-
gratingit into the projectionmodel. Verification is done using control imagesdescribedn
Section8.4.Conversiorof the octreereconstructiorio voxelsis coveredby Section8.5. Visu-
alization is describedin Section8.6. Determinationof the refractionindex is the topic of
Section8.7. Section8.8 refersto the implementationand finally, Section8.9 coversfuture
development. See also the table of process dependencies iA.App.

8.1 Octree Model

Thevolumeto bereconstructeds representedsinganoctree An octreeis a hierarchicakree-
structuredrepresentatiorgachnoderepresentin@ three-dimensionatubein spaceThe chil-
drenarea partition of the parentcube,sincethe childrenaregeneratedby splitting the parent,
seeFig. 8.1. The childrenhencerepresent finer resolutionlevel of the parent.In our imple-
mentationwe split cubeganto eightchildren.Thisis why the cubeshavezeroor eightchildren.

| I;l
MO0 0000
S][S[S[s] Ton

|

Figure 8.1: OctreeModel: Eachlevel of thetreecorrespondso afiner refinementevel.
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Each cube has one of three colors:

¥ OblackO means that the cube lies completely within the object
¥ OwhiteO means that the cube lies completely outside the object
¥ OgrayO means that the cube is ambiguous

Both, Owhite® and OblackO cubes are leaf nodes inside the tree.

Becauseactuallytheonly accesso thefinal octree-representatioadonein arecursivewvay
whenconvertingthe octreeresultto voxels,the positionandthesizeof theoctree-cubearenot
storedinsidethe cubes,jnsteadthey arecomputedmplicitly from the octreestructureandthe
position and size of the top-level cube.

8.2 Octree from Silhouettes

Thealgorithmworksin a coarse-to-findashion.Eachiterationcarvesawaysomeoctree-cubes
usingall segmentednagesandthensubdivideghosecubesthatremainuncertain.Thesesub-
divided octree-cubes present a finer refinement level and are the input for the next iteration.

Algorithm:

Initialization: setone initial Oblack@ubeto user-definedextentand position. This cube
defines the region inside the pot that will be reconstructed.

Then for each iteration:

1. Update cube OcolorsO according to8S2q.
2. Unless last iteration: Subdile remaining OgrayO cubes and set these children to OblackO.

Theresultingoctreecouldthenbe compactedthatmeansconvertingOgray&ibeso OwhiteO
cubesor Oblackéubesif all their childrenhavethe samecolor. This canhapperbecausef the
coarsentersectiortest(Sec.8.2.2).But sincetheresultingoctreeis actuallyonly convertedo
voxels, the octree is not compacted.

Usually satisfyingreconstructiorresultsare achievedwhenusingiteration countsthat are
muchtoo small,in the sensehattherearestill manyOgray@ubesin thelastrefinementevel.
This has consequences for the conversion from octree to voxels, s8éSec.

8.2.1 Updating Cube Colors

For eachenabledsegmentedmage,we projecteachof the cubesof the currentlevelinto that
imageandtestwetherthe cubelies completelyinside or outsidethe silhouette,accordingto
Sec.8.2.2. We then update the OcolorsO of the current cubes according&d.Table

old color: black gray white
test result:
inside black gray white
ambiguous gray gray white
outside white white white

Table 8.1: Updaterulesfor octreecubes Note thatcolorscanonly changefrom
blackto gray or white andfrom grayto white. This Ocarveaway@he
volume.



8.3 INCORPORATING REFRACTION 55

8.2.2 Silhouette Intersection &st

Projectinga cubeinto theimageplaneresultsin generaln a six-sidedpolygon.But insteadof
doingthecomputationaéxpensivaestwetherthatpolygonliesinsideor outsidethesilhouette,
acoarsetestis used.t is insteadtestedf the boundingsquareof thatpolygonlies completely
insideor completelyoutsidethe silhouette This canbe donewith a singlelookupinto two dis-
tancemaps(seeSec.8.2.3),computedrom the silhouetteandits complementMore precisely,
both extremalalignmentsof the boundingsquarearetested(therearedifferentpossiblealign-
ments of the bounding square if the bounding box of the projected cube is not a square).

8.2.3 Half-Distance Tansform

Eachpoint of the half-distancemap containsthe size of the largestpossiblesquarestartingat
that pixel that fits completely inside the foreground (for example the silhouette).

Algorithm:

1. Initialize beld: set all foground pixels to 1 and all background pis to O.

2. Process each pkin reverse raster ordeomitting the highest column and higheswtro
Attach the alue of 1 plus the minimum of thalues of its three (already visited) neigh-
bors in raster scan directiowal, |, = 1+ min(val,,, y, min(val, ., val, ;1 .4)).

8.3 Incomporating Refraction

It is necessaryo modeltherefractionin threedimensionsTheideato putthechessboarthside
or behindthe culturepotandto compensatéherefractioninsidetheimagespaceusingthelens
distortionmodel,doesnot work becauseefractionis a non-linearthree-dimensionatansfor-
mation.

Theonly acces®f thereconstructioralgorithm(describedn Sec.8.2)to theimagess done
by projectionfrom the octree(world coordinatesjo theimagesno back-projections needed.
Therefore refractionis incorporatednto the projectionmodelaccordingto Fig. 8.2. This is
donebyfirst calculatingrefractionpoint,thepointwheretheray crosseshepotsurfaceaccord-
ing to Sec.8.3.2.This point is thenprojectedinto the givenimage,including lensdistortion,
accordingto the projectionmodelusedby OpenCV.As a consequencehe octreehasto be
completely located inside the pot modeled by the refraction planes.

Thefactthatthereis double-refractionis neglectedin reality, theray s first refractedatthe
borderbetweerculturemediaandglass afterthatit is refractedattheborderbetweerglassand
air. It seemgeasonabldéo neglectthe first refractionbecausdhe glasswalls are usuallythin
comparedo thepotsizeandbecausglasshasasimilarrefractionindexto culturemedia,com-
paredto air. Hence,in respecto refraction thetransparenpotinclusiveits contentis modeled
asculturemediaandrefractiontakesplaceat the surfaceof the pot at refractionindex corre-
spondingto the overall double-refractionThis meansthat the refractionindex usedby this
methods notthetruerefractionindexof theculturemediajt is insteadavirtual refractionindex
thatincorporateshedoublerefractionfrom culturemediaoverglassto air. However,sincethe
doublerefractioncanbeneglectedthisvirtual refractionindexis supposedo benearto thereal
refractionindex of the culture media.For experimentatesultsof the virtual refractionindex,
referto Sec.9.2. Comparisorwith the true refractionindex of the culturemediaandthe used
glasshasnotyetbeendone.Becausehe culturemediacanbe setup usingdifferentconcentra-
tions(seeSec.3.3.1.3)andbecausao informationaboutits refractionindexcouldbefound,a
refractometeseemsecessarandconvenienfor the measuremerdf thetruerefractionindex
of the culture media.
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refraction plane image

oo th//" refraction point

culture pot air

Figure 8.2: Refractionis incorporatednto the projectionby first calculatingtherefrac-
tion point,thepointwheretheray crossesheborderbetweerculturepotand
air. This pointis thenprojectednto thegivenimageusingthe commonpro-
jection model including lens distortion.

Algorithm for projecting a given point into a given image, incorporating refraction:
1. Corvert given point from world coordinatedo cameracoordinateqapply rotationand
translation of thexdrinsic calibration according to Equatiéns).

2. Get the refraction plane that is ned@t for projecting the gen point into the gen
image (there is only one such plane). This is done according t8.S€c.

3. Corvert the position and the normal of the velet refraction plane fromavld coordi-
natesto cameracoordinategapply extrinsic calibration&rotationto the positionandthe
normal while applying its translation only to the position, according to Equat&)n

4. Get the refraction point on that plane according to $&c2.

5. Project the refraction point into the image using the common projection model used by
OpenCV However, since cowersion from verld coordinates to camera coordinates has
already been done, this a@msion is omitted.

8.3.1 Relgant Refraction Plane

Givenanimageandits extrinsiccalibration(hencdts virtual camergosition) , wefirst compute
v, , thevectorof theopticalaxisin world coordinatesThisis doneby rotatingthe z-unitvector

with the inverserotationof the extrinsic calibration(seeEquationA.7). Thenwe go over all
refractionplanenormals searchingheonethatis mostoppositeto v, . Becaus¢henormalsare

orientedto point outwardsof the culturepot (describedn Sec.7.5), this is doneby searching
the normal with smallest; - v, , see Fig. 8.3.

8.3.2 Refraction @int

As alreadymentionedwe call the point, wherethe ray crossegshe pot surface the refraction
point. The goal of this sectionis to computethis point. For this, we havethe point to be pro-
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camera

Figure 8.3: Setupfor the detectionof therelevantrefractionplane(seenfrom top). The
relevantrefractionplaneis the planewith smallestn; - v, . Therotationaxis

is only markedfor showingthatin generalthe optical axis v, doesnot hit
the rotation axis.

jected,in cameracoordinatesWe alsohavethe positionandthe normalof therelevantrefrac-
tion plane,in cameracoordinatesWe havealsotherefractionindexof the culturepot, actually
manually determined according to S8d.

The computatiorof the refractionpointis doneaccordingto the schemeshownin Fig. 8.4.

refractionplane

refraction point

camera C

Figure 8.4: Computatiorof therefractionpointby determinatiorof r , giventheposition
of the point, the cameratherefractionplaneand n, the refractionindex of
the culture pot. Refer to Se®.3.2 for details.

Thedistancesa, b and ¢ arecomputedrom cam', the orthogonalprojectionof the camera
ontotherefractionplaneand p', the point projectedorthogonallyto the refractionplane.The
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distancer representshe wantedrefractionpoint. After this distanceis computedthe three-
dimensional position of the refraction point (in camera coordinates) is computed by:

p@camC
camGrr X—l p@®camE (8.1)

It canbeseerthatthedistancesd, e (andof courser ) aswell astheanglesa andb depend

ontherefractionindex Npot - HENCewe wantto getanequatiorfor r in respecto Npot andthe
distancesa, b andc.

We start with Snell®s law of refraction:
= < (8.2)

Therelativerefractionindexwhenpassingrom mediumwith refractionindex n, into medium
with refraction indexn, (in our case air, thereforg, = 1) is:

n
_2 = —l = n
Ny npot
: . _cbr N : :
Sincesina = 9 andsinb = éwe get from EquatioB.2:
(cbr) _ .4 8.3)
r e

This canbeinterpretedasthetheorenof intersectingines Odistortedy therefractionindexn.
This means that changes the proportions of the theorem, see Fig. 8.5.

