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Dir ect3D servoing using densedepth maps

Céline Teuli�ere,Eric Marchand

Abstract— This paper proposesa novel 3D servoing approach
using densedepth maps to achieve robotic tasks. With respect
to position-based approaches, our method does not require
the estimation of the 3D pose(dir ect), nor the extraction and
matching of 3D features(dense)and only requiresdensedepth
mapsprovided by 3D sensors.Our approachhasbeenvalidated
in servoing experiments using the depth information fr om a
low costRGB-D sensor. Positioning tasksare properly achieved
despite the noisy measurements,even when partial occlusions
or scenemodi�cations occur.

I . INTRODUCTION

Most of the roboticpositioningtasksareachievedby esti-
mating�rst therelative posebetweentherobotandthescene
or the objectof interest,and then using a position-based
control scheme[21]. However, the poseestimationproblem
itself is complex in its generalformulation.Also known as
the 3D localization problem, this problemhasbeenwidely
investigatedby the computervision community[6] [13] but
remainsnon-trivial for unknown environments.Using range
data,a range�o w formulationhasbeenproposed[10][8] to
estimatethe 3D poseof a mobile robot. Alternatively, the
alignementof successive 3D point cloudsusing ICP [1] [3]
hasbecomea very popularmethod.Many variantshave been
proposedin the litterature[18] and the developmentof the
so-calledRGB-D camerasattractedlot of attentionon these
methods[20] [16] [9] [17] in the recentyears.

In this paper, we proposeto performrobotic taskswithout
reconstructingthe full 3D posebetweenthe robot and its
environment, but using a sensor-based servoing scheme,
the considereddata being directly the depth map obtained
from a rangesensor. Our approachis thus relatedto other
sensor-basedmethods,suchas image-basedvisual servoing
(IBVS) [2], where a robotic task is expresseddirectly as
the regulation of a visual error. In IBVS, the visual error
is usually de�ned as the differencebetweena current and
a desiredset of geometric features(points, straigth lines,
etc.) selectedfrom the image,to control the desireddegrees
of freedom.Therefore,IBVS schemesusually require the
extractionof visual featuresfrom imagemeasurements,and
their matchingin successive frames.However, thosesteps,
basedon imageprocessingtechniques,areoften considered
as the bottleneckof visual servoing methods.

Recently, somework proposedto use all the image di-
rectly, without any extraction or matching step, by min-
imizing the difference betweenthe current image and a
referenceimage.This approachis referencedasphotometric

C. Teuli�ere is with INRIA, Lagadic Project,Rennes,France
E. Marchandis with Universit́e de Rennes1, IRISA, INRIA, Lagadic

Project,Rennes,Francefirstname.name@irisa.fr

visual servoing[4]. However, sinceit is basedon the lumi-
nanceconsistancy assumption,it is sensitive to illumination
changes.In our work we proposeto use the depth map
obtainedfrom a rangesensorasa visual feature,without any
featureextraction or matchingstep,and to control a robot
with this featuredirectly. Our approachis thus both direct
(without any 3D poseestimation)anddense(without feature
extraction). To our knowledge this is the �rst time dense
depthinformation is usedin a direct servoing approach.

The remainderof this paperis organizedas follows: our
densedepthmapservoing framework is describedin section
II. In section III we proposesimple solutions to increase
its robustnessto somepractical issuessuch as incomplete
measurementsor occlusions.Positioningexperimentshave
been conductedto validate the approach.The results are
given anddiscussedin sectionIV.

II . DIRECT DENSE DEPTH MAP SERVOING

This sectionpresentsthe heartof our approach,i.e. how
to controla robotusingdensedepthmaps.We �rst introduce
what we call a depth map and what it meansto use it
as a featureto regulate (sectionII-A). Then we derive the
fondamentalequationsnecessaryto computeour control law
(sectionII-B andII-C). In sectionII-D weunderlinethemain
differencesbetweenour approachandsparse3D approaches.

