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Abstract

We presentinapproactor nonlinearoptimizationof the
parametersf anendoscopicameramountedon a suilgery
robot. The goalis to generatea depthmap for eachim-
agein orderto enhancehe quality of medicallight elds.
The poseinformation provided by the robotis usedasan
initialization, whereespeciallythe orientationis inaccurate.
Re nementof intrinsic and extrinsic camergparameterss
performedby minimizing the back-projectiorerror of 3-D
points that are reconstructedy triangulationfrom image
featuredrackedoveranimagesequence.

Optimizationof the camergparametersesultsin anen-
hancementf renderingguality in two ways: More accurate
parameterdeadto betterinterpolationaswell asto better
depthmapsfor approximatinghe scenegeometry

1 Intr oduction

In orderto introduce computersupportinto minimal-
invasive sulgery, methodsfrom image-basedendering—
so-calledlight elds [2, 5] — were usedrecentlyfor gen-
eratingrealisticmodelsof humanorgansandfor substitut-
ing highlights[10]. Thesemedicallight elds weregener
atedusingastructurefrom motionapproach4] to compute
cameramotionand 3-D scenegeometrysimultaneouslyin
that approachit is necessaryo track feature points over
mary imagesof theimagesequencassumingrigid scene.
However, whenreconstructinga light eld from anendo-
scopicimagesequencehisrigidity constraintusuallydoes
nothold. Thereasonaree.g. respirationandheartbeatof
the patient. This resultsin eitherbadly calibratedcameras
andwrongdepthinformationor in no reconstructiorat all,
i.e.nolight eld.

Whenusinganendoscopisuigeryrobotlikethe AESOP
3000from ComputemMotion Inc., it is possibleto getinfor-
mationonthecamergositiondirectly from therobotwith-
out computingthemby structurefrom motion algorithms.
But sincethe endoscopéiasto be mountedmanuallyand
thecameras orientationcannotbe x edexactly, thecamera
poseprovided by the robotis not accurate.Additional in-
accuraciesreintroducedby the robotmotionsthemseles,
which leadto inconsistentamergposeshatresult— com-
paredto structurefrom motion approaches- in very high
back-projectiorerrorsof triangulated-D points.
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Depth mapsfor eachimagecanbe usedfor improving
light eld renderingquality considerably In our approach
thosedepthmapsarecomputedisinga sterecapproacHor
densedisparitymapsasdescribedn [7]. The problemthat
ariseshereis the robot's accuray, especiallyconsidering
the orientationof the camerawhich is importantfor recti -
cationanddisparitycomputatiorusing[7]. Thatis why we
apply a nonlinearre nementstepusingthe cameraparam-
etersobtainedfrom therobotasaninitialization in orderto
improvethedepthmapsandthuslight eld quality.

In the following we are going to describethe methods
usedfor optimizationand showv the resultingdepthmaps
beforeandafteroptimization.

2 Computation of 3-D Points

For nonlinearre nementas describedn the next Sec-
tion, 3-D pointsandtheir correspondingmagepoints are
required. Sincethe robot providesonly its movementbut
no 3-D information aboutthe scene,we have to apply a
tracking algorithm at the beginning that resultsin corre-
spondencebetweerimagepointsover mary frames.From
thosecorrespondencedsD pointscanbetriangulated Note
that we do not usethosecorrespondencef®r applying a
structurefrom motion algorithm, sincethatinformationis
readily availablefrom therobotitself. Hereis anoverview
of the 3-D pointcomputation:

Undo radial lens distortions,which are actually very

dominantin endoscopiémages.Theintrinsic camera
parametersieededfor that stepwere calibratedin a

previousstepusinga calibrationpattern sincethey do

notchangeduringcameramovement.

Detectandtrackfeaturepointsq; overtheimagese-
guencewherethe cameraparametersare to be opti-

mized. For this purposewne applythetrackingmethod
describedn [9] with theextensionmadein [8] for esti-
matingaf ne transformationbetweerthefeaturewin-

dows. In contrasto thecomputatiorof camergparam-
etersusingthe structurefrom motionapproactonly, a
smallnumberof featureswhich could be tracked over
theframesaresufcient.

Triangulate3-D pointsw; from thecorrespondingm-
agepointsq; usingaleastsquaresnethod.

3 Nonlinear Re nement

The cameraparameter®btainedfrom the robot canbe
describedy alinearmappingusinga3 4 projectionma-



trix. We assumea perspectie cameramodel. A homoge-
neous3-D pointw; is projectedonto a homogeneoug-D
pointq; in framei usingthefollowing equation:
gy = Piw; = KiR{ (I tiw; & (D)

whereK j is a3 3 matrix containingthe intrinsic pa-
rameterdy, fy, Ug, andvp, R; is arotationmatrix whose
columnscorrespondo the axes of the cameracoordinate
systemt; is atranslationvectorgiving the positionof the
camera$ optical center and| 3 isthe3 3 identity ma-
trix. Theintrinsic parametematrixK ; aswell aslensdis-
tortions (which are not modeledby (1)) are obtainedby a
calibrationstepbeforeusingthe robot. Thuseachimageis
alreadyundistortedvhenthefollowing stepsareapplied.