Usingd = A/b2+ (c E)r)2 ande = A/a2+ r? inside Equatior8.3 we get:

cbr _ N xA/bZ + (cDr)2
r
/a2+r2

We got the wanted equation forin respect ta, b, ¢ andn:

r><A/b2+(c’E)r)2 _
X P1=0
(c’E)r)><A/a2+r2

This equationwould leadto analgebraicequationof fourth degreein r . Insteadof solving
thatequation,t hasbeenchoseno useNewtonapproximation.This seemsappropriatesince
we cando areasonablé@nitial estimationof r , by assumingho refraction.We just computethe

pointwheretheraywould crosstherefractionplaneif norefractionwouldapply.Usingthethe-
orem on intersecting lines, we get

n (8.4)
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cbr
r

OIT

and from this we get the initial estimatio,;, corresponding to no refraction:

(8.5)

The Newtonapproximatioris guaranteedo convergeto theright solutionbecausehe Odis-
torted@heoremon intersectinglines (Equation8.3) hasno singularitiesfor (0<n<¥) and
linit lies within thatrange.The motivation(seeFig. 8.5) is thatwhile n = 1 would resultin

the original theoremon intersectedines, valuessmallerthan 1 shift the proportioninto one
direction,whereawaluedargerthanl shiftit into theoppositedirection.Thisimpliesthatthere
Is exactlyonesolutionfor eachn » 1. The extremaltheoreticalvaluesof n aren = 0 (this
wouldresultin r = ¢c)andn = ¥ (wouldresultin r = 0). Thisleadsto theassumptiorthat
therearenosingularitiedor (0 <n <¥ ). Moreover theanalysisof someexampleshowedhat
there is usually only one real-valued solution.

point
J
n=¥ n=~0
n=1
: / refractionplane
I
I
I
I
I
|
C

camera

Figure 8.5: Effects of the OdistortedO theorem on intersecting lines.

The Newtonapproximatiornof Equation8.4 leadsto a quite complexequationandis there-
fore shownin App. A.7. As alreadymentioned, is first initialized to r,,;, andthenthereare

doneNewtoniterationsuntil thechangeof r is smallenoughor themaximaliterationcounthas
been reached.

Wethencomputeherefractionpoint (in cameracoordinatesjrom theresultingr according
to Equatior8.1.
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8.4 \eribcation

A controlimageis generatedior eachimagethathasbeenusedor reconstructionTheseémages
consistof theimageitself with additionalinformation,referto Fig. 8.6. Theyareusedfor ver-

refraction plane control
point (cross) largecross
because on Ocontoul
edge0, see S&x.1

/— diamond indicates the
automatically detected
desired location of the
control point projection,
according Sec7.4.2

\ segmentation(red), ac-

cording to Sec6

\ cornerof the octree,ac-

cording to Sec8.4.1

\ projection of the recon-

struction (purple), ac-
cording to Sec8.4.2

\ thebox symbolindicates

the current (selected)
control point

intersectionbetweenthe
/ refractionplanes(dotted

line), should lie on the

pot edge, see Set.6

Figure 8.6: Controlimage,referto Sec.8.4 for moredetails.Note thatthe intersection
line goingthroughcontrol point sevenandeightis not goingalongtheedge
andthatits lower enddoesnot reachthe baseplate(z = 0, wherethe cali-
brationchessboardiaslocated).This happendecauséheintersectiorines
areprojectedwithout refraction thereforeit is ignoredinsidethe shownex-
ample.

ification of the reconstructiorand also asview for interactiveadjustmentsfor examplethe
adjustment of the desired reconstruction region and the adjustment of the control points.
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8.4.1 Popjection of the Octree coners

Foradjustmenaindvisualizationof thereconstructiomegion(thesizeandlocationof theinitial
octree),ts eightcornersareprojectednto the controlimagegseeFig. 8.6). Becauseaheoctree
is located inside the pot, the projection of the corners is done including refraction.

8.4.2 Popjection of the Reconstruction

A measuref reconstructiortonsistencyespecialljtheconsistencyf calibrationthesegmen-
tations,therefractionplanesandtherefractionindex)is givenby theprojectionof theresulting
reconstructionnto the usedsilhouettesmages(seeFig. 8.6). Whencomparedo the segmen-
tation of the image, it can be seen if the desired silhouette could be met by the reconstruction.

Reconstructiorconsistencycorrespondgo the congruenceébetweenthe projectionsof the
reconstructiomndthesegmentationst is actuallycheckedvisually. Sec.8.9.1describes pos-
sible way to compute a numeric measure of the reconstruction consistency.

8.5 Corvert Octree to \bxels

Sincetheoctreeis choserto consistof isometriccubesjt canbe convertedwvithoutlossto iso-
metric voxels. The conversionis done using recursion,starting at the top-level cube.Each
octree-cubecorrespondgo a cube of voxels with a side-lengthof a power of two voxels,
depending on the refinement level.

Octree-cubethatareOblack@ealwaysconvertedo foregroundvoxelswhile Owhite€ubes
arealwaysconvertedo backgroundroxels.CubeghatareOgray®ut haveno children(ambig-
uouscubesin thelastrefinementevel, or just terminalgray cubes),canbe outputusingthree
available modes:

¥ Outputasforeground,resultingin the outerapproximatiorof the reconstructionThis is
usually the best choice.

¥ Outputasbackgroundyesultingin the inner approximationof the reconstructionThis
usually producesvery few foregroundvoxels, becausealreadysatisfyingreconstruction
resultsusuallystill have moreOgray€ubesn thelastrePnemenievel thanOblackEubes.

¥ Outputasathird value(producingaternarydata-set)usuallytheusedvalueis in themid
betweerthe foregroundandthe backgroundvalue.This may be the bestchoice,sinceit
doesnot lose information. This modecanbe interpretedas meanapproximationof the
reconstructionFor this, the ternaryvoxel beldis usuallysmoothecor interpolated.The
reconstructions representetbr exampleby anisosurbiceatthelevel in themid between
the forground \alue and the thirdalue.

8.6 Isosurface

Visualizationof thereconstructions doneby OpenGLusingatriangle-basedsosurfaceepre-
sentationof the volumereconstructionlt hasbeenchoseno computetheisosurfacdrom the
voxel representatiomsteadof computingit directly from the octree(this would be a possible
extensiommentionedn Sec.8.9.3).Theisosurfaces computedisingtheMarchingCubesalgo-
rithm [5].

Thesurfacerepresentationanalsobesavedo afile. This canbedoneusingdifferentcoor-
dinateformats.Theuserhasthe choicebetweerworld coordinateandculturepot coordinates.
Both coordinatesystemsarein millimeters.Theworld coordinatesystems boundto therotat-
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ing chessboargatternaccordingto Fig. 4.1on page30. Seebelow(Sec.8.6.1)for thedescrip-
tion of the culture pot coordinate system.

8.6.1 Culture Pot Coordinates

Theculturepotcoordinatesystems boundto the culturepotaccordingo Fig. 8.7.Becausghe

Figure 8.7: Theculturepotcoordinatesystems derivedfrom theworld coordinatesys-
tem by planartranslationand planarrotationinsidethe x/y plane.The four
shownpoints are the pointswherethe four lateral pot edgespassthe z=0
planein world coordinatesseenfrom top andlabeledby the potedgeindex.
Theyarecomputeddy intersectiorof therefractionplanesPoint1 is theor-
igin of theculturepot coordinatesystemPoint2 definesthey-axis. Theco-
ordinateaxesof the culturepot coordinatesystemareshownby arrows.The
showncasecorrespond$o a steppemotorrotatingcounterclockwisavhen
seen from top.

culture potsare positionedarbitrary on the motor for acquisition,different reconstruction®f
thesameobjectwill by rotatedandtranslatedn world coordinatesCulturepot coordinatesre
invariantto the approximatepositioning.They are thereforeusedwhen different reconstruc-
tions of the same object have to be compared.

8.7 Determination of the Refraction Index

Actually, therefractionindexof the pot hasto bedeterminedy trial anderror. Thisis doneby
choosingasmallregionto bereconstructed;ontainingfine structure Thenthisregionis recon-
structedusing different refractionindicesand the resultsare comparedviewing their three-
dimensionaleconstructionaswell astheircontrolimages) Therefractionindexis adjustedo
producereconstructionghatareasconsistenaspossible(seeSec.8.4.2).0f coursetherefrac-
tion planes have to be detected properly before the determination of the refraction index.

8.8 Implementation

The implementation of reconstruction is caltgdrec and is described in ApB.7.
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8.9 Future

8.9.1 Automatic Determination of the Re-Pojection Error

Actually verificationof thereconstructions donevisually by checkingthecongruencéetween
the re-projectionof the reconstructiorandthe correspondingegmentationThis is similar to

theideaof PhotoConsistencydescribedn [2]. The verification could be automatedy com-

puting the congruence error the following way:

1. Project the reconstruction according to $=4.2.

2. To exclude flse-positre sgmentation noise from the measurement, gisntation
components that are not connected to the rootsxaheded. This is done by using the
projected reconstruction as selector for a connected components process insgle the se
mentationThisresultsin all partsof thesegmentatiorthatareconnectedo the projected
reconstruction.

3. Compute the range where the reconstruction projects inside the image. This is done by
projecting the corners of the topA4# octree into the image. Then the range is deter-
mined that looks through both, the front side and the back side of the projected cube.

4. Perform arexclusive oroperation between thegaentation and the image generated in
step 2, only inside the range determined in step 3. Count the hits of the xor

Oneof theremainingproblems:If the reconstructedegionis small,the probabilityis high
that it will contain segmentation parts that are not covered by the reconstruction.

8.9.2 Aitomatic Determination of the Refraction Index

Thiscanbedoneusingasearchof theindexon thebasisof there-projectiorerrorof Sec.8.9.1.

8.9.3 Marching Cubes on Octee

Actually, the isosurfacds computedusingthe marchingcubesalgorithmworking on voxels.
Therefore the octreeis first convertedto voxelsandthenprocessedby marchingcubes.This
wastesa lot of computatiortime andmemory.Thereforethe marchingcubesalgorithmcould
be adaptedo octreesandthe voxel representatiorwould be computedonly on demand.This
would also automatically result in optimized triangle meshes.

