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Abstract

Wepresentanapproachfor nonlinearoptimizationof the
parametersof anendoscopiccameramountedon a surgery
robot. The goal is to generatea depthmap for eachim-
agein orderto enhancethequality of medicallight �elds.
The poseinformationprovided by the robot is usedasan
initialization,whereespeciallytheorientationis inaccurate.
Re�nementof intrinsic andextrinsic cameraparametersis
performedby minimizing theback-projectionerrorof 3-D
points that are reconstructedby triangulationfrom image
featurestrackedoveranimagesequence.

Optimizationof thecameraparametersresultsin anen-
hancementof renderingquality in two ways:Moreaccurate
parametersleadto betterinterpolationaswell asto better
depthmapsfor approximatingthescenegeometry.

1 Intr oduction

In order to introducecomputersupportinto minimal-
invasive surgery, methodsfrom image-basedrendering–
so-calledlight �elds [2, 5] – were usedrecentlyfor gen-
eratingrealisticmodelsof humanorgansandfor substitut-
ing highlights[10]. Thesemedicallight �elds weregener-
atedusingastructurefrom motionapproach[4] to compute
cameramotionand3-D scenegeometrysimultaneously. In
that approachit is necessaryto track featurepoints over
many imagesof theimagesequenceassumingarigid scene.
However, whenreconstructinga light �eld from an endo-
scopicimagesequence,this rigidity constraintusuallydoes
not hold. Thereasonsaree.g. respirationandheartbeatof
thepatient. This resultsin eitherbadlycalibratedcameras
andwrongdepthinformationor in no reconstructionat all,
i. e.no light �eld.

WhenusinganendoscopicsurgeryrobotliketheAESOP
3000from ComputerMotion Inc., it is possibleto getinfor-
mationonthecamerapositionsdirectlyfromtherobotwith-
out computingthemby structurefrom motion algorithms.
But sincethe endoscopehasto be mountedmanuallyand
thecamera'sorientationcannotbe�x edexactly, thecamera
poseprovidedby the robot is not accurate.Additional in-
accuraciesareintroducedby therobotmotionsthemselves,
which leadto inconsistentcameraposesthat result– com-
paredto structurefrom motion approaches– in very high
back-projectionerrorsof triangulated3-D points.

� This work waspartially fundedby theGermanResearchFoundation
(DFG) undergrantSFB603/TPB6. Only theauthorsareresponsiblefor
thecontent.

Depthmapsfor eachimagecanbe usedfor improving
light �eld renderingquality considerably. In our approach
thosedepthmapsarecomputedusinga stereoapproachfor
densedisparitymapsasdescribedin [7]. Theproblemthat
ariseshereis the robot's accuracy, especiallyconsidering
theorientationof thecamerawhich is importantfor recti�-
cationanddisparitycomputationusing[7]. Thatis why we
applya nonlinearre�nementstepusingthecameraparam-
etersobtainedfrom therobotasaninitialization in orderto
improvethedepthmapsandthuslight �eld quality.

In the following we aregoing to describethe methods
usedfor optimizationand show the resultingdepthmaps
beforeandafteroptimization.

2 Computation of 3-D Points

For nonlinearre�nement asdescribedin the next Sec-
tion, 3-D pointsandtheir correspondingimagepointsare
required. Sincethe robot providesonly its movementbut
no 3-D information about the scene,we have to apply a
tracking algorithm at the beginning that resultsin corre-
spondencesbetweenimagepointsovermany frames.From
thosecorrespondences3-D pointscanbetriangulated.Note
that we do not usethosecorrespondencesfor applying a
structurefrom motion algorithm,sincethat informationis
readilyavailablefrom therobot itself. Hereis anoverview
of the3-D pointcomputation:

� Undo radial lens distortions,which areactually very
dominantin endoscopicimages.The intrinsic camera
parametersneededfor that stepwere calibratedin a
previousstepusinga calibrationpattern,sincethey do
not changeduringcameramovement.

