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Abstract

This paper deals with the 3D structure estimation of
a set of geometrical primitives in an active vision con-
text. Our method is based on the structure from con-
trolled motion approach which consists in constraining
the camera motion in order to obtain an optimal es-
timation of the 3D structure of a geometrical primi-
tiwe. Since this approach involves to focus on the con-
sidered primitive, we present a method for connecting
up many estimations. We have developed perceptual
strategies able to perform a succession of optimal esti-
mation. A scene exploration process centered on cur-
rent visual 2D information and the structure of the
previously studied primitives is presented. It allows us
to have an optimal estimation of each primitive of a
scene composed of cylinders, segments and polygons.

1 Introduction

Many applications in robotics involve a good knowl-
edge of the robot environment. For such applications, the
aim of this paper is to obtain a complete and precise de-
scription of a scene using the visual data provided by a
camera mounted on the end effector of a robot arm. A
recent expansion of computer vision and image analysis is
related to the estimation of 3D structure from image se-
quences [1][6][10][11][24][23]. The approach we have chosen
to get an accurate three-dimensional geometric description
of a scene is based on the active vision paradigm and con-
sists in controlling the camera motion. The idea of using
active schemes to address vision issues has been recently
introduced [2][4]. Active vision is defined in [4] as an in-
telligent data acquisition process. Since the major short-
comings which limit the performance of vision systems are
their sensitivity to noise and their low accuracy, the aim
of active vision is generally to elaborate control strate-
gies for adaptively setting camera parameters (position,
velocity,. ..) in order to improve the knowledge of the en-
vironment [2]. Here, the purpose of active vision is handled
at two levels : a local aspect where active vision is used
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to constrain the camera motion in order to improve the
quality of the reconstruction results and a global aspect
which is used to explore the unobserved areas.

The measure of the camera motion, which is often nec-
essary for the 3D structure estimation, characterizes a do-
main of research called dynamic vision. Approaches for 3D
structure recovery may be divided into two main classes :
the discrete approach, where images are acquired at dis-
tant time instants [6][11][24] and the continuous approach,
where images are considered at video rate [1][10][23]. The
method used in this paper is a continuous approach which
stems on the camera velocity and on the motion of the con-
sidered primitive in the image. More precisely, we use a
“structure from controlled motion” method which consists
in constraining the camera motion in order to obtain a
precise and robust estimation of 3D geometrical primitives
such as points, straight lines and cylinders [5]. Such con-
straints are ensured using the visual servoing approach [9]
where a vision system is considered as a specific sensor
dedicated to a task and included in a control servo loop.

As far as the global aspect of our reconstruction
scheme is concerned, active vision is used to determine
the location of the next camera position in order to ob-
tain a complete model of the scene. Previous works have
been done in order to answer the
question. Differences can be done if an a priori knowledge
about the scene is available or not. If the complete geo-
metrical description about the scene is known, many ap-
proaches about automatic sensor placement are described
n [8][21]. The problem is different if no a prior: informa-
tion about the scene is available i.e., if the sensor is in
an unknown environment. It raises the problem of au-
tonomous exploration [7][16][22][25].
deal with the problem of recovering the 3D spatial struc-
ture of a whole scene without any knowledge on the lo-
calization and the dimension of the different geometrical
primitives of the scene (assumed to be composed of poly-
gons, cylinders and segments). Since the proposed struc-
ture estimation method involves to successively focus on

“where to look next’

Our concern is to

each primitive of the scene, developing perception strate-
gies to get the spatial organization of complex scenes is
thus necessary. Integrating knowledge on 3D data previ-
ously gathered, and current 2D informations into an explo-



ration process allows us to determine the next primitive to
be estimated.

The remainder of this paper is organized as follows: Sec-
tion 2 is devoted to the local aspect of our reconstruction
scheme and describes the structure from motion framework
based on an active vision paradigm. Section 3 is devoted
to the global aspect and deals with the development of
perception strategies. An exploration strategy based on
a partial 3D model of the scene and 2D visual features
extracted from the images are proposed.

2 Active Camera Control for Primi-
tives Reconstruction

The work presented in this section is concerned with
the analysis of a sequence of images acquired by a moving
camera to get a precise and robust description of geomet-
rical primitives [5]. The camera motion will be performed
using the visual servoing approach [9].

2.1 Modeling Visual Sensing

Let us model a camera by a perspective projection.
Without loss of generality, the camera focal length is as-
sumed to be equal to 1, so that any point with coordinates
z = (z, vy, z)T is projected on the image plane as a point
with coordinates X = (X, Y, 1) with:

z (1)

Let us consider a geometrical primitive P, of the scene; its
configuration is specified by an equation of the type:

h(z,p) =0,z € Ps (2)

where h defines the kind of the primitive and the value of
parameter vector p stands for its corresponding configu-
ration. Using the perspective projection equation (1), we
can define from (2) the two following functions [9]:
9(X,P)=0 VX P 3)
1/z = (X, p,)

where:

e P; denotes the projection in the image plane of P,

e g defines the kind of the image primitive and the value
of parameter vector P its configuration.

e function p gives, for any point of P; with coordinates
X, the depth of the point of P, the projection of which
results in point X.

¢ parameters p, describe the configuration of g and are
function of parameters p.

More precisely, for planar primitives (a circle for exam-
ple), the function g represents the plane in which the
primitive lies. For volumetric primitives (sphere, cylin-
der, torus,. .. ), function g represents the projection in the
image of the primitive limbs and function p defines the 3D
surface in which the limbs lie (see Fig. 1). Function g is
therefore called the limb surface.

11

surface

Figure 1: Projection of the primitive in the image (g)
and limb surface (u) in the case of a cylinder

Let T. = (V, Q)T be the camera kinematic screw where
V and €2 represent its translational and rotational compo-
nents. The time variation of P, which links the motion of
the primitive in the image to the camera motion 7¢, can
be explicitly derived [9] and we get:

(4)

where Lg(ﬂ,po), called the interaction matrix related to
P, fully characterizes the interaction between the cam-
era and the considered primitive. A