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Active rough shape estimation of unknown objects

Claire Duné?, Eric Marchand, Christophe Collowet,Christophe Lerouk

Abstract— This paper presents a method to determine the gather enough information to allow a manipulator to grasp
rough sha_pe of an (_)bject. This is a step in the development of it using visual servoing techniques.
a "One Click Grasping Tool”, a grasping tool of everyday-life Our approach is based on contour analysis and implicit 3D

objects for an assistant robot dedicated to elderly or disabled. - - . -
ThJe goal is to determine the quadric that approximates at reconstruction methods. In this paper, the considerecctshje

best the shape of an unknown object using multi-view mea- are modeled by quadratic functions. They have the property
surements. Non-linear optimization techniques are considered to project as conics that may be tracked over an image
to achieve this goal. Since multiple views are necessary, an sequence. Then, the parameters of the quadric that fits the
active vision process is considered in order to minimize the 446 gata are estimated using non-linear minimization-tec
uncertainty on the estimated parameters and determine the . ; . S
next best view. Finally, results that show the validity of the nlqugs. Depe”d'”g of the taken views, some amb'g“'ty may
approach are presented. remain on the estimated parameters of the quadric. Hence,
an active vision step is considered in order to minimize the
. MOTIVATIONS uncertainty on the parameters estimation and determine the

next best view.
Much technology remains to be developed to assist people

with disabilities. Robotic assistance may help these etup! Il. RELATED WORK

recover some manipulation capabilities by achieving astio  In the past decades grasping of unknown objects has been
such as carrying, grabbing, picking up and moving objectgwestigated. This kind of application raises several éssu
[11]. As the severity of the patient’s handicap increases, t The first one is the selection of the information that is
complexity of the devices to use increases. This requirg@ged to perform the grasping. The second one deals with
significant efforts to simplify the interactions betweere th an “exploration” task that allows sensors to get relevant
patient and these devices. information.

This paper presents our work and results produced on aRegarding image based methods for grasping an unknown
"One Click Grasping Tool”, a solution for grasping everydayobject, [7] proposes to use stereo vision information to
life objects which only requires one click from the userdetermine the grasping points. The object to grasp lies in
The aim of this work is to provide an intuitive tool ablea known scene. The object segmentation is performed by a
to seize objects presented in an unstructured manner agichple image difference between the current view and the
with no previously known shape [4]. The robotic system iknown background. Then the 3D skeleton of the object is
a manipulator that can be mounted either on a wheelchaiomputed and used to determine the grasping points. In [12]
or on a mobile robot. It is equipped with a gripper anch method to seize unknown plane dark objects on a white
two cameras. One camera is mounted on the effector. Tkable is proposed. The grasping points are determined using
other one is mounted on the top of the wheelchair or on thtae 2D moments. In [6] the ellipsoid that best fits an object
mobile base and observes the scene. In a previous work [#dt on a textured background is found. A parametric motion
we have proposed a method that allows the user, througktimation algorithm [10] is used to detect the object that i
a single click, to select the object of interest in the remotaot in the major plane of the scene. Then, using a proba-
camera view. After a search step, the effector camera is theilistic scheme, the ellipsoid that is inside the intergscbf
automatically focused on the object. all cones generated by the image contours is computed.

However the system needs more information to achieve aln [13] the grasping points of an object of unknown
relevant grasp of an unknown object in an unknown posshape are defined by using a learned model data base. Five
This is the goalt of this paper. It is assumed that a convecategories of object shapes and their grasping points are
rigid object can be grasped by aligning the gripper with it¢earnt. When a new object has to be grasped, it is associated
minimal dimension while being perpendicular to its majoto a category which determines its grasping points. Given
axis. These are the features that have to be recovered frohese five models, a huge variety of objects are grasped in
a set of images of the object. Let us advocate that our goahstructured environments.
is not to build an accurate 3D object reconstruction but to In [15] the object is represented by a set of super-

ellipsoids. A laser sensor is servo in such a way to reduce the

1 INRIA Rennes-Bretagne Atlantique, Lagadic, Rennes, Franc uncertainty on the estimated 3D functions. Even if it deals

2 CEA List, F-92265 Fontenay Aux Roses, France _with the different field of object recognition, this apprbac
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CEA List. It was also supported by CEA and by Brittany Counuacil  ¢an be related to ours. While this technique is based on the
under contribution to student grant. 3D points provided by a laser range finder, our technique



used 2D information extracted from a set of views of theC. Projection in the image plane
object. o ~ Using the perspective projection equatiors=(X/Z, y =