A. Depthmapsensing

There are multiple technologiesof sensorscapableof
providing depthinformation,(or range).Most rangesensors
without contactare active, and basedon the time of �ight
(ToF) principle: the ideais to sendwaves ofknown velocity
andmeasurethetime it takesthemto go from thesensorand
comebackafterre�ection on thescene.This canbeachieved
by sendinglight pulses.Anotherapproachwould consistin
using a modulatedsignal and measuringthe phaseshift. In
eachcase,knowing the velocity of the sentsignal,the depth
information is derived (eg: Laserscans,sonars,radars,ToF
or RGB-D cameras).

Another existing technologyfor active rangesensingis
basedon structuredlight: known patterns(stripes,dots, ...)
are projectedonto the sceneand the depth information is
deducedfrom their deformation.This technologyis usedfor
instancein the recentMicrosoft Kinect or Asus Xtion pro
devices,basedon PrimeSensetechnology[7].

Depth can also be measuredwith passive sensorssuch
as cameras:by matching image featuresin two different
views of a calibratedstereorig, depthcanbecomputedfrom
geometry. The depthinformation is sparsewhena �nite set
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Fig. 4. The taskerror is the differenceof depthmapsZ � Z � .

[22] or elevation rate constraint equation [10]. It is anal-
ogousto the brightnesschange constraint equationthat is
used in the computationof optical �o w [11] and used in
direct photometricvisual servoing methods[4].

From equation(5) we know that the temporalvariationof
the depthis:

@Z
@t

= _Z �
@Z
@x

_x �
@Z
@y

_y; (6)

where _Z = dZ
dt denotestheZ velocityexpressedin thesensor

frame.
Therefore,the interactionmatrix LZ relatedto onedepth

value is expressedby:

LZ = LPZ �
@Z
@x

L x �
@Z
@y

L y : (7)

The matricesL x , L y de�ned suchthat _x = L x v and _y =
L y v arethe well-known interactionmatricesof imagepoint
coordinates,given by:

L x =
�

� 1
Z 0 x

Z xy � (1 + x2) y
�

(8)

L y =
�
0 � 1

Z
y
Z � (1 + y2) � xy � x

�
; (9)

and LPZ is the interactionmatrix relatedto the coordinate
Z of a 3D point, suchthat _Z = LPZ v . It is given by:

LPZ =
�
0 0 � 1 � yZ xZ 0

�
: (10)

More detailson the derivation of thoseinteractionmatrices
canbe found in [2].

Thefull interactionmatrix LZ of sizeN � 6 corresponding
to theentiredepthmapis thusthestackof the1� 6 matrices
LZ i :

LZ =

2

6
4

LZ 1

...
LZ N

3

7
5 : (11)

D. Densevs sparse3D servoing

Depthinformationhasalreadybeenusedin position-based
visual servoing. For example,[15] proposedto use the 3D
coordinates(X ; Y; Z ) of a set of 3D points as featuresto
be regulatedin a proportionalcontrol law. In other words,
the positioning task was expressedas the regulation of the
feature P = (X 1; Y1; Z1; :::; X N ; YN ; ZN ) to a reference
featureP � = (X �

1 ; Y �
1 ; Z �

1 ; :::; X �
N ; Y �

N ; Z �
N ) corresponding

to the3D coordinatesof thesetof pointsat thedesired robot
position.The interactionmatrix relatedto a single3D point
is thengiven by [2]:

LP =

2

4
� 1 0 0 0 � Z Y
0 � 1 0 Z 0 � X
0 0 � 1 � Y X 0

3

5 : (12)

At �rst sight, the formulation of this kind of 3D feature
(X 1; Y1; Z1; :::; X N ; YN ; ZN ) can seem very close to the
vector formulation Z = (Z1; :::; ZN ) that we de�ned in
sectionII-B. However, a key differencewith respectto our
approachis that [15] usesa sparsesetof 3D features.Con-
sequently, in [15] a matchingstep is required to determine
the featurevaluesthroughthe sequence,and the range�o w
equation(5), basedon a smoothnessassumption,doesnot
hold in the sparsecase.On the contrary, one of the key
advantagesof the methodwe propose,is that it doesnot
require any feature extraction or matching step and uses
directly the densedepth information from the rangesensor
thanksto the range�o w equation.