� Detectandtrackfeaturepointsq ij over theimagese-
quencewherethe cameraparametersare to be opti-
mized.For this purposewe applythetrackingmethod
describedin [9] with theextensionmadein [8] for esti-
matingaf�ne transformationsbetweenthefeaturewin-
dows. In contrastto thecomputationof cameraparam-
etersusingthestructurefrom motionapproachonly, a
smallnumberof featureswhich couldbetrackedover
theframesaresuf�cient.

� Triangulate3-D pointsw j from thecorrespondingim-
agepointsq ij usinga leastsquaresmethod.

3 Nonlinear Re�nement

The cameraparametersobtainedfrom the robot canbe
describedby a linearmappingusinga 3 � 4 projectionma-



trix. We assumea perspective cameramodel. A homoge-
neous3-D point w j is projectedontoa homogeneous2-D
point q ij in framei usingthefollowing equation:

q ij = P i w j = K i R
T
i (I 3j � t i )w j ; (1)

whereK i is a 3 � 3 matrix containingthe intrinsic pa-
rametersf x, f y, u0, andv0, R i is a rotationmatrix whose
columnscorrespondto the axesof the cameracoordinate
system,t i is a translationvectorgiving thepositionof the
camera's optical center, and I 3 is the 3 � 3 identity ma-
trix. Theintrinsic parametermatrix K i aswell aslensdis-
tortions(which arenot modeledby (1)) areobtainedby a
calibrationstepbeforeusingtherobot. Thuseachimageis
alreadyundistortedwhenthefollowing stepsareapplied.

An optimal way (in the senseof Maximum-Likelihood
estimation)to dononlinearre�nementis optimizationof the
back-projectionerrorof 3-D pointsin all images,which is
givenby:
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wherem is thenumberof framesandn thenumberof 3-D
points. The detectedimagefeaturepointsaredenotedby
(x ij ; yij ), pT

ik (k = 1; 2; 3) aretherow vectorsof thepro-
jectionmatrix P i . Minimization of this functionusuallyis
referredto asbundle-adjustment[3].

Minimization of (2) is equivalent to minimizing the
following expression,which is called interleavedbundle-
adjustment,which resultsin a time complexity of O(nm3)
insteadof O(nm3 + n2m2 + n3m) for minimizationof (2):
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(3)
This is calledinterleavedbecausein eachoptimizationstep
of thecameraparametersanoptimizationof all 3-D points
is performed,whichcanbedoneseparatelyfor eachpoint.

For the purposeof nonlinearoptimization the Gauss-
Newton algorithm with Levenberg-Marquardt extension
(see[3] for details)is utilized which computesa new es-
timateof a parametervectora (containingthecamerapa-
rameters)using a local parametrization� a by â k+1 =
â k + � a where

� a = �
�

� I + J T J
� � 1

J T � (â k ) : (4)

This methodminimizesthe meansquareerror � T � , where
� is a residualfunctionthatcomputesin our casethe(non-
squared)back-projectionerrorbetweeneachimagefeature
point (x ij ; yij ) andtheprojectionof its corresponding3-D
point w j :
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J is theJacobianof � evaluatedat â k : J = @�
@a (â k ). Since

thematrix inversionin equation(4) maybenumericallyin-
stabledue to a nearly singularmatrix J T J , the factor �
is introducedin the Levenberg-Marquardt algorithm and

adaptedduring eachiteration. One Levenberg-Marquardt
iterationcomprisesthefollowing actions:Computationof a
parameterupdateusingequation(4) aswell astheresulting
back-projectionerror, acceptanceof thenew parametersif
theerroris smallerthantheerrorafterthelastiterationand
divisionof � by a factorof 10, or rejectionof thecomputed
parametersandmultiplicationof � by a factorof 10. Since
theerrormay increaseduringoneiterationdueto instabil-
ities in matrix inversion,theprecedingstepsaredoneuntil
thenew parametersyield a smallererror thanat theendof
thelastiteration.