Our method uses no a priori knowledge about the objegt/zy and given that the contour generator is a set of points of
except that it is roughly convex. We assume that the necegre quadric surface at which rays are tangent to the surface,

sary features to perform a proper grasp are the following can be shown that the projection of a quadric in the image
the object major axis, its centroid position and its roughyjane is a conic:

size. These features are contained by the quadric that best g(x,c) =Xy 3)
fits the object. To solve the first problem the parameters of
this quadric are estimated in a determinist way using the 2D where the parametecs= (ko, ki, ko, ks, ks, ks) " are related
apparent contours extracted from the views of the objedo the parameters of the quadric expressed in the camera
The exploration problem is solved in a similar way to thdrame as follows:
the Uncertainty of the eximated parameters. o= "% ki=ter gl

y P : ko =06 °d7 — 0o Sz ks ="C06 “ds — U Cds  (4)

ke = ®07 °gs — °do °05 ks = °gs® — °do °0

Hence, we can compute tlegparameters of the projection
This section proposes a method to describe an object usiafja quadric in the image plane knowing the position of the
a compact representation based on the computation of tbemera and th€® quadric parameters. At the opposite, if we
quadratic function that best fits 3D shape of the object. Thenow a set of positions and the set@parameters of some
aim is to find the major object axis orientation, the positiorconics measured for these positions of the camera, we can
of its centroid and its approximate scale. Such informatiomfer the parameter® of the corresponding quadric in the
is critical for a grasping task. world frame.

[11. M ODELING ISSUE

. . IV. R H SHAPE ESTIMATION FROM MULTIPLE VIEW
A. The quadric representation OUGH S s ° OMMU s

Wy W . ) . Given some views of an object and the positions from

Let h( Xj Q) be the quadric Wh\frélx \:VS a 3DW point \yhich they have been taken, we aim to find which quadric
expressed in the world fram@, and™Q = ("qo,...,""d9) " pegt fits the shape of the object. Figure 2 presents the
Its .parameters. L?t us note t.hat in the reminder Qf the papﬁéneral fitting scheme. The yellow ellipsoid is the quadric
Q is expressed, if not specified, . The equation of @ 4t pest fits the real object, whereas the red ellipsoid is
quadrich has the following expression: the currently estimated quadric. In each view, an image
processing algorithm gives us a set of 2D po{én green)
that are on the apparent contour of the object. Thus thefittin
Qprocess consists in fitting the projection of the reel quadri
with the green measured conic.

h=X'T X, (1)

wherel is the symmetric positive matrix associated to th
quadric:

Ygo Yoz “oa “oe < AT oot 7o —
r x% qu x% xq7 @)

Qs "05 Q2 TOs

“ge "oz “ds “qo

Estimated quadr|

Estimated conic

B. Computation of the object features

Given the parametei® of the quadric in%,, the features
needed for the grasping can be computed (see Fig. 1). The
centroid of a quadric is the poi; where all the partial
derivative 3%, 5, 9% are null. The inertia axes of the object
can be found by considering the eigen space associated with
"I'q. The major axis direction is the eigen vector related to Fig. 2. Quadric fitting scheme
the largest singular value and the small axis is relateddo th

smallest singular value.

Mobile camera viewsv

A. Conic parameters from 2D measurements

y From a general point of view, given a set of poir(s, y, 1)
AN detected on the object apparent contour (see section VI), it
: is possible to estimate the parameters of the conic that best

fits this set of points by solving a least square problem [16].
In every object view, we measure the best fitting conic of
Fig. 1. Quadric Frame parameters and we store it along with the position from
which the view has been taken as data set.



B. Cost function views” or to remove the views that are the more ambiguous
Given a set of initial estimated paramet@sand a set of at the end of the estimation process.

positions, we compute the estimated projecioMe try to  [15] shows that at a given camera position, and for some
fit the real measurement with the estimated projection. ~ €stimated paramete, the uncertaintyJ ("Mc, Q) on the
The cost function to minimize is thus: parametersQ is:
L (& —ci)? U(“M¢,Q) 0VJITCIOVITH-1 (8)
f(Q)=x (QaX)ZZ? (5) . .
5 i Hence, we can use thé value either to remove the views
_ _ _ ) that are the more ambiguous or use a robust estimation over
wherei € [0,5] is the index of tha' parameter and € all the views
[0,N] the index of thej" view. The cost function can also '
be written in a matrix form as the matrik of dimension V. CLOSING THE LOOP
dim(F) = (6N, 1) which rowsi are ¢ —¢; and whereN is COMPUTING OPTIMAL CAMERA MOTIONS
the number of views we took. The corresponding Jacobian\ye have shown that th€ parameters of the currently
matrix is J = % of dimension diniJ) = (6N, 10). estimated quadric can be inferred from several views of an