8.9.4 Sorted Connected Components

To give the userthe possibility to choosethe desiredobjectin the casethatthereconstruction
consistof severalseparatedpbjects,a connectedcomponentsnethodcould beimplemented
thatsortsthe componentdy size,giving the userthe possibilityto easychoosehe component
by its size.

8.9.5 Rrallelizing
Refer to the underlying paper [8].

8.9.6 Octee Arrays

Actually, only cubic reconstructiorregionsare supportedBecausdhe reconstructiorregion
hasto be completelycontainednsidethe culturepot, it maybeimpossibleto reconstructong-
ish objects.The solutionwould be to startthe reconstructiorprocesswith an array of initial
octreecubesinsteadof just oneinitial cube.In the meantime|t is possibleto simulatethis
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methodby reconstructinghe objectin severalcubic partsandjoining the reconstructegbarts.
This canbe doneon the basisof voxels,or by joining the surfacerepresentationgsingOpen-
InventorOscat  (recommended).



Results

This chapterpresentsomeresultsand conclusionsSection9.1 presentsomereconstruc-
tion results.Section9.2 presentghe experimentallydeterminedefractionindexanddiscusses
the result. Sectiofl.3 contains some considerations about accuracy.

9.1 Reconstructions

This sectionpresentssomereconstructiorresults,visualizedaccordingto Sec.8.6. Fig. 9.1
showsreconstructionsf arice rootusingdifferentrefinementevelsandTable9.1 containghe
correspondingnformation.Fig. 9.2 showsa reconstructiorof the upperpartof the sameroots
andFig. 9.3 showsthe correspondingontrolimage.Fig. 9.4 showsthe combinedsurfacerep-
resentation®f the lower partandthe upperpart of the roots.Fig. 9.5 showsanotherview of
same object, revealing ghosting effects.

Fig.9.1| Fig.9.1 | Fig.9.1 | Fig.9.1| Fig. 9.1 | Fig. 9.2
a b c d e

iterations 6 7 8 9 10 9
voxels 32° | 64° | 128" | 256° | 512 | 256
resolution [mm] 1.25 | 0.625 | 0.3125|0.15625 0.078125 0.15625
octree cubes 25713 | 31889 | 45129 | 87505 | 241889 | 471393
terminal gray cubes (Seg.5) 100% | 100% | 99% 96% 85% 97%
isosurface triangles 3106 | 6168 | 18700 | 57862 | 197568 | 367834
computation time [s] 23 30 50 117 445 727

Table 9.1: Experimentatesultslt canbeseenthatif theiterationcountis increasedthenum-
berof neededctreecubesggrowsmuchslowerthanthe numberof correspondingoxels.Note
also,thatthereconstructiorof the morecomplexupperpartof theroots(Fig. 9.2) needsnore
time andmorecubedor reconstructiothanthesimplerlower part(Fig. 9.1d), whenusingthe
samerefinementevel.Notealsotheeffectof theartefactsnsideFig. 9.1a.Reconstructionvas
done at 1.2 GHz CPU speed.
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d e

Figure 9.1: Reconstructiorof a givenroot usingincreasingefinementevels.Imagea
containsreconstructiorartefactsdue to false positive segmentationsThe
artefactsdisappeawvith increasingterationcountbecausehey areusually
not three-dimensionallyconsistentPleaserefer to Table9.1. The images
usedfor reconstructiorweredownsizedo 640 x 480 pixels during prepro-
cessing (this is true for all shown examples inside this thesis).
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Figure 9.2: Upper region of the roots shown in Fig. 9.1. See Talldor details.

9.2 Refraction Index

In our setupwe obtainedanapproximateefractionindexof 1.345,usingtrial anderroraccord-
ing to Sec.8.7,seeFig. 9.6. This seemgealisticsincetherefractionindex of wateris 1.33and
the culturemediais supposedo havea higheroptical densitythanwater.However,sincewe
did not measurehetruerefractionindexof the culturemedia(usinga refractometer)it is not
possibleo estimataheeffectof doublerefraction.Referto Sec.8.3for moreinformationabout
double refraction and the refraction index.

9.3 Accuracy

Theaccuracyof thereconstructions actuallyonly verified visually usingthe projectionof the
reconstructior(Sec.8.4.2).Fig. 9.3 showsasan examplethe controlimagecorrespondingo
Fig. 9.2.A numericalmeasuref accuracyis proposedn Sec.8.9.1.Actually, accuracycanbe
estimated by interpreting the effect of different refinement levels according to Fig. 9.1.
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Figure 9.3: Control image corresponding to Fig. 9.2, according to $dc.
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Figure 9.4: Combinedreconstructionsf Fig. 9.1d andFig. 9.2, usingOpenlnventorOs
ivcat andSceneViewer .
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Figure 9.5: Sameobjectasin Fig. 9.4, from differentview. Thereareghostingeffects
visible atthetop of theroot (referto Sec.B.7.9.4for details).Thisis because
theupperpartsof the potareseemmoreorthogonally resultingin smalleras-
pectsteepneséeferto App. B.7.9.4for details).Onesolutionwould be to
changdghecamergositionandtheaspecsteepnessincethereconstructed
rice plant was not put deepenoughinto the culture mediato allow recon-
structionof theentireroot, it is supposedhatputtingit deepenoughnto the
mediawill alsosolvethe ghostingproblem,because single stemcannot
produce ghosts.
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1.2 1.3 1.325

1.35 1.375 1.4

Figure 9.6: Effectof therefractionindexto thereconstructionTherefractionindexwas
determinedas1.345.Note alsothe distortiondueto refraction,mainly visi-
ble as vertical shift. Refer to Séx2 for details.
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Miscellaneous

A.1 Dependencies

The dependencies of the overall process are shown in Adble

c
i)
§ 5 |5 g Sl € 8 g | ©
2o/f 5058 ¢ 2 |5 | @
sSl2 ===8 5 |8 | & &
g 7 3] cflozx ® |& Q )
=36 o80T € | S | 8
58/3F /228 ¢ 55 2 £
SosgE2 S8 §E 8¢ g | B
c2En X3 XE| 2 Tl & | 9
capture file (Sed.13.1) R
intrinsic image (Se@.5.1) W R
extrinsic image (Se@&.5.2) W R R
data (roots) image (Se8.5.3) W R R
acquisition file (SecB.13.2) W R
intrinsic calibration (Sed.13.3) W R R R R
extrinsic calibration (Sed.13.5) w | W R R
segmentation (Se6) wW R
refraction index (Se@.7) R
refraction planes (Set) W R
voxel block (SecB.13.7) w R

Table A.1: Processlependenciesthe data(horizontally)andtheactions(vertically), ORO
meanghatthedatais readby theactionwhile OW@eanghatit is written. Notethatthe cap-
ture file (containing the angles to be captured at) is generated manually (sé® 3¢and
that the refraction index is actually determined interactively (refer to8S&c.
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A.2 Plane Fitting

Fitting a planeto a setof three-dimensionapoints is done using the least-squaresnethod
according to the reference listed in App2.1.

We start with the plane represented by:
Ax+By+Cz+D =0
whereN = (A, B, C) istheplanenormal. Assumingthatthisnormalis normalizedhaslength
1), the distance between a pomt= (X, yi, z) and the plane is given by
d, = Ax;+By; +Cz BD
We want to minimize this distance for alpoints in a least-squares sense by minimizing:

n n
f(AB,C,D) = § d°= & (Ax +By, +Cz BD)°
i=1 i=1
This leads to the following system of linear equations:

n
f
E_A = Zé (Ax; +By; +Cz BD)x = 0
i=1
n
T = 28 (Ax +By. +Cz BD)y, = 0
B - 2a (A +By+CzBD)y; =
i=1
¢ n
[0}
E_C =2 (Ax,+By,+CzbD)z =0
i=1
n
T — 22 (Ax +By.+CzDD) = 0 A2
7 - 2a (Ax+By+CzBD) = (A-2)
i=1

EquationA.2 leadsto D = Ax.+ By, + Cz., where(X., Y. Z.) is thecenterof gravity of

the points. This meansthat the leastsquareplanegoesthroughthe centerof gravity of the
points.To simplify thecomputationyve thereforesubtracthe centerof gravity from eachpoint
(translatingthe origin to the centerof gravity). This makegsheleastsquareplanepasshrough
the origin. Henceb = 0 and

n
o]
f = a [A(xDx.) +B(y; By,) + C(z bz,)]
i=1
From this we get again a system of equations:
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n
o

T = 8 [AK Bx)? +B(y, By)(x Bx) +C(z Bz)(% Bx)] = 0

n
& [A(x Dx)(y; By,) + B(y, By,)* + C(z Bz.)(y; By)] = 0

3_2 = é [A(xi E)xc)(zi ch) + B(yi iE)yC)(zi E)zc) +c;(zi ch)z] =0
i=1
Using:

2

dpg = a (% DX;)

a;; = a Dyc)2
n

2
A = é. (zDz)
n

891 = aip = @ (% Px.)(¥; PYy)
n

Qpp = Ay é (X DPX:)(z D7)
n

Aijp = a1 = é. (Vi Pyo)(z Bz)
n

we get theéA, B andC by solving the following system:
400 01 %02| | A

a9y 810/ X|B| = 0 (A.3)

1820 21 922
The trivial solution A=B=C=0 is no solution to our problem, so we could require

A%+ B%+C? = 1. Thisleadsto aeigenvalud eigenvectoproblem.In fact, thedesiredplane

normalN = (A, B, C) is the eigenvectobelongingto the smallesteigenvalueof the matrix
inside EquatiorA.3. The eigenvalues and eigenvectors are computed using OpenCV.

A.2.1 Refeences

¥ http://www.infogoaround.ay/JBook/LSQ_Plane.html
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A.3 3D Circle Fitting

First, a planeis fit into the giventhree-dimensiongboints. After that, a circle on thatplaneis
fit to thepoints,in aleast-squaresenseThisis doneusingtherealthree-dimensionalistance
insteadof first projectingthe pointsto the planeandfitting atwo-dimensionactircle to thepro-
jections, like in the listed references in App3.3.

Algorithm:

1. Fit leastsquareglaneinto givenpointsaccordingo App. A.1. Theresultis the centerof
gravity of the points and the plane normal.