III . PRACTICAL ISSUES AND ROBUSTNESS

IMPROVEMENTS

In theprevioussection,we presentedour depthmapbased
servoing method.Whentestingit, we foundthat this method
wasef�cient in simulationsequences,with perfectdata,but
we had to facesomepractical issuesin real conditions,in
particular, in our case,using a Kinect sensor. This section
presentsthe modi�cations we had to undertake in order to
improve the robustnessof the servoing task with respectto
noisy and incompletemeasurements(sectionIII-A) and to
sceneperturbationsandocclusions(sectionIII-B).

A. Noisyand incompletemeasurements

As illustrated in Figure 2-b the depthmap acquiredby a
Kinect sensoris noisy and incomplete. In practice,we only
consideredthe pixels for which a depthvaluewasavailable
both in the referenceZ � andthecurrentZ depthmaps.This
meansthat the numberN of depth values in Z and (11),
is inferior to the size of the depthmap (320� 240). In the
experimentspresentedin this paper, about80% of the total
numberof pixels could typically be used.



In addition, we reducedthe noise by applying a simple
3 � 3 Gaussian�lter on the depth maps, the convolution
beingcomputedonly with the valid neighbors.

Similarly, the spatial gradient was computed using a
simple 3 � 3 derivative kernel taking into accountthe valid
neighborsonly.

B. Occlusionsand scenemodi�cations

Another issue to take into accountis the possibility of
partialocclusionsor scenemodi�cations during theservoing
process.To reducethe effect of such events on the task
achievement,we use robust M-estimation[12][5]. We thus
introducea modi�cation of our task objective (1) allowing
uncertainmeasuresto be less likely consideredor in some
casescompletelyrejected.The new taskerror is given by:

e = D(Z � Z � ) (13)

where D is diagonal weighting matrix given by: D =
diag (w1; :::; wN )) , the weightswi dependingon their dis-
tance to the median of the error vector e accordingto a
robust function [12]. Differentfunctionsarepossiblefor the
robust estimation.In practice,we usedTukey's estimatorto
completelyreject the leastlikely values.

Using (13), the new control law becomes[5]:

v = � � (DLZ )+ D(Z � Z � ): (14)

Experimentalresultsusing this control schemeare pre-
sentedin the next section.

IV. EXPERIMENTAL RESULTS

In this sectionwe presentthe resultsof our approachfor
positioning tasks.A Kinect sensorhasbeenmountedon a
ADEPT Viper robot (seeFigure3). In eachexperiment,the
robot �rst acquiresthe referencedepth map at the desired
position. It is then moved to an initial position from which
the control schemeis launched,aiming at going back to
the desiredone. A �x ed gain � = 2:5 is used in these
experiments.

The �rst experimentillustratesthebehavior of our system
in a nominalcase,namelywith a staticsceneandno occlu-
sions.The depthmapsare acquiredusing the LibFreenect1

driver through the ViSP library [14], with a resolutionof
320 � 240. The sceneis composedof various objects of
differentshapesandmaterials(Figure5 1-a).

The initial and�nal statesare illustratedin Figure5. The
�rst row shows the RGB views provided by the Kinect for
the initial (1-a) and �nal (1-b) positions.Thoseimagesare
never usedin the control schemebut areuseful for a better
understandingof the setup.The depth mapsare shown in
the secondrow, and the last row gives the corresponding
error, i.e. the differencebetweenthe desiredandthe current
depthmaps,unavailabledatabeingdiscardedasexplainedin
III-A. The differenceimagesarescaledso that a plain grey
frame(3-b) correspondsto a null error, andthusto thegood
achievementof the task. In Figure 5 (3-a) we seethat the
initial error wassigni�cant.

1http://openkinect.org/

(1-a) (1-b)

(2-a) (2-b)

(3-a) (3-b)

Fig. 5. First experiment.First columncorrespondsto the initial position.
The RGB view from the Kinect (1-a) is not usedin the algorithm. (2-a)
Initial depth map, where white parts correspondto unavailable data. (3-
a) Differencebetweenthe initial and desireddepthmaps.Secondcolumn
correspondsto theendof themotion.The�nal depthmap(2-b) corresponds
to the desiredone,sincetheir difference(3-b) is a uniform grey.