CoefficientsQ are estimated solving a non-linear systemobject. However it can happen that the current views do
Considering non noisy data, the cost function is quadraticot provide enough information to accurately compute the
in the neighborhood 0fQ)* and its minimum value can be parameters. For example, when the successive positions of
obtained using least square estimation techniques. Ta@nsthe camera are too close to each other, the information on
the uniqueness of the solution we set tkeaxis related the object depth is not reliable and the parameters related t
coefficient togp = 1, i.e., we normalize all the coefficients it may be ill estimated although the measured and estimated
by go # OL. conics fit perfectly in each image plane.

There are several methods to update the estimated paramethus, in order to refine the estimation of the parameters,
ters during the optimization, among them, let us focus on thmore views need to be taken. The issue is then to find a
Gauss-Newton and the Levenberg-Marquardt approaches:criterion that can help us to compute the best direction for

« Gauss-Newton: the camera motion. We now look into active reconstruction
~ ~ PPN methods.
Qi1 = Qi — akHk(Q) "L (Qu) (6) As shown in [15], it is possible to use the uncertainty
« Levenberg-Marquardt: on the estimated parameters as a criterion to control the

N N N L N camera displacement. The Shannon entropy can be related
Qi1 = Qk— (Hk(Qk)) +WwDk) "Uf(Qk)  (7) to covariance matrixC of the estimated parameters. In [15]
In both casesHk(Q(k)) _ JA(ék)TJ(Qk) is the HAessian the authors show that the best next direction can be obtained

of the cost function and1f(Qy) is defined by0f(Ox) — by mini_mizing det(C), i.eby finding the view where the
J(ék)TF(Qk)- uncertainty decrease the more or the parameters vary the

On one hand, the Gauss-Newton step needs a lindQPe: . . . . .
estimation. in the downhill direction. of a criterianthat can The determinant of the covariance matrix for the iteration
be time consuming while, on the other hand, the Levenberg-m the optimisation process can be defined as:

Marquardt method requires the computation of the parame- det(Ck) = det(Hk)‘l 9)
ter w. . . .

When dealing with noisy data, computing the downhilBesides, [15] shows that. the Hessian matrix can be computed
direction given byH~1JTF of the Gauss-Newton method be-aS the sum of the Hessian for each view:
comes a real issue as soon as the Hessian n?a_trb_( be_comes ill Hy 1 = Hk+JI+1Jk+1 (10)
conditioned and lead to a divergence of the minimizatiom. Fo . _ _ .
its part, Levenberg-Marquardt algorithm may require manyhere Jq;1 is the Jacobian matrix associated to the next
iterations leading to a slower convergence. Thus we propodiéed view. It is directly related to the positiotM ey, and
to use a mixed method between Levenberg-Marquardt aiide currently estimated parametes
Gauss-Newton. It uses a step of Levenberg-Marquardt whenThen the next best location is
the matrix is ill conditioned otherwise a Gauss-Newton step w B T
is considered. Meki1 = arger?AeEXdet(Hk +kiadkr1)) (11)

An estimation error may also arise from the 2D conics The relation betweedet(C) and the uncertainty is true in

megsured n the views. To cope with 'the views for Wh'c.h th?ne neighborhood of the current sensor position, where the
conics are ill measured, due to the noise, we propose euherlfn

use a roﬁbust es'qmat:on technique [9] t_o gvea h|gTer V\_/e'g@amera velocity is computed so as to move in the direction of
for the "good views” and a lower weight for the “outliers

the next best view. Yet it can be noticed that as soon as one
1This can be done without loss of generality because the cabkese parameter is well estlma_ted its relgted eigen Value_|s zero.
go = O are degenerate quadric that cannot represent a real 3Bt.obje Consequently the determinaaiét(C) is also zero even if the



other parameters are badly estimated. Hence we proposentbere the curve is supposed to be massless and embedded

use an other criterion that is the Froebenius nori@,ahatis in a viscous medium of viscosity.

the sum of the squared eigen values of the positive symetricin our case, we only consider an external energy term