2. Compute rotation matrix that rotates the plane normal to the z-axis.

3. Transform the coordinates of thevgm points so that the least squares planes lies on the

xly plane.Thisis doneby Prsttranslatingheorigin to the centerof gravity (subtracten-
ter of graity from the point coordinates). Then the rotation matrix is applied.

4. Fit two-dimensional circle on x/y plane to the transformed points, according to
App.A.3.1.

5. Transform the center of the least squares circle back from the x/y plane to the least
squares plane (applyverse rotation matrix and translate origin back from center of

gravity).
Result: Radius, center and rotation axis (the plane normal).
A.3.1 3D Circle on X/Y Plane

Fitting a circle on x/y plane to given three-dimensional points according to Fig. A.1.

pi||

Figure A.1: DistanceF; of three-dimensional poirg; to the circle on x/y plane.

Saythe centerof thecircle is at (c,, cy) , its radiusis r andpointi is locatedat (x;, y;, z) .
We start with the distance of observation (p@ino the circle:

2 2
Fi = JPin T 0y,

usingp;» = z and Pij = A/(x‘iE)cx)2+(yiE)cy)zE)r,wherex'i andy’; arethex andy com-

ponentsof thepointi, orthogonallyprojectedo the plane.Sincethis is thex/y plane,X; = X;
andy; =y;. We get:
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2

Fi = /\/Ziz + ?J(xi DCX)2 + (Y, ’E)Cy)2 Drg (A.4)
We get the following derivatives of Equatiém.
TF (e Dx)(Jwbr)
1o A/Z|2 + (Jv_vE)r)2 /W
TF; (c, DY) (~/wr)

ey A/zl2 + (JV_VE)r)2 X W

Fi_  (rpdw)
" Jzi2+(Jv_vDr)2

with w = A/x,2 b2x.c, + ci + yi2 b2y;c, + cf,. We compute the Jacobi matrix:

LR B!

fic, Tic, T
iF, TF, T,
J = 19, ficy, Tr
iF3 TF5 TF5
To, T, T
Vo Ya Ya

and the residual vector:

0bF,(c,, Cy, r)

0bF,(c,, Cy, r)

0bF4(c,, Cy, r)
Ya

We define the desired approximation as vector:
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CX
X =lc
y

r

We ssettheweightmatrixto theidentity becausef lack of information.We getthefollowing
adjustment per iteration:

Bl Bl
Dx = (3" xWxJ)  xJ' xWxk = (3" xJ) xJ" xk
and the corresponding updating rule:

x(t+1) = x(t) + Dx(t)

Iterationis stoppedvhentheadjustmengetssmallenoughor whenthe maximaliterationcount
is reached.

A.3.2 Initial Estimate using Linearized Equations

Forbetterconvergencea goodinitial estimatds required.This canbe doneby solvingthelin-
earized system of equations. For this, Equatighis squared and linearized, resulting in:

2 2 2 2 2
Fi=2z +(xbc) +(y, Dcy) br

_ 2, 2.2 2 2 2
= DincXDZyicy+ cx+cyDr +X ty +zZ
pr—— N e (e

T

(A.5)

this leads to the following linear system fgr, ¢, and' :

r . 2 2 2
2x4 2y, BL X1tYy11tZ;
Cx 2 2. 2
2X5 2y, Bl x| = [X2tY2* %
Vo Ya Ya y 1/,
"
2% 2y, bl 2, 2,2
L n N _Xn+yn+zn_

andr is computed fronr , c, andcy using the definition of inside Equatioi.5.

A.3.3 Refeences

¥ http://www.orbitals.com/self/least/least.htm
¥ http://sfmg.uncc.edu/shiblsq_minimax/Isq_minimax.htm#5.1
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A.4 Camera Coordinates to Wrld Coordinates

A pointin cameracoordinatess convertedo world coordinatesisingthe extrinsiccalibration
of the correspondingmage.The extrinsiccalibrationis appliedinversely.This meansnstead

of the usualapplicationof the extrinsiccalibration,the conversiorfrom world coordinatesc,,
to camera coordinates :

C. = Rxc, +1 (A.6)

A.5 Pixel Coordinates to Camera Coordinates

A pointin pixel coordinatess convertedo cameracoordinatesisingtheintrinsic calibrationof
the corresponding image.

Algorithm:

1. Apply thecameramatrix inversely(corvertingthe point from pixel coordinate$o image
coordinates) according to App.5.1.

2. Apply inverse distortion according to Apf.5.2.
3. Set z-component of un-distorted point to 1 (= image plane).

A.5.1 Inverse Application of Intrinsic Calibration

This meanghatinsteadof theusualapplicationof theintrinsic calibration theconversiorfrom
image coordinates; to pixel coordinatesp:

Cp =F xc, + p (A.8)

where
f_ O

F=1%
0 f,

is composedf the focal lengthsin x andy directionandp is the principal point, it is applied
inversely:

C = FD1 x(chp)

A.5.2 Un-Distort Image Coordinate

Un-distortsa pointin imagecoordinatesundoinglensdistortion. This meanghattheinverse
intrinsic calibration(seeApp. A.5.1) hasto be alreadyappliedto the point. We call the given
point the distorted point and the desired point the un-distorted point.
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Let usfirst havealook howdistortionis modeled Therearethreecoefficientsfor radialdis-
tortion (ky, k,, k3) andtwo coefficientsfor tangentialdistortion (p,, p,) . A pointOx-coordi-

natex is distorted tax as follows:

. 2 4 6 2 2

X = X+ X(Kyrm+Kor +Kar ) +[2py Xy + py(r + 2X7)] (A.9)
while r? = x* + y2. The y-coordinate is distorted jousing:

) 2 4 3] 2 2
Y = y+y(kr +kor +Kar ) +[2poxy + py(r+2y7)] (A.10)

Becauseformal inversionleadsto equationsof high algorithmic degree,un-distortionis
approximated iteratively using a linearized approach.

The initial guess of the un-distorted point is the distorted point itggl& x andy, = y.

Thenwe do iterations,until the changes smallenoughor the maximaliterationcounthas
been reached, as follows:

. 2 2
XD[2p XY, + Po(ry +2%)]

t+1
1+ klrt2 + er? + k3r:5
. 2 2
_ YB[2pyxy; + p(ry +2y;)]
Yev1 =

2 4 6
1+Kkqry +Kory +Kary
wherert2 = xt2+yt :

A.5.3 Refeences

¥ MATLAB calibration toolbox of J. Y. Bouguet, routine comp_distortion_oulu.m

A.6 Ray through Pixel

Computeghe ray (in world coordinates}hat passeghe givenimagepoint (in pixel coordi-
nates). Result: Starting position of the ray and the direction of the ray.

Algorithm:

1. Computevirtual cameraposition by corverting the origin from cameracoordinatego
world coordinates, according to App.4.

2. Corvert the point from pigl coordinates to camera coordinates according to Afap.
3. Corvert the point from camera coordinates trld coordinates according to App.4.

4. Compute ray direction by subtracting the virtual camera position from the point com-
puted in the last step.
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A.7 Newton Approximation of Refraction Point

Wewantto determingheonly unknownparameter of Equation8.4onpage58, usingNewton
approximation:

r x> Hry (A.11)
t+1 ~ f'(r t) :
We start with EquatioB.4:
M A/b + (cbr )
f(r) = nx (A.12)
(cbry) x /a +r
f(r)

We compute from Equatioh.12: ———

firy)”

(@ +r)(cPr)F 2 Jb +(cBry) +Ja +r8pc,fa +rtm/b +(cbry)”

223 2 2 2 2 2 2 26
ngEb Pa”)r; +3a"cry B3a“c r,+ac(b”+c )8

This term is used for the approximation according to Equatit.

Computationof the initial value ry =
Equation8.5.

rinit for the approximationis doneaccordingto

A.8 Calibration Patterns

The chessboargatternsfor calibrationare generatedising the programcalpattern (see
App. B.9). Two example patterns are shown in Fig. A.2 and Fig. A.3.

Foraccuracyit is theideato generatgatternswith accordingresolutionandprinting them
1:1linsteadof scalingthem.The patternsareusuallygeneratedoo largeandcutto thedesired
size.
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Figure A.2: Chessboard pattern of medium size, usually used for intrinsic calibration.
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Figure A.3: Chessboard pattern of small size, usually used for extrinsic calibration.
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Implementation and
Manual

This chapterservesasa manualfor theimplementationlt alsocoverssomeimplementation
details.Referto thetableof contentdor anoverview.Themanualis organizedaccordingo the
structureof the thesis. A good overview of the processdependenciegjives the table in
AppendixA.1 on page’3.

B.1 Organization of Files

It isrecommendetb createaseparatélirectoryfor eachsetupInsidethis projectdirectory,one
directoryis createdor intrinsic calibration(we call it QintrinsicOdnotherdirectoryis created
for extrinsic calibration (we call it OextrinsicOor eachculture pot acquisitionwe create
anotherdirectoryinsidethe projectdirectory(we call themOroots10yoots2étc.).Finally, we
may createa directoryfor all resultingreconstructiongwe call it Oroots_rec®Ye getthe fol-
lowing directory structure:

project/intrinsic
project/extrinsic
project/roots_rec
project/rootsl
project/roots2

B.1.1 pmoject/intrinsic

This directory contains:

¥ the images of the intrinsic chessboard acquired according t8.Sek.
¥ the intrinsic calibration Ple resulting from Sdcsee AppB.13.3 for its format
¥ for each image a ble containing data used for calibration, sedBAl#4 for format

B.1.2 pmject/extrinsic

This directory contains:
¥ the images of the rotating chessboard acquired according t8.5&c.

85
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¥ for eachusedimage,a ble containingthe extrinsic calibrationresultingfrom Sec.5, see
App. B.13.5 for its ble format

B.1.3 project/roots

These directories contain:
¥ the images of the rotated culture pot acquired according t8%e8.

B.1.4 pmoject/roots_rec

This directory contains:

¥ all reconstructions resulting from thevgn setup

¥ Pblecontainingthedefaultcontrolpoints(App. B.13.6describests format),for refraction
planedetection Becausehe default control pointsshouldmeetall acquisitionsusingthe
samesetup (see Sec.7.2), rvhrec is startedfrom this directory sinceit readsthe
default control points from the current directory

B.2 Concurrency

Onlyrvhcale andrvhrec aremeantto berunconcurrentlyput notusedatthe sametime,
in thesenseéhatit is forbiddento changesomethingusingrvhcale  whilervhrec isprocess-
ing somethingConcurrentvhcale andrvhrec areusuallyusedo enableor disablemages
and hence include or exclude them from the reconstruction process dwhedty .