The correspondingquantitative valuesfor the task error,
the 3D positioning errors and the velocities are given in
Figure6. Figures(b) and (c) show that with an initial error
of 5 to 15cm in translationand 5 to 22deg in rotation, the
positioning task is achieved with a remainingerror of less
than3mmin translationand0:4deg in rotation.Giventhelow
depthresolutionof the sensorand its noisy measurements,
this correspondsto a goodachievementof the task.

Notethat in this scenethesmoothnessassumptionwasnot
veri�ed sincelarge depthdiscontinuitiesexist at the border
of the objects,for examplebetweenthe table and the �oor .
This experiment thus shows that the method is successful
beyond its initial assumption.

In the secondexperiment,we evaluatethe robustnessof
our approachwith respectto partial occlusionsor modi�ca-
tionsof theobservedscene.The initial sceneis illustratedin
Figure8 (1-a).During thetaskachievement,someoneentered
the sensor�eld, removed anobject and put it back several
times. Some selectedframes of this sequenceare shown
in Figure 8. The initial and �nal positions are illustrated
in the �rst and last columns, while columns (b) and (c)
show examplesof occlusions.Note that at the end of the
sequencethe white bearhasbeencompletelyremoved from
the scene,and the �nal depthmap (Figure 8 (2-d)) is thus
differentfrom thedesiredone(Figure7 (b)). This difference
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Fig. 6. First experiment.(a) Taskerror, (b) translationalpartof positioning
error, (c) rotationalpart of positioningerror, (d) translationalvelocities,(e)
rotationalvelocities.

appearsin the �nal differenceimage (Figure 8 (4-d)) and
the task error function (Figure 7 (a)). However, despitethe
scenemodi�cations and occlusions,the positioning task is
successfullyachieved, as shown by the convergenceof the
positioningerrorsin Figure7 (b) and(c). The robustnessof
our control schemeto perturbationsis the result of the use
of M-estimation(seeIII-B). The effect of M-estimationis
illustratedon thethird row of Figure8, wherewe represented
the relative weights of each data in equation(13). Black
pixels correspondto rejectedvaluesand brightestones to
inliers. Figure8 (3-b), (3-c), and(3-d) show that the pertur-
bationsarecorrectlydetectedsincethe correspondingpixels
aregiven a smallerweight. the positioningaccuracy for this
experiment is similar to the �rst one. The videos of these
experimentsareprovided with this paper.

V. CONCLUSIONS

We have demonstratedthat it is possibleto use a dense
depth map directly to achieve a robotic task. The main
advantageof thisapproachis that it doesnot requireany pose
estimation,feature extraction or matching step. Moreover,
when the depthmap is obtainedfrom an active sensor, the
resulting approachis not sensitive to illumination changes
as photometric approachescan be. Some limitations can
appearwith the useof active sensorssuchas Kinect RGB-
D camera,in particular the noiseand the absenceof some
measurements.We shaw however that thoseissuescan be
overcomethanksto theuseof M-estimatorsandbasicimage
pre-processing.
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Fig. 7. Secondexperiment. (a) Task error, (b) desireddepth map, (c)
translationalpartof positioningerror, (d) rotationalpartof positioningerror,
(e) translationalvelocities,(f) rotationalvelocities.

REFERENCES

[1] P.J. Besl andH.D. McKay. A methodfor registrationof 3-D shapes.
IEEE Trans. on Pattern Analysisand Machine Intelligence(PAMI),
14(2):239–256,1992.

[2] F. Chaumetteand S. Hutchinson. Visual servo control, Part I: Basic
approaches.IEEE Roboticsand AutomationMagazine, 13(4):82–90,
December2006.

[3] Y. ChenandG. Medioni. Objectmodelingby registrationof multiple
rangeimages. In Proceedings.1991 IEEE International Conference
on Roboticsand Automation, pages2724–2729,1991.

[4] C. Collewet and E. Marchand. Photometricvisual servoing. IEEE
Transactionson Robotics, (99):1–7,2011.

[5] A.I. Comport, E. Marchand,and F. Chaumette. Statistically robust
2-D visual servoing. IEEE Transactionson Robotics, 22(2):415–420,
2006.