For m framestheparametervectora contains3m com-
ponentsof the translationst i , 3m componentsparametriz-
ing the rotationmatricesR i , and4m componentsfor the
intrinsic parameters.The3n coordinatesof the3-D points
areoptimizedseparatelyin eachoptimizationstepwhenus-
ing interleavedbundle-adjustment.

A numericallystableparametrizationis usedfor thero-
tations,eachof which has9 elementsbut only 3 degreesof
freedom(DOF), i. e. eithertheaxis/anglerepresentationor
quaternions[6]. Whenusingquaternionsfor nonlinearop-
timization it is necessaryto considerthata quaternionrep-
resentinga rotationhas4 elementsbut only 3 DOF, sinceit
mustbe normalizedto 1. The Levenberg-Marquardt algo-
rithm cannotdealwith constraintson theparametersandit
mustbeguaranteedthatthenormof a quaternionis always
1 duringoptimization.In orderto accomplishthis goalwe
usedthequaternionapproachpresentedin [6] whichgivesa
quaternionparametrizationattheoperatingpointusingonly
3 parameters.

Sincewe useinterleavedbundle-adjustment,time com-
plexity canbereducedfurtherbecausetheJacobianJ is a
block-diagonalmatrix,resultingin acomplexity of O(nm).

4 Experiments

For our experimentswe usedimagesequencesof a sim-
pli�ed dummy taken by an endoscopemountedon the
AESOP robot. Figure 1 shows the processingstepsof
oneimageof a sequenceaswell asa 3-D plot of triangu-
latedpointsandcameraposes:In Fig. 1(a) onecanseea
part of an endoscopicimageobtaineddirectly by the en-
doscope. Strongradial distortionsare still visible in that
image. The imageafter correctionof thosedistortionsis
shown in Fig. 1(b). This is theimageusedfor detectionand
tracking of featurepoints, which are plotted in Fig. 1(c).
Thesefeaturesare tracked over a numberof framesand
are usedafterwardsfor triangulating3-D coordinates.In
the following we will give resultsfor two sequences,de-
notedby DummyandCalib. Dummyis a sequencewith-
out any groundtruth information,while Calib containsim-
ageswherea calibrationpatternwas put into the dummy
(cf. Fig. 2). The imagepointsusedfor optimizationof the
Calib scenewereextractedby �nding thecirclesof thecal-
ibration patternandare thereforeextremelyaccurate.Ta-
ble1 showstheresultsbeforeandafternonlinearoptimiza-
tion for thesesequences.Bundle-adjustmentminimizesthe
back-projectionerror, i. e. the root meansquareerror per
imagepoint in pixels, which is given in Table 1 andwas
computedby:
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wherem is the numberof frames,n the numberof 3-D
points,(x ij ; yij ) a detectedfeaturepoint,and(~x ij ; ~yij ) the



(a)Part of the original im-
agewith lensdistortions

(b) Part of the original im-
agewithout lensdistor-
tions

(c) Detectedfeaturepoints

Figure1: Part of theoriginal imageof a simpli�ed dummy
taken by an endoscopemountedon AESOP(1(a)), image
whereradiallensdistortionshavebeencorrected(1(b)),and
featuresusedfor trackingandtriangulation(1(c)).

(a)Calibration pattern in-
sideof dummy

(b) Detectedcirclesof pat-
tern

Figure2: Calibrationpatterninsideof dummyandextracted
circles.