B.3 rvhcap

Thisprogramsresponsibldor therotaryacquisitioraccordingo Sec.3.6.It controlsthemotor
thatrotateghe objectandit triggersthecameraexposuredt alsotransportgheimagesnto the
controlcomputerandcreategheaccordingacquisitionfiles, thatcontaintherotationanglethat
the correspondingmagewas capturedat. Acquisition files havethe samenameasthe corre-
sponding image but the extension 0.acqO, seB.AB2 for the file format.

B.3.1 Synopsis

rvhcap <mode> <capture file> <base name> <#digits> <ext> <photopc cmd>

B.3.2 Options
The options are listed in the order of the synopsis.

B.3.2.1 mode
This parameter controls the acquisition mode. Possible values are:

¥ Setto Omér takingtheimagesmanually Thisis necessarjor cameraghatarenot sup-
ported by the softare.

¥ Otherwise set to Oal for automatic triggering of the camera.

B.3.2.2 capture ble

Thisis thenameof thefile containingtheangleshatthe objecthasto be capturedat, described
in App. B.13.1.1t is actuallygenerateamanuallyusinga text editor. This hasto be doneonce
for each new set of rotation angles.
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Example: rvhcap_36view.cap

B.3.2.3 base name

This string defines the basis for the resulting image names.
Example: 2003-08-20_roots_

B.3.2.4 number of digits

This parametedefineshow manydigits areusedfor the sequenc@umberinsidethe namesof
the resulting images.

Example: 2
B.3.2.5 g&tension

The extensiorof theresultingimagenamesBecausemagefile formatis definedby the cam-
era, this extension has to match the type of the image.

Example: .tif

B.3.2.6 photopc commands
This parameter contains commandsgbotopc , the program that controls the camera.

Example: "-u eraseall snapshot image 1 ."

B.3.3 Examples

B.3.3.1 Acquisition of rotated chessboard

cd project/extrinsic
rvhcap a rvhcap_36view.cap 2003-08-20_extrinsic_ 2 .tif "-u eraseall snapshot image 1 ."

B.3.3.2 Acquisition of culture pot

cd project/roots1
rvhcap a rvhcap_36view.cap 2003-08-20_roots1_ 2 .tif "-u eraseall snapshot image 1 ."

B.3.4 Trouble Shooting
Especiallydueto heavypots,it may happerthatstepsare Olost@henit is necessaryo adapt
the step speed phrflop , actually inside the source code.

B.4 rvhconv

This shell script is used to preprocess the captured images according3d Sec.

B.4.1 Synopsis

rvhconv <convert options> <outhame append> <outname ext> <files>

B.4.2 Options
The options are listed in the order of the synopsis.

B.4.2.1 cowert options
This are the options for the programnvert

Example: "-scale 640x480 -colorspace gray +dither"
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B.4.2.2 output name append

This stringwill beappendedo thenameof thesourcemage,to producethe namefor thecon-
verted image.

Example: _640x480

B.4.2.3 output namexension

This is s the extensiorfor the filenameof the convertedmage.lt alsodefinesthe desiredfile
format (detected bgonvert ).

Example: .tif

B.4.2.4 image bles

The names of the images to be preprocessed.
Example: *.tif

B.4.3 Example

cd project/intrinsic
rvhconv.sh "-scale 640x480 -colorspace gray +dither" _640x480 .tif *.tif

Becauseconversiornusuallychangeshe namesof the imagesdueto the appendthe corre-
sponding acquisition files need to be renamed too, as follows:

mmyv "2003-08-20_extrin_*.acq" "2003-08-20_extrin_#1_640x480.acq"
It is recommended to backup the acquisition files before renaming them.

B.5 rvhcali

This program performs intrinsic calibration according to 8ec.

B.5.1 Synopsis

rvhcali <int. calib> <chess x> <chess y> <f#chess x> <#chess y> <max. error> <images>

B.5.2 Options
The options are listed in the order of the synopsis.

B.5.2.1 intrinsic calibration ble
This parameter defines the name of the file that the resulting intrinsic calibration is written to.
Example: calib_int.cal

B.5.2.2 chess square size in x-direction

Thesizeof asinglesquareof thechessboarg@attern,n x-directionin millimeters(referto Fig.
4.1 on pag®&0 for the definition of the coordinate system).

Example: 6.5875

B.5.2.3 chess square size y-direction

Thesizeof asinglesquareof thechessboarg@attern,n y-directionin millimeters(referto Fig.
4.1 on pag&0 for the definition of the coordinate system).

Example: 6.5875
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B.5.2.4 number of inner chess squares in x-direction

The numberof innersquaref the chessboargattern,in x-direction.Innersquaresarethose
thatdo nottouchthe chessboarthorder.Hencethe numberof innersquaresn this directionis
the true count of squares in this direction, minus two.

Example: 8

B.5.2.5 number of inner chess squares in y-direction

The numberof innersquaref the chessboargattern,in y-direction.Innersquaresarethose
thatdo nottouchthe chessboarthorder.Hencethe numberof innersquaresn this directionis
the true count of squares in this direction, minus two.

Example: 8

B.5.2.6 maximal re-projection error

This parameteris usedto automaticallydisableimageswith too large re-projectionerror,
according to Sect.4.3.

Example: 0.5

B.5.2.7 names of the image Pbles

The namesof the preprocessedsee App. B.4) imagesof the intrinsic chessboargattern,
acquired according to Seg.5.1.

Example: *.tif

B.5.3 Example

cd project/intrinsic
rvhcali calib_int.cal 6.5875 6.5875 8 8 0.5 *.tif

B.5.4 User Interface

The userinterfaceconsistsof a singlewindow. This window containsthe view of the current
image and two sliders, see Fig. B.1. Additional actions are available using shortcuts.

B.5.4.1 Sliders

¥ half_win: This parametecontrolsthe cornerdetectionalgorithm.It dePneshe half size
of the searchwindow usedby OpenCV&FindCornerSubPix() . It is usuallydeter-
mined by trial and error by adapting it until the right corners get found.

¥ image: This slider represents the current image.

B.5.4.2 Shortcuts

¥ OdOroggles the image state betweenenabledand disabled, accordingto Sec.4.1.
Enabled images must have correctly detectedchessboardcorners. When enabling
imagesthe detectedcornersshouldbe checled visually and detectedmanually (OcQyr
rebned OrQif, necessaryit maybenecessaryo disableimageshatmake the calibration
fail.

¥ OD(Disablesall images.This is usually usedfor initialization or if somethinggoes
wrong (see also Api.5.6.1).

¥ OcCrhis shortcutstartsthe manualcornerdetectionprocesswith subsequentalibration.
After pressingOc@he userhasto click thefour extremalinner cornersaccordingto Fig.
4.10onpage30. Cornerdetections doneaccordingo Sec.4.2usingthehalf_winparam-
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searchwindow for cor-
ner detection

current image
/ re-projectionerrorof the
currentimage,according
to Sec.4.4.1.Thevalue-

1 means no value

averageae-projectioner-
ror overall usedimages,

accordingSec.4.4.2. -1

means no value.

origin-mark
\ clicked cornersthis one

IS origin
red crosses: detected

corners according to
Sec4.2

blue crossesre-project-
ed cornersaccordingto
Secd.4

Figure B.1: User interface ofvhcali

eter (App. B.5.4.1), calibrationis done accordingto Sec.4.3. Re-projectionis done
accordingto Sec.4.4. After calibration,thoseimagesare automaticallydisabledthat
have a largerre-projectionerrorthanthe userdebPnednaximum(App. B.5.2.6),accord-
ing to Sec4.4.3.

Or(Rebneghedetectedornersaccordingo Sec.4.5with subsequentalibration.Rebn-
ing requiresthatthe givenimageis alreadycalibratedapproximately(usingOcOThis is
veribedeitherby watchingthe re-projectionerror or by visual veribcationof there-pro-
jectionof thechessboardornergbluecrosses)they shouldbenearto thecorresponding
cornersdetectednsidetheimage(red crosses)seeFig. B.1. However, all otherenabled
imagesdo not needto be calibratedthey only needto containproperlydetectedchess-
boardcorners After calibration,therebnedcalibrationis usedto computethe re-projec-
tion error (Sec.4.4.1). Automatic disabling of images,writing of the calibrationand
rejection of the calibration is done according to 3et.3.

GD: Go to puous image.
AD: Go to net image.
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B.5.5 Guidelines

B.5.5.1 Owerview

¥ Startwith few imagesfor exampletwo (the minimal count)andincreasdhe countwhile
checking the re-projectionerror and the visual correspondencelf somethinggoes
wrong, disableall images(using OD&ynd enablethem one by one while checkingthe
calibration result.

¥ Evenif alreadyfew imagesproducewell calibrations,there should be usedas mary
imagesaspossible However, for corveniencepusuallylessthan20 well-orientedimages
are used (see Se&5.1).

B.5.5.2 Calibration

Sincecalibrationis doneautomaticallyaftercornerdetectionseeabove) theonly thingthatthe
userhasto do is to detectthe cornersinsidetheimages.This is doneimageby image.Corner
detection is done as follows:

1. Use OcO to manually click thieeanal inner corners of the chessboard.
2. Use Or0 to rebne the corner detection.

B.5.6 Trouble Shooting

B.5.6.1 calibrationdils

Solution: Disablethe image making problems.If necessarydisableall images(OD&ndre-
enablethem,imageby image,while watchingthe re-projectionerror (for exampleby refining
the calibration using OrO).

B.5.6.2 too lage re-projection errors (inaccurate calibration)

Thereis probablyan enabledmagewith incorrectlydetectedchessboardorners.Samesolu-
tion as AppB.5.6.1.

B.5.6.3 Further Analysis andduble Shooting

Forfurtheranalysisanderrorsearchyve recommendhe MATLAB calibrationtoolboxby J.Y.
Bouguet.lts methodis identicalto the oneusedfrom OpenCV,henceit is easyto convertits
resultsto thefile formatusedby our software.They canthenbe comparedr usedinsideour
software.Thetoolboxshowsfor examplethe distortionvector-fieldandthe three-dimensional
position of the chessboard inside each image.

B.6 rvhcale
This program performs extrinsic calibration according to Sec.

B.6.1 Synopsis

rvhcale <int. calib> <chess x> <chess y> <f#chess x> <#chess y> <max. error> <images>

B.6.2 Options
The options are listed in the order of the synopsis.