[6] D.F. DeMenthonandL.S. Davis. Model-basedobjectposein 25 lines
of code. Int. Journal of ComputerVision, 15(1):123–141,1995.

[7] B. Freedman,A. Shpunt,M. Machline,andY. Arieli. Depthmapping
usingprojectedpatterns,May 2010. PatentUS 20100118123.

[8] H. Gharavi and S. Gao. 3-D Motion EstimationUsing RangeData.
IEEE Transactionson Intelligent TransportationSystems, 8(1):133–
143, March 2007.

[9] P. Henry, M. Krainin, E. Herbst, X. Ren, and D. Fox. RGB-D
Mapping: Using depth camerasfor dense3D modeling of indoor
environments. In Int. Symposiumon ExperimentalRobotics(ISER),
2010.

[10] B.K.P. Horn and J.G. Harris. Rigid body motion from rangeimage
sequences.CVGIP: Image Understanding, 53(1):1–13,January1991.

[11] B.K.P. Horn and B.G. Schunck. Determiningoptical �o w. Arti�cial
Intelligence, 17(1-3):185–203,August1981.

[12] P.-J. Huber. Robust Statistics. Wiler, New York, 1981.
[13] D.G. Lowe. Three-dimensionalobject recognitionfrom single two-

dimensionalimages.Arti�cial intelligence, 31(3):355–395,1987.
[14] E. Marchand,F. Spindler, andF. Chaumette.ViSPfor visualservoing:

A genericsoftwareplatform with a wide classof robot control skills.
IEEE Roboticsand AutomationMagazine, 12(4), December2005.



(1-a) (1-b) (1-c) (1-d)

(2-a) (2-b) (2-c) (2-d)

(3-a) (3-b) (3-c) (3-d)

(4-a) (4-b) (4-c) (4-d)

Fig. 8. Selectedframesof thesecondexperiment.Columnscorrespondto frames1, 15, 69 and�nal framerespectively. Thoseframesillustrateocclusions
andobjectremoval (1-b) (1-c) (1-d). The �rst row givesthe RGB view from the Kinect, which is not usedin the algorithmbut shows the setup.The depth
mapsarerepresentedin the secondrow. The imagesof the third row representthe weightsof eachpixel in the M-estimation.Black pixels arediscarded.
Frames(3-b) (3-c) (3-d) show that occludedareasaregiven a very low weight. Fourth row: differencebetweenthe initial anddesireddepthmaps.

[15] P. Martinet, J. Gallice, and D. Khadraoui. Vision basedcontrol law
using 3D visual features. In World AutomationCongress,Robotics
and Manufacturingsystems, volume96, pages497–502,1996.

[16] S. May, D. Droeschel,D. Holz, S. Fuchs,E. Malis, A. Nuchter, and
J. Hertzberg. Three-dimensionalmappingwith time-of-�ight cameras.
Journal of Field Robotics, 26(11-12):934–965,2009.

[17] RA. Newcombe, S. Izadi, and O. Hilliges. KinectFusion:Real-time
densesurfacemappingandtracking. In Int. Symposiumon Mixedand
AugmentedReality (ISMAR), 2011.

[18] S.Rusinkiewicz andM. Levoy. Ef�cient variantsof theICP algorithm.
In Int. Conf. on 3-D Digital Imaging and Modeling, pages145–152,
2001.

[19] D. Scharsteinand R. Szeliski. A taxonomyand evaluationof dense
two-framestereocorrespondencealgorithms.InternationalJournal of
ComputerVision, (47):7–42,2002.

[20] A. Swadzba,B. Liu, and J. Penne.A comprehensive systemfor 3D
modelingfrom rangeimagesacquiredfrom a 3D ToF sensor.In Int
Conf. on ComputerVision Systems(ICVS), 2007.

[21] WJ. Wilson and CC W. Hulls. Relative End-Effector Control Using
CartesianPosition Based Visual Servoing. IEEE Transactions on
Roboticsand Automation, 12(5), 1996.

[22] M. Yamamoto,P. Boulanger, J-A. Beraldin, and M. Rioux. Direct
estimationof range�o w on deformableshapefrom a video raterange
camera. IEEE Trans. on Pattern Analysisand Machine Intelligence
(PAMI), 15(1):82–89,1993.