back-projectionof a reconstructed3-D pointw j into frame
i . Sincethegoalof theoptimizationis computingenhanced
light �elds, we alsoevaluatedtheresultsby computingdis-
parity mapsof recti�ed imagepairsbeforeandafter non-
linear optimization. The mapsbeforeoptimizationshown
in Fig. 3 on the left-handsidewerecreatedusingthecam-
eraprojectionmatricesobtainedfrom the robot, the maps
on theright werecomputedusingtheoptimizedcamerapa-
rameters.Themainproblemwhencomputinga depthmap
from non-optimizedcameramatricesis thattherecti�cation
resultis wrong,which meansthat the left-right correspon-
dencescannotbe establishedcorrectly. Recti�ed images
beforeandafteroptimizationareshown in Fig. 4. Thenon-
linearoptimizationstephowever resultsin consistentcam-
eramovementsandorientations.3-D plotsof scenepoints
andcameraposesbeforeandafter nonlinearoptimization
using 100 iterationsare shown in Fig. 5 for the Dummy
sequence.As canbe seenin Table1, the back-projection
error beforeoptimizationis very high, which is a hint that
thecameraparametersobtainedfrom therobotarenotvery
consistentandthusnot accurate,sincethe3-D pointswere
triangulatedusing the robot data. If that datawere con-
sistent,thetriangulationwould resultin muchbetter�tting

Parameter Dummy Calib
No. of iterations 100 5 100 5
No. of 3-D points 105 105 49 49
No. of frames 39 39 55 55
Errorbeforeopt. 21.4 21.4 17.9 17.9
Errorafteropt. 1.63 9.01 1.64 17.1

Table1: Dataof imagesequencesusedfor theexperiments.
Shown aretheback-projectionerrorsfor thetwo sequences
after5 andafter100iterations.

(a)Dummybeforeopt. (b) Dummyafteropt.

(c) Calib beforeopt. (d) Calib afteropt.

Figure3: Depthmapsof imagesbeforeandafternonlinear
optimizationfor thetwo sequences.

3-D points. During optimizationthe back-projectionerror
decreasesconsiderably, however.

Figure6 shows light �elds generatedusingthe Dummy
sequencewith depth information before (6(a)) and after
(6(b))nonlinearoptimization.

5 Conclusion

In this paperwe presentedan approachfor nonlinear
optimization of the parametersof an endoscopiccamera
mountedon a surgery robot. The goal was to generatea
depthmapfor eachimagein order to enhancethe quality
of medicallight �elds. We showedhow to usethe robot's
poseinformationasaninitialization for interleavedbundle-
adjustmentby detectionandtrackingof point featuresgiv-
ing 2-D correspondencesthatwereusedfor triangulationof
3-Dscenepoints.After minimizationof theback-projection
errorweobtainedcameraparametersthataremoreaccurate
andconsistent.This is especiallyimportantfor computa-
tion of depthmapsusinga real-timestereoapproachthat
exploits informationaboutthecamerasfor rectifying image
pairs. Inaccuratecameraparameterswould result in bad
depthmapsandthuslow-quality light �elds.

Although the back-projectionerror is decreasedby our
technique,theresultingdepthmapsdonotalwayslook bet-
ter thanbeforetheoptimization.Sometimesthey look quite
thesameasthe original ones,extremelyseldomthey look



(a) Left image of Dummy
beforeopt.

(b) Right imageof Dummy
beforeopt.

(c) Left image of Dummy
afteropt.

(d) Right imageof Dummy
afteropt.

Figure 4: Left and right recti�ed imagepairs beforeand
afternonlinearoptimizationfor theDummysequence.

(a)Dummybeforeopt. (b) Dummyafteropt.

Figure 5: 3-D points and cameraposes(shown as pyra-
mids)) beforeandafter nonlinearoptimization(100 itera-
tions)for theDummysequence.

worse.
Certainlythereexistmany waysto improveourapproach

further, e.g. by detectionand removal of outliers during
trackingimagefeaturepointsusingRANSAC [1]. Thefun-
damentalmatricesthatcouldbeusedfor RANSAC maybe
computedfrom therobotprojectionmatricesP i beforeop-
timization.Anotherideawouldbeto optimizeonly asubset
of thecameraparameters,e.g. only the6 poseparameters
or therotation,sincerotationis especiallyimportantfor the
recti�cation step.
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