An optimal way (in the senseof Maximum-Likelihood
estimation}o dononlineare nementis optimizationof the
back-projectiorerror of 3-D pointsin all imageswhichis
givenby:
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wherem is the numberof framesandn the numberof 3-D
points. The detectedmagefeaturepoints are denotedby
(Xij 3 Yii ), P (k = 1;2;3) arethe row vectorsof the pro-
jectionmatrix P ;. Minimization of this function usuallyis
referredto asbundle-adjustmens].

Minimization of (2) is equivalent to minimizing the
following expressionwhich is called interleavedbundle-
adjustmentwhich resultsin atime complexity of O(nm?3)
insteadof O(nm?3 + n?m? + n3m) for minimizationof (2):
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Thisis calledinterleavedbecausén eachoptimizationstep
of the camergparameteran optimizationof all 3-D points
is performedwhich canbe doneseparatelfor eachpoint.
For the purposeof nonlinearoptimizationthe Gauss-
Newton algorithm with Levenbeg-Marquadt extension
(see[3] for details)is utilized which computesa new es-
timate of a parametewectora (containingthe camerapa-
rameters)using a local parametrization a by &yx+.1 =
& + a where

a= L +373 3T (&) (4)

This methodminimizesthe meansquareerror T , where

is a residualfunctionthatcomputesn our casethe (non-
squaredpack-projectiorerror betweereachimagefeature
point (x; ;y; ) andthe projectionof its correspondin@-D
pointw; :
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J istheJacobiarof evaluatedat&y:J = %(ak). Since
thematrix inversionin equation(4) maybenumericallyin-
stabledueto a nearly singularmatrix J 7 J , the factor

is introducedin the Levenbeg-Marquard algorithm and

adaptedduring eachiteration. One Levenbeg-Marquadt
iterationcompriseghefollowing actions:Computatiorof a
parameteupdateusingequation(4) aswell astheresulting
back-projectiorerror, acceptancef the new parametersf
theerroris smallerthanthe errorafterthelastiterationand
divisionof by afactorof 10, or rejectionof the computed
parameterandmultiplicationof by afactorof 10. Since
the errormay increaseduring oneiterationdueto instabil-
ities in matrix inversion,the precedingstepsaredoneuntil
the new parametergield a smallererrorthanat the end of
thelastiteration.

For m framesthe parameterectora containsdm com-
ponentsof thetranslationg ;, 3m componentparametriz-
ing the rotationmatricesR ;, and4m componentdor the
intrinsic parametersThe 3n coordinate®f the 3-D points
areoptimizedseparatelyn eachoptimizationstepwhenus-
ing interleavredbundle-adjustment.

A numericallystableparametrizations usedfor the ro-
tations,eachof which has9 elementsut only 3 degreesof
freedom(DOF), i. e. eitherthe axis/anglerepresentatioor
guaterniong6]. Whenusingquaterniongor nonlinearop-
timizationit is necessaryo considerthata quaterniorrep-
resentinga rotationhas4 elementsdut only 3 DOF, sinceit
mustbe normalizedto 1. The Levenbeg-Marquard algo-
rithm cannotdealwith constrainton the parameterandit
mustbe guaranteedhatthe normof a quaternioris always
1 during optimization. In orderto accomplistthis goalwe
usedthequaterniorapproactpresentedh [6] whichgivesa
guaterniorparametrizatiomttheoperatingpointusingonly
3 parameters.

Sincewe useinterleaved bundle-adjustmentjme com-
plexity canbe reducedurther becausehe Jacobian) is a
block-diagonamatrix, resultingin acomplexity of O(nm).

4 Experiments

For our experimentsve usedimagesequencesf a sim-
plied dummy taken by an endoscopemountedon the
AESOP robot. Figure 1 shavs the processingstepsof
oneimageof a sequencaswell asa 3-D plot of triangu-
lated points and cameraposes:In Fig. 1(a) onecanseea
part of an endoscopidmage obtaineddirectly by the en-
doscope. Strongradial distortionsare still visible in that
image. The imageafter correctionof thosedistortionsis
shavnin Fig. 1(b). Thisis theimageusedfor detectiorand
tracking of featurepoints, which are plottedin Fig. 1(c).
Thesefeaturesare tracked over a numberof framesand
are usedafterwardsfor triangulating3-D coordinates.In
the following we will give resultsfor two sequences]e-
notedby Dummyand Calib. Dummyis a sequencewvith-
out ary groundtruth information,while Calib containam-
ageswherea calibration patternwas put into the dummy
(cf. Fig. 2). Theimagepointsusedfor optimizationof the
Calib scenawereextractedby nding thecirclesof thecal-
ibration patternand are thereforeextremely accurate. Ta-
ble 1 shavs theresultsbeforeandafternonlinearoptimiza-
tion for thesesequencesBundle-adjustmenthinimizesthe
back-projectiorerror, i. e. the root meansquareerror per
imagepoint in pixels, which is givenin Table 1 andwas

computeday:
U
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wherem is the numberof frames,n the numberof 3-D
points,(x; ;yj ) adetectedeaturepoint,and(x; ;5 ) the