B.6.2.1 intrinsic calibration ble
The name of the file that contains the intrinsic calibration generatedhbgli  (App.B.5).
Example: calib_int.cal
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B.6.2.2 chess square size in x-direction

Thesizeof asinglesquareof the chessboargattern,in x-directionin millimeters(referto Fig.
4.1 on pag®&0 for the definition of the coordinate system).

Example: 3.9625

B.6.2.3 chess square size y-direction

Thesizeof asinglesquareof thechessboargattern,n y-directionin millimeters(referto Fig.
4.1 on pag®&0 for the definition of the coordinate system).

Example: 3.9625

B.6.2.4 number of inner chess squares in x-direction

The numberof innersquareof the chessboargattern,in x-direction.Innersquaresarethose
thatdo nottouchthechessboartborder.Hence the numberof innersquaresn this directionis
the true count of squares in this direction, minus two.

Example: 6
B.6.2.5 number of inner chess squares in y-direction

The numberof innersquareof the chessboargattern,in y-direction.Innersquaresarethose
thatdo nottouchthechessboartorder.Hence the numberof innersquaresn this directionis
the true count of squares in this direction, minus two.

Example: 8
B.6.2.6 maximal re-projection error

This parameteris usedto automaticallydisableimageswith too large re-projectionerror,
according to Se®.1.

Example: 0.5

B.6.2.7 names of the image bles

Thenameof thepreprocesse(seeApp. B.4) imagesof therotatedextrinsicchessboargattern
acquired according to Se®.5.2.

Example: *.tif

B.6.3 Example

cd project/extrinsic
rvhcale ../intrinsic/calib_int.cal 3.9625 3.9625 6 8 *.tif

B.6.4 User Interface

The userinterfaceconsistsof two windows. Thefirst containsthe two-dimensionaliew and
containstwo sliders.The secondwindow containsthe three-dimensionaliew of theresulting
virtual camera positions (see below). Additional actions are available using shortcuts.

B.6.5 2D \few Window

See Fig. B.2 for an example.
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Figure B.2: 2D View ofrvhcale

B.6.5.1 Sliders

¥ half_win: This parametecontrolsthe cornerdetectionalgorithm.It dePneghe half size
of the searchwindow usedby OpenCV&FindCornerSubPix() . It is usuallydeter-
mined using trial and error by adapting it until the right corners get found.

¥ image: This slider represents the current image.

B.6.5.2 Shortcuts

¥ Oddogglestheimagestatebetweerenabledanddisabled accordingto Sec.5.1. Thisis
mainly usedfor excluding imagesfrom the reconstructiorprocesgrvhrec,Sec.8). It is
allowed (andthe meaning)hatrvhrec is runningconcurrentlywith rvhcale , allow-
ing calibration and especiallyenablingor disabling of imageswhen reconstructing.
However, duringreconstructiomothingshouldbe changedEnabledmagesmustbecal-
ibrated correctlyThis is \eribPed by vatching the re-projections.

¥ OD(Disablesall images.This is usually usedfor initialization or if somethinggoes
wrong.

¥ OcCrhis shortcutstartsthe manualcornerdetectionprocesswith subsequentalibration.
After pressingOc@he userhasto click the four extremalinner cornersaccordingto Fig.
4.1 on page30. Corner detection,calibration and re-projectionis done accordingto
Sec.5.2. Theimageis automaticallydisabledif there-projectionerroris largerthanthe
userdebPned maximum (ApB.6.2.6).
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¥ OeClEstimatesthe chessboarccornerswith subsequentalibration and re-projection
accordingto Sec.5.3. Estimation requiresthat the brst image is already calibrated
togethemwith someotherimages seeApp. B.6.7. Theimageis automaticallydisabledif
there-projectiorerroris largerthantheuserdebPnednaximum(App. B.6.2.6),otherwise
it is enabled.

¥ OEQ: Performs the estimation shortcut OeO for all images.

¥ Oi@mprovesthe chessboaradornersaccordingto Sec.5.4. This is doneby estimating
the cornersaccordingto shortcutOe®ith subsequentalibrationandre-projection Then
the resultingre-projectionerror is comparedo the error of the currentcalibration.The
improved calibrationis rejectedif its error is not smallerthanthe currenterror. If the
error is smallerthanthe userdebnedvalue, the calibrationis taken and the imagesis
enabled.

¥ OIO: Performs the impeashortcut OiO for all images.

¥ Or(Rebneshedetectedornersaccordingo Sec.5.5with subsequentalibration.Repn-
ing requiresthat the given imageis alreadycalibratedapproximately This is veriped
eitherby watchingthere-projectionerroror by visualveribcationof the re-projectionof
the chessboardorners(blue crosses)nsideFig. B.2. After calibration,the rePnedcali-
brationis usedto computethe re-projectionerror. The rebPnedcalibrationis rejectedif
thiserroris notsmallerthanthecurrentre-projectiorerror. If theerroris smallerthanthe
userdebPned &lue, the calibration is tak and the image is enabled.

¥ ORO: Performs the rebne shortcut OrO for all images.
¥ @): Go to pweous image.
¥ @O: Go to ne image.

B.6.6 3D \few Window

Thiswindow showsthevirtual camergpositioncorrespondingo the calibratedmagesn three
dimensionslt alsoshowsthethree-dimensionalirclethatis fit into thevirtual camergositions
for automatic extrinsic calibration according to S&8. See Fig. B.3 for an example.
B.6.6.1 Shortcuts

¥ OkO: Zooms out the three-dimensional vie

¥ OIO: Zooms in the three-dimensional.vie

B.6.6.2 Mouse Interactions
¥ Rotate the scene using the left mougtdn according to the trackball model.
¥ Selectthecurrentimageby selectingts virtual camergoositionusingtheleft mousebut-
ton. The virtual camera position of the current image is highlighted.
B.6.6.3 Menu
¥ Toggle the labels of the virtual camera positions on ahd of
¥ Toggle visualization of the virtual camera positions between points and spheres.

B.6.7 Guidelines

B.6.7.1 Tpical Process

1. Manually calibratethe four views moreor lessorthogonatto the culturepot (usingOcO),
this leadsto an averagesearchwindow size.lIt is necessaryo calibratethe brstimage
(usually captured at zero rotation angle).
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Figure B.3: 3D view ofrvhcale

2. Estimate the calibrations of af€uncalibrated) images (by pressing OeQ) with an appro-
priatewindow size.Thisis donefor testingthe extrapolationprocesslf estimatingmore
thanonly afew imagestry to chooseéhemsothatthevirtual camergpositionsof all cal-
ibratedandenabledmagesaremoreor lesssymmetricallydistributed(this helpsthecir-
cle btting algorithm used fox&apolation, see ApfA.3, in the case of only e
images).

3. If the estimation of single imagesovked, estimate all images using OEQ. Otherwise cali-
brate more images manually until the estimation of single imagesw

4. After all imageshave beenestimatedthereareusuallystill someimageswith corruptor
inaccurate calibrations, because usuallfedgint images need tkrent search windo
sizes for corner detection. So we imyeall images (Ol0yes&l times, using diérent
search windw sizes (half_win), until all desired images are approximately calibrated.

5. For further rebning of the calibrations, all images are rebned (O&a))tswes, using
different search windw sizes (half_win), until no impk@ment or until accurgameets
the requirements.

6. Gooverall imagesandenable disableandimprove/ rebneuntil all enabledmagesare
well calibrated.

B.6.8 Trouble Shooting

For troubleshooting(or furtheranalysis)we recommendhe MATLAB calibrationtoolbox of

J.Y. Bouguetlts methodis identicalto theoneusedfrom the OpenCVlibrary, henceit is easy
possibleto manuallyconvertits resultsto thefile formatusedby our software. Theycanthen
be compared or used inside our software.
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B.7 rwhrec

This programimplementsseveralmethodslt is responsibldor the segmentatiormf the roots
accordingto Sec.6. It is alsousedto detectthe refractionplanesaccordingto Sec.7. Finally,
reconstruction is done according to S&c.

B.7.1 Synopsis

rvhrec <int. calib> <root images> <rot. chess images>

B.7.2 Options
The options are listed in the order of the synopsis.

B.7.2.1 intrinsic calibration ble
Thenameof thefile thatcontaingheintrinsic calibration,generatedby rvhcali ~ (App. B.5).
Example: calib_int.cal

B.7.2.2 names of the images of the roots

The namesof the preprocessefseeApp. B.4) imagesof the culture pot containingthe roots,
acquired according to Se®.5.3.

Example: *.tif

B.7.2.3 names of the images of the rotatingyrif@sic) chessboard

Thenameof thepreprocesse(seeApp. B.4) imagesf therotatedextrinsicchessboargattern
acquiredaccordingto Sec.3.5.2. Theseimage namesmust correspondo the namesof the
images of the roots. Hence, it is necessary to pass them in the identical order.

Thesenamesareonly usedto constructthe namesof the calibrationfiles correspondingo
theimagesThisis doneby replacingthe extensiorn(everythingafterthelastO.@f the nameof
thechessboardnagewith the extensiorof the calibrationfile. Thereforethe extension®f the
passechamesdo not matter.Soit is for exampleallowedto passthe namesof the calibration
files themselvemsteadf passinghecorrespondingmagenamesThiscanbeusefulwhenthe
iImagef therotatedchessboardrenotavailablebecaus¢heyhavebeencompressedr moved
for saving disk space.

Example: *.tif

B.7.3 Example

cd project/roots_rec

rvhrec ../intrinsic/calib_int.cal ../roots1/*.tif ../extrinsic/*.tif
B.7.4 User Interface

The userinterfaceconsistsof threewindows, the first containsa slidersandthe two-dimen-
sionalview (controlimage),the secondvindow containscontrol parameterghethird window
containsathree-dimensionaliew of theresultingreconstructionAdditional actionsareavail-
able using shortcuts.

B.7.5 2D \lew Window

Dependingon the selectionof the user,this window eithershowsthe controlimageaccording
to Sec8.4 or it shows the flat field according to Séd.. See Fig. B.4 for an example.
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controlpointconsistencyc- cornerof the initial oc-
cording to Sec7.6 tree (Sec8.4.1)

current image projectionof the reconstruction segmentation (red),
(purple), see Se8.4.2 see Sed®b

thebox symbolindicates
the current (selected)
control point

refraction plane control point
(cross),large crossbecauseon
Ocontour edgeO (Skd.1)

intersectionbetweenthe refraction diamondindicatesthe automatically
planeqdottedline), shouldlie onthe detecteddesiredocationof the con-
pot edge (Sed.6) trol point projection (Sed.4.2)

Figure B.4: 2D View ofrvhrec  showing control image according to S&al.