C matrix. Besides, computing this criterion is less timeéE(a) = Es¢(a), that we write:

consuming than computing the determinant. Some results

are shown in the next section. The determination of the Eea =— [ 01 (x(u)) "n(u)du. (15)

next camera location is a non linear minimization problem %

without analytic Jacobian computation. To tackle this éssu wheren(u) is the outward unit normal o&; in u. Note that

we have chosen to use the Simplex method of Nelder ardl (x(u)) must also be computed as an outward vector. To be

Mead. This method only requires some evaluations of thaore robust against the initialization @}, we also consider

cost function at some points that are the vertices of the similar pressure force as described in {3J:=kyn(u) (with

current Simplex. Using this approach, only the translation k; a scalar).

velocity is computed. The rotational velocity is computed s

as to keep the projection of the centroid of the estimated

quadric in the center of the image plane by using a visual This section presents a typical execution of the applicatio

servoing scheme [5]. presented above. The experimental set up is shown in Figure

3. The mobile camera is mounted on the end effector of

VI. DETECTION OF THE OBJECT CONTOUR IN THE IMAGE a 6-DoF robot arm. Although we do not use any a priori

PLANE knowledge about the object or about the scene, the method

We proposed here to use active contours to extract thises some heuristics. Firstly, the object is assumed to be
points required to compute the 2D conics as described mughly convex. Se_condly, th? object can be segmented from
section IV-A. Indeed, since their first introduction [8] tize the background using an active contour.
contours have proven to be very powerful in various contexts
including edge detection and target tracking.

They are deformable curves which are defined in an
image domain and move under the influence of internal
forces coming from the curve itself and external forces
generated from the image (typically gradient information f
edge detection). We consider here a curve parameterized
by a vectora: %a(x(u)). This curve moves according to
the evolution of the components of [14], [1], [2] while,
with traditional methodsi e.points-based), the curve directly
moves from points, then these latter approaches are local.
Conversely, using a parametric formulatiafy, implicitly
introduces global constraints. Consequently, they arallysu Fig. 3. Experimental set up: a mobile manipulator equipped witleye
more robust, especially when dig) is low. They are also in hand camera. An object which shape is a priori unknown liea scene

. . . with a textured background.
more suitable for control issue. Indeed, the computation
duration is greatly reduced.

We define?a(x(u)) by a polar description: A. Object segmentation and conic feature in 2D image.

VIl. EXPERIMENTAL RESULTS

_ cosu The object is segmented from the background using the
@a(u) 1 x(U) = Xc + pa(u) ( sinu ) (12)  method presented in Section VI. One of the main issue when
_ _ S ~using active contours to detect an object is the initialisat
with u € [0, 271, X being a point inside the contour. Besidesstep. For the purpose of our application, the aim would be to

we perform a Fourier expansion of the radjpigu): initialise the snake using only the user click on the image of
keh the remote view. In a previous work [4], we have shown how

pa(U) = ag+ z a, cosku + by sinku (13) to estimate the position of an object in the world frame from

K= one click of the user. Using this estimation and the current

rgosition of the camera, the estimated position of the object
can be projected in the mobile view and the neigborhood of
this projection can be used as the initialisation for thekena
Figure 4 shows that the segmentation is robust even in
the case of a cluttered background. The two images of the
top show the snake itself and the two other images show the
conic fit. Even if the object is not an exact quadric, we can
dag OJE notice that the long axis of the conic is approximately the
V'E + da =0 (14) object long axis and that the size can be roughly estimated.

where h is the number of harmonics. Thus, we have he
a= (ao’ 7ah7b17... 7bh)_

To derive the evolution equations afthe problem is set as
the minimization of the curve enerdy(a) with respect to the
parameters, leading to the following simplified associated
Euler-Lagrange equation:



Method final cost | # iteration  norm of error
Levenberg-Marquardt| 7.35e-13 7 0.089
Gauss-Newton 2.87e-10 101 0.126
GN robust 8.64e-06 101 0.034
LM robust 5.20e-06 101 0.191
Considered approach) 5.60e-13 27 0.081
TABLE |

RESULTS OBTAINED ON QUADRIC PARAMETER ESTIMATION FROMS
VIEWS USING VARIOUS MINIMIZATION TECHNIQUES

Although correctly estimated from the available data, some
ambiguities may remain on the quadric parameters espgciall
Fig. 4. Some results of contour extraction and conic fittinjgactve ~ when the views are close to each other, the object depth may
contours be ill defined.