(b) Part of the original im-
agewithoutlensdistor
tions

(a) Part of the original im-
agewith lensdistortions

(c) Detectedeaturepoints

Figurel: Part of the originalimageof a simpli ed dummy
taken by an endoscopanountedon AESOP (1(a)), image
whereradiallensdistortionshave beencorrected1(b)),and
featuresusedfor trackingandtriangulation(1(c)).

(a)Calibration pattern in- (b) Detectectirclesof pat-
sideof dummy tern

Figure2: Calibrationpatterninsideof dummyandextracted
circles.

back-projectiorof areconstructe®-D pointw; into frame
i. Sincethegoalof theoptimizationis computingenhanced
light elds, we alsoevaluatedheresultsby computingdis-
parity mapsof recti ed imagepairs beforeand after non-
linear optimization. The mapsbeforeoptimizationshovn
in Fig. 3 on the left-handsidewerecreatedusingthe cam-
eraprojectionmatricesobtainedfrom the robot, the maps
ontheright werecomputedusingthe optimizedcamerga-
rameters.The main problemwhencomputinga depthmap
from non-optimizedcameranatriceds thattherecti cation
resultis wrong, which meanghatthe left-right correspon-
dencescannotbe establishectorrectly Recti ed images
beforeandafteroptimizationareshovnin Fig. 4. Thenon-
linear optimizationstephowever resultsin consistentam-
eramovementsandorientations.3-D plots of scenepoints
and cameraposesbeforeand after nonlinearoptimization
using 100 iterationsare shovn in Fig. 5 for the Dummy
sequenceAs canbe seenin Table 1, the back-projection
error beforeoptimizationis very high, which is a hint that
the camergparametersbtainedrom therobotarenotvery
consistenandthusnot accuratesincethe 3-D pointswere
triangulatedusing the robot data. If that datawere con-
sistent the triangulationwould resultin muchbetter tting

Parameter Dummy Calib
No. of iterations 100 5] 100 5
No.of 3-Dpoints || 105 105| 49 49

No. of frames 39 39 55 55
Errorbeforeopt. || 21.4 21.4| 17.9 17.9
Error afteropt. 163 9.01|164 17.1

Tablel: Dataof imagesequencessedfor theexperiments.
Shaown arethe back-projectiorerrorsfor 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-projectiorerror
decreasesonsiderablyhowever.

Figure6 shaws light elds generatedisingthe Dummy
sequencewith depth information before (6(a)) and after
(6(b)) nonlinearoptimization.

5 Conclusion

In this paperwe presentedan approachfor nonlinear
optimization of the parameterf an endoscopiccamera
mountedon a sumgery robot. The goal wasto generatea
depthmapfor eachimagein orderto enhancehe quality
of medicallight elds. We shaved how to usetherobot's
poseinformationasaninitialization for interlearedbundle-
adjustmenby detectionandtrackingof point featuresgiv-
ing 2-D correspondenceabkatwereusedfor triangulationof
3-D scengoints. After minimizationof theback-projection
errorwe obtainedccamergarameterthataremoreaccurate
and consistent. This is especiallyimportantfor computa-
tion of depthmapsusing a real-time stereoapproachthat
exploitsinformationaboutthe camerador rectifyingimage
pairs. Inaccuratecameraparameteravould resultin bad
depthmapsandthuslow-quality light elds.

Although the back-projectiorerroris decreasedby our
techniquetheresultingdepthmapsdo not alwayslook bet-
terthanbeforethe optimization.Sometimeshey look quite
the sameasthe original ones,extremely seldomthey look



(a) Left image of Dummy
beforeopt.

(b) Rightimageof Dummy
beforeopt.

(c) Left image of Dummy
afteropt.

(d) Rightimageof Dummy
afteropt.

Figure 4: Left andright recti ed image pairs beforeand
afternonlinearoptimizationfor the Dummysequence.

(a) Dummybeforeopt. (b) Dummyafteropt.
Figure 5: 3-D points and cameraposes(shovn as pyra-
mids)) beforeand after nonlinearoptimization (100 itera-
tions)for the Dummysequence.

worse.

Certainlythereexist mary waysto improveourapproach
further, e.g. by detectionand removal of outliers during
trackingimagefeaturepointsusingRANSAC [1]. Thefun-
damentamatriceshatcould be usedfor RANSAC maybe
computedrom therobotprojectionmatricesP ; beforeop-
timization. Anotherideawould beto optimizeonly asubset
of the cameragparameterse.g. only the 6 poseparameters
or therotation,sincerotationis especiallyimportantfor the
recti cation step.
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