B.7.5.1 Sliders
¥ image: This slider represents the current image.

B.7.5.2 Shortcuts

¥ Os@ogglethedisplayof the sgmentatioron andoff. The sggmentationis displayedas
red channel inside the control image.

¥ ): Go to pwous image.
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¥ GD: Go to ne image.

B.7.5.3 Mouse Interactions
¥ Selection of control points. Implementation according to 3&c1.
¥ Move control points using drag and drop. Implementation of B8cl.

B.7.6 FRarameter Window

Thiswindow containsagraphicaluserinterfacefor furthercontrolof rvhrec . SeeFig. B.5for
an example.

menu, see ApB.7.6.5

— parameter$or segmentationsee
App.B.7.6.1

— parameters for views, see
App.B.7.6.2

— parametersfor refraction plane
detection, see ApyB.7.6.3

——— parameters for reconstruction,
see AppB.7.6.4

Figure B.5: Parameter window atvhrec

B.7.6.1 Rrameters for Sgnentation
This section controls the segmentation according to&ec.

¥ OgraylilationOThe operatorsizeof thegray-level dilation usedfor RatPeldcomputation
accordingto Sec.6.1. This parameteshouldbe setso that at leastthe Pnerootsdisap-
pearinsidethe Rat beldview. Disablesmoothingfor veribcationof the gray-level dial-
tion.

¥ OsmoothingDhe half sizeof the gaussiaroperatorusedto smooththe gray-level dilated
image accordingto Sec.6.1. This resultsin a size of the gaussianoperator of
(2 xsmoothing + 1) © (2 xsmoothing + 1) . Theresultof this processs the virtual Rat
Peld used to normalize the image and isxshby the Rat beld we (see AppB.7.6.2).
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¥

Othreshold@fter RatPeldcorrectionusingthevirtual Ratbeldaccordingto Sec.6.1,the
imageis sggmented usingthe debPnedhreshold,into foregroundand backgroundThe
result is the gggmentation and is sk as red channel inside the control image.

B.7.6.2 Rrameters for Mws
This section controls the views.

¥

¥

¥

O2DviewO Either normalview, shoving the controlimageaccordingto Sec.8.4, or Rat
Peld viev, shaving the virtual Rat Peld according to Sédl.

O3viewOTogglesthethree-dimensionaliew of theresultingreconstructioron andoff.
This is usedto avoid the quite expensve calculationof the isosuriceusedfor visualiza-
tion accordingo Sec.8.6.Visualveribcationof thereconstructions arnyway doneusing
the projection of the reconstruction (S8¢at.2).

OfogCrogglesfog on and off. Fog canhelp to understandcomplex objectsby making
depth more visible.

B.7.6.3 Rrameters for Refraction Plane Detection

This section controls the detection of the refraction planes according t6. Sec.

¥

¥

OpoiniL&to OpoinBOThis setof radio-luttonsis usedto selectoneof the eight control
points for modeling refraction.

OpoinXGto Opoinz O Thesethreeparametersllow manipulationof the selecteccontrol
pointin millimeters, by typing in a valueor by usingthe arrons. They arealsousedto
view the coordinates of a control point.

Orestore towed defultsO: Reads in thesed defult control points (see bew.

Osee pointsasdefaultsOT his push-lutton savesthe currentcontrol pointsasdefault con-
trol points according to Se¢.2.

Oderi thresholdCOthis is the derivy,, o, Of Sec.7.4.3.1t shouldbe setlarge enoughso
thatnoiseoutsideof the pot (wherethelight planeis visible) doesnot producehits of the
edgedetectionalgorithm (shovn by diamondsinside the control image).On the other
hand the alue should be small enough so that the pot edges are detected.

Orebneefraction control ptsO Startsthe automaticdetectionof the refraction planes
accordingto Sec.7.4. Well-chosencontrol points default are necessaryin order to
accomplishfully-automaticdetection referto Sec.7.2 for moreinformationaboutset-
ting default control points.RePnementanbe repeatedvhile watchingthe control point
projections and their consistgnerror, until the desired accunads reached.

B.7.6.4 Rrameters for Reconstruction

This section controls the reconstruction according to &ec.

¥

Oiterations@his parameterdebneghe resolutionof the reconstructionit dePneshe

numberof rePnementterationsto perform accor_din%to Sec.8.2. The resulting voxel
. . iterationsb1l, - iterationsBbil, - iterationsb1l

representation is a cube )" (2 )" (2 ) voxels.

OrefractionindexO:The refractionindex of the culture pot, accordingto Sec.8.3. It is
actually determined by trial and error according to 8et.

OwxelcubesizeOThe side-lengthof the top-level octreecubein millimeters. Thisis the
region that is being reconstructed.

Owxelcubeorigin XO:The x-componentof the position of the top-level octreecube.
Make surethattheresultingtop-level octreeis completelycontainednsidetherefraction
planes. This is done byerifying the control images of digrent vievs.
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¥ Owxelcube origin YO: The y-component of the position of the tap-detree cube.
Owxelcube origin ZO: The z-component of the position of the wepdetree cube.

¥ Ooutpugray octreecubesQOif selectedterminal gray octreecubesare output as fore-
ground according to Se8.5. Otherwise those gray cubes get output as background.

¥ Ooutpuin culture pot coordinatesCBwitchesthe surface representatiormutput format
betweencoordinateselative to the culture pot and world coordinategrelative to the
rotatingchessboard)Culturepot coordinatesreusefulif differentreconstructionsf the
same object hee to be compared, see S8®.1 for more information.

.|.K

B.7.6.5 Control Brameter Whdow Menu
Menu OFileQ:
¥ Osee voxelsO:Opensa ble requesterfor saiing the reconstructionas voxel block
(Sec.8.5), in raster orderefer to AppB.13.7 for the ble format.

¥ Osee isosurf (Inventor)OSaves the isosurice representatiorof the reconstructionin
Openliventor®.iv bleformat. It is recommendedb usea blenamehatendswith OvO.
TheseFiles canbe viewed using Openliventor®SceneViewer . The Plescanalsobe
joined and optimized (corvertedto binary format) usingivcat (seethe man ble for
details). The objectis outputeitherin world coordinatesor in culture pot coordinates,
dependingn the accordingswitch (Ooutpuin culturepot coordinates(® App. B.7.6.4).
Culturepot coordinatesreusefulif differentreconstruction®f the sameobjecthave to
be comparedseeSec.8.6.1for moreinformation.In both casesthe unit of the coordi-
natesis millimeters.With both coordinatesit is possibleto reconstructegionsthatdo
not bt into the voxel-cubeby reconstructinghemin partsusingseveral adjacentvoxel-
cubesandjoining their surfacerepresentationgsingivcat . The3D view doesnotneed
to be actre because the isosack is recomputed beforevsay.

¥ OquitO: Quits
B.7.7 3D Vew Window

This window visualizesthe resultingreconstructionFor this, the isosurfaceat thelevel in the
mid betweenforegroundand backgroundis computed(accordingto Sec.8.6) and rendered
using OpenGL or Openinventor, depending on compile options. See Fig. B.6 for an example.
B.7.7.1 Shortcuts
¥ OkO: Zooms out the three-dimensional vie
¥ OIO: Zooms in the three-dimensional.vie

B.7.7.2 Mouse Interactions
¥ Rotate the scene using the left mougtdn according to the trackball model.
¥ Many other functions if 3D vie is using the OpenW@ntor library

B.7.8 Guidelines

B.7.8.1 Tpical Process
1. adapt control point datilts according to ApB.7.8.2 (necessary for eachansetup)
2. detect refraction planes according to ABpZ.8.3 (necessary for each culture pot acqui-
sition)
3. adapt sgmentation according to App.7.8.4 (usually necessary for eachvreetup)
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Figure B.6: 3D View ofrvhrec (Openinventor version)

4. determine refraction inadeaccording to Se@.7 (usually necessary only once for all set-
ups)
5. reconstruct (see ApB.7.8.5)

B.7.8.2 Control Point Datilts

Control point defaultsareusedto setthe control pointssothatthey canbe laterautomatically
refined(matchedo theedgesof theculturepot). Referto Sec.7.2for informationaboutchoos-
ing the control point defaults.Defaultcontrol pointsaredefinedby movingthe currentcontrol

pointsto the desiredpositions(usuallyby draganddrop) andsavingthemusingthe according
button.

B.7.8.3 Rebning Control Points (Detecting Refraction Planes)

Thecontrolpointsof therefractionplanesareusuallyautomaticallyrefinedfrom their defaults
usingthe refinementbutton. However,it is also possibleto adaptthe control pointsby hand
(using drag and drop).

Verification is usuallydonevisually by checkinginsidedifferentviewsif the controlpoints
(andtheintersectiorlines)lie ontheedgeof the potandalsonumericallyby checkingthecon-
sistencyerror,referto Sec.7.6 for moreinformation.Only edgeghatarevisible ascontourare
verified, sincethe otherarenot well visible andthoseat the backside of the pot distorteddue
to refraction, so they are ignored.

It is recommendetb turnoff theview of thesegmentatiogshortcutDs@henverifying con-
trol points, since it affects the visibility.

B.7.8.4 Sgmentation

Sincereconstructioris doneby Ocarvingway®hevolume,it is importantthatthereis noimage
with false-negativsegmentatiofrootssegmentedsbackground)lt is muchmoretolerableif
theimageshavefalse-positivesegmentationfbackgroundsegmentedsforegroundfor exam-
ple dueto stains).In this casethe reconstructiorprocessmay not Ocarvedwaycenoughusmg
thatimage.However,sincewe havemanyviews, it is probablethatanotherimagewill Ocarve
awayO the superfluous region.
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To avoidfalse-negativeegmentationst maybenecessarjo disablesingleimagedromthe
reconstruction process.

Segmentation is usually done as follows:

1. Set iteration count to 1.

2. Becausehere-projectionof thereconstructiortaninterferewith thesegmentatiorview,
it may be necessary to choose a smatkl-cube range or to mre it out of sight.

Select 3at beld we

Set smoothing to minimum.