C. Slection of the next best direction

In order to reduce the remaining ambiguities in the quadric
Assuming an initial rough estimation of the position ofparameters estimation, we need to take more measurements,
the object using the approach described in [4], the inig&l s and to move the camera as described in section V. The next
of O parameters are those of a sphere of radius the widttamera motion is computed in order to reduce the entropy
of the gripper (8m) and centered on the estimated positioron the parameters set. To do so, the camera is controlled
of the object. The projection of the estimated location catoward the region where the parameters are the most likely
also be used to create the seed for the active contour in tttiechange.erregion where the ambiguity is high.
effector camera view.
Considering a motion of the camera on a view sphere \
around the object, images are acquired, conics are exdracte }
and finally a set of) parameters is computed. o

B. Quadric estimation

i . Fig. 6. The object has been seen from several views and aiqulat best

- —~— T fits its 3D shape has been estimated. However some ambiguitiesir®n
b the parameters and another view need to be taken. Those tiwn sjsheres

show the location where the ambiguities are the highest incblmtur. the

\ left vision sphere is obtained by using the determinantrioitewhereas the

right one is obtained using the sum criterion.

;) b o Figure 6 highlights the regions on a view sphere where
the ambiguity of the parameter set is high (hot colors) and
Fig. 5. a) Evolution of the quadric parameter estimation oher ime those where the ambiguity is low (cold Colors)_ The left
for simulation data. b) Initial state: The camera positioresrapresented as  gnhara depicts the determinant of the estimated Hessian if
small pyramids, the initial guess is represented in blue aat akject in . .
represented in red. c) Final state. The final estimation @e)fits the real the camera were moved on this position at the next step,
object. i.ethe product of the eigen values &f. The right sphere
A represents the Frobenius norm of the eigen valuell dff
Figure 5 shows the evolution of tl{g¢ parameters over the the camera were moved to these locations. We can see that
time for simulation data. It shows the initial guessed sémi@ many regions are in dark blue in the left sphere. This is due
the final state computed using the projection of the realabbjeto the fact that a view is considered to have a low uncertainty
in the camera views surrounding the object. The curves a&s soon as one eigen value comes to zero whereas the other
smooth and the parameters of the quadric converges towawm still be high. Using the sum of the eigen values instead
the real values. The left part of Figure 8 wrt the dottedf the products tackles this issue.
line shows the estimation of the parameters of the quadric Figure 7 illustrates the motion of the camera using both
for real data. Because of the measurement noise, thereciteria. The use of the determinant results in an eratib pat
more overshoot before the optimisation process convergesereas the use of the sum results in a smooth path on the
to the best values. Table | shows some results for differemtew sphere. The parameters of the quadric are found within
optimisation methods. The Levenberg-Marquardt method arapproximately 10 views.
our method give better results than the Gaussian estimationFigure 8 shows the evolution of the cost function and
process. parameters over the time when adding new views. Adding



Fig. 7.

found while using the sum of the eigen values criterion

iterations

Fig. 8.

been taken. Every parameter changes until a minimum is reached.

Camera motion along the reconstruction process. Theaeh is
the one found using the determinant criterion and the gretmipahe one

Evolution of the quadric parameters estimation overtitme for
real data. The dotted line represents the time where an adalitview has

Fig. 9. Results of the optimisation process. The object fraameprojected
in the last view along with the currently measured conic (id)rand the
estimated conic in yellow. The blue array is the major axis &edréd array
is the minor axis of the object.

object.

(1]

(2]

(3]

. ) N 4
new views leads to find a better estimation of the parameterg]
Q. If some ambiguity remains new views may be taken until

the Q parameters do not vary any more.

(5]

Along with the estimation of the quadric parameters, g
the object frame can be computed. Figure 9 shows some
results obtained for different objects. The blue array & th []
major object axis, while the red array is the small object
axis. The estimated quadric is projected in the view as thégs]

yellow conic. The red ellipse is the currently measured coni
Knowing the object frame we can perform a 3D servoing to

align the gripper with the object frame and grasp it.

VIIl. CONCLUSION

El

[10]

In this paper, we have proposed an efficient solution tg 1]
estimate the shape of an unknown object in order to grasp
it with a robotic system. The object shape is approximated2]
by a quadric surface whose parameters are estimated using
multiple views of the scene. During the acquisition phasgss
the robot motions are continuously optimized in order to
minimize the uncertainty on the estimated parameters 15%/4]
selecting the next best view. Wrt many classical solutions,
our reconstruction process is directly based on the cositoufs]
of the object in the image. The solution is thus very fastl,le]
allowing to compute the object shape in real time and to use
it in a closed-loop grasping task with the robot. The propgose
solution is fully generic and works for any roughly convex
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