Adapt gray leel dilation until at least the Pne roots disappear
Select normal vie.

Adapt threshold and smoothing in order to get the bgshaetation. Usually only little
smoothing is needed. Also try to change the gresi ldilation and watch the results.

N o g s~ w

B.7.8.5 Reconstruction

Reconstructionis done automatically every time a reconstruction-relevanparameteris
changedThereforeduringadjustmentsheiterationcountfor thereconstructions minimized,
in order to compute only coarse reconstructions needing little time to compute.

Referto App. B.7.6.4for thereconstructiorparameterdJsuallythe proceduras asfollows:

1. Set iteration count to 1.
2. Set the size of theoxel-cube as desired.

3. Move the wxel-cube (origin) to the desired position. This is done byingpit to the
desired position in one image and then switching towa that is approximately orthog-
onal and mwing it so that it projects there to the desired position toger&eiterations
may be needed until th@xel-cube is located at the desired position.

4. Verify results by inspecting the projection of the reconstruction and the congistenc
error, while increasingheiterationcount.For highiterationcount,it is recommendetb
turn off the 3D viev for faster computation. The 3D was in that case only agtted
when necessary

B.7.9 Trouble Shooting

B.7.9.1 No Control Information
Problem: The control images contain no control points, intersection lines and so on.

Probablythe intrinsic calibrationis not correct.Checkit with rvhcali  or by inspectingthe
file with a text editor.

B.7.9.2 Missing Reconstructiorai®s
This has usually two main causes:

¥ wrong refraction inde-> solution: Adapt refraction inde
¥ wrong refraction planes -> solution: Adapt refraction plane control points.

¥ there is a valid (used) image whose segmentation has false-ngative parts (see
App. B.7.8.4)-> solution: Improve the sggmentationor disablethe imageby disabling
the correspondingx&insic calibration usingvhcale
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B.7.9.3 Horizontal ODiscfEétO

For examplehorizontalbrancheof the rootsgetreconstructedslittle discsinsteadof linear
structures. For explanation and solution refer to $&c3.3 and AppB.7.9.4.

B.7.9.4 Do Lage Reconstruction and Ghosts

Becausehe reconstructiorOcarveaway®nly thosepartsthat are outsidethe silhouettesthe
resultingreconstructions usuallytoo largeandmay containadditionalobjects(ghosts) since
wedonothaveviewsfrom all possibledirections However,usuallyahighenoughaspectteep-
ness(Sec.3.3.3.3,seealso App. B.7.9.3)togetherwith a high enoughcountof aspectangles
(seeSec.3.6.1)produceacceptableeconstructiondsolatedghostscouldberemovedusingthe
Connected Componentethod.

B.7.9.5 Rrt of Control Rrameters not igible

This happens if the window is too small to contain all parameters. Enlarge the window.

B.7.9.6 Program does not react

This usually happens because the 3D view is rotating (animating).

B.8 parf3op

This programcontrolsthe steppemotoroverthe parallelPC-port.This job is usuallydoneby
rvhcap |, butfor testing(for exampléefor verificationif nostepsareOlost@eeSec.3.3.2)it may
be necessary to control the motor manually using this program.

B.8.1 Synopsis

parflop <step number> <direction>

B.8.2 Options

The options are listed in the order of the synopsis.

B.8.2.1 step number

The number of motor steps to perform.

B.8.2.2 direction

Setto nonzerdor anti-clockwiserotationwhenseenfrom top. Actually rvhcap turnsalways
ant-clockwise.

B.8.3 Example

Depending on the permissions, you may need to get codgtrivileges first.
parflop 10 1

B.9 calpatten

This programis usedto generatehe calibrationpatternslt writes the resultingimageasraw
bytesto afile. It alsoprints out the dimensionf theimage.Both is usedto convertthe raw
image to a postscript file usirmpnvert
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B.9.1 Synopsis

calpattern <x-count> <y-count> <x-size in pixel> <y-size in pixel> <filename>

B.9.2 Options

The options are listed in the order of the synopsis.

B.9.2.1 x-count
The number of pattern squares in x-direction.

B.9.2.2 y-count
The number of pattern squares in y-direction.

B.9.2.3 x-size in piel

The size of a square in x-direction, in pixels.
B.9.2.4 y-size in pel
The size of a square in y-direction, in pixels.

B.9.2.5 Pblename
The name of the file that the image should be written to.

B.9.3 Example

calpattern 10 10 40 40 pattern.bin
> image dimensions: x=400, y=400
convert -depth 8 -size 400x400 gray:pattern.bin pattern.ps

B.10 Used Libraries / Code

¥

.|.K

OpenCV0.9.5: For calibration, corner detection,2D view, Eigervector/ Eigervalue
computation, computation of rotation matrices from rotatiectars, etc.

OpenGL: or 3D view
Openlwventor: For 3D view

Xt, Motif: For parametewindow. Motif is also usedby OpenCV&X-Windows GUI
library.

Marching Cubes code: http://astronaswin.edu.au/~pboudtimodelling/polygonise/
parapin: Used bparflop  to access the PC-parallel port.

B.11 Used Pograms

¥

K K K K K K

photopc: Used to control the camera.Special version supporting USB and Nikon
Coolpix 990 from: http://wwwnath.ualberta.ca/imaging

corvert: Belongs to ImageMagick package, used tovednmages.

gzip, bzip: Br compression of the images

mmv: For renaming seeral bPles at once.

ivcat: Openlmentor joins models,xxample: vcat -b -0 rec_aly rec_av rec_hbiv
Scenegiewer: Belongs to Openyentor used for vieving reconstructions.
beep: Used to beep when acquisition is Pnished.
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B.12 Related Pograms

¥ MATLAB CalibrationToolboxby Jean-YesBouguet:.usedfor checking furtheranaly-
sis and manipulations. From: http://wwagion.caltech.edu/bouguetj/calib_doc/

B.13 File Formats

B.13.1 Captue File

Thisis anexampleof the capturefile containingthe rotationanglesto be capturedat. Seealso
Sec.3.6.

# capture file for rvhcal

#

# captures must be sorted in ascending angles while not crossing the 360 border
# capture 36 views, 4 orthogonal and left and right from it at:

# 2 steps, 4 steps, 6 steps and 8 steps

#

# 2003-08-20

# stability control image (identical to first image)
200

B.13.2 Acquisition File

Theacquisitionprocesqrvhcap , App. B.3) generatesuchafile for eachacquiredmage.It
containgheintegerrotationangle(in ASCII) thattheimagewascapturedat. Referto Sec.3.6.

B.13.2.1 Example
12

B.13.3 Intrinsic Calibration
The file containing the intrinsic calibration generated\ycali  (App.B.5).
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B.13.3.1 Oganization
¥ focal length in x-direction according to Equati&r8 on page/9

focal length in y-direction according to Equatiar8 on pager9

principal point: x-component according to EquatfaB on pager9

principal point: y-component according to EquatfaB on pager9

pve distortion codfcients according to Equatién9 and Equatio.10 on pag&0
¥ the average re-projection errower all images according to Sec4.2, in piels

B.13.3.2 Example

1976.631553122704
1983.080017735895

¥
¥
¥
¥

361.372518613072
281.852792423268

0.736537560635
0.560693778839
0.015015669539
0.021334141769
0.000000000000

0.221768191248

B.13.4 Intrinsic Calibration Data

Thisfile is generatedy rvhcali  (App. B.5) for eachusedimageof the chessboardt con-
tains the translationand rotation of the chessboargatternrelative to the cameraand the
detecteadchessboardornersTherotationandtranslatiorcanbeseerastheextrinsiccalibration
of the image used for intrinsic calibration and applied accordingly (Equatton pager9).
B.13.4.1 Oganization

¥ translation in x-direction, in millimeters
translation in y-direction, in millimeters
translation in z-direction, in millimeters
X-component of rotationector
y-component of rotationector
z-component of rotationector
re-projection error of the gén image, in pi&ls, according to Sed.4.1
zero if image disabled, otherwise image is enabled

the averagere-projectionerror over all usedimages,accordingto Sec.4.4.2.This value
is identical to the one written to intrinsic calibration ble (ApA.3.3).

¥ for each detected chessboard corner: the x-component and the y-component
B.13.4.2 Example

36.812046231122
-36.222547657840
340.455508226752

K K K KK K K K

0.051399988441
-2.161017262869
-0.260922192253

0.132860507713
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1
0.221768191248

579.976135253906
67.621742248535

554.220214843750
66.183189392090

529.405761718750
64.756027221680

B.13.5 Extrinsic Calibration

This file containsthe extrinsic calibration of the given image computedby rvhcale
(App. B.6). Notethatthefile formatis compatibleto thefile formatfor intrinsic calibrationdata
(App.B.13.4).
B.13.5.1 QOganization
¥ translation in x-direction, in millimeters
translation in y-direction, in millimeters
translation in z-direction, in millimeters
X-component of rotationector
y-component of rotationactor
z-component of rotationector
re-projection error of the gén image, in pigls, according to Sed.4.1
¥ zero if image disabled, otherwise image is enabled
B.13.5.2 Example
-68.802421532494

-22.916729509857
468.105982378761

K K K K K K

1.216281804908
1.648704694597
0.848183237158

0.118601813982

1

B.13.6 Contol Point Defaults

Thisfile is actuallynamedrvh_default_pts andcontainghedefaultcontrolpointsof the
refraction planes. It is read and writtenriofirec  (App.B.7). See also ApB.7.8.2.

B.13.6.1 Oganization
¥ for each of the eight control points: the x, y and z-component

B.13.6.2 Example
41.270378878482
50.324974313074
27.851473456742

41.218399720973
50.694817709745



108 B. IMPLEMENTATION AND MANUAL

100.540745042285

45.002082614135
-14.881120961102
29.480688569116

B.13.7 \bxel Block

The file containingthe voxel representatiorof the reconstructiongeneratedby rvhrec
(App. B.7) accordingo Sec.8.5.Eachvoxelis representetly a byte,zerofor backgroundcand
255for foregroundobject). Thevoxelsarewrittenin rasterorder.This meanghatwhengoing
linearly throughthedata thex-componentss thefastesthangingcomponentvhile thez-com-
ponents is the slowest changing component.

This dataformatwastedot of memorybutit is agenerarepresentatiomompatibleto many
applicationsThereforat is stronglyrecommendetb compresshesefiles usingloss-lessom-
pression techniques like bzip or gzip if not used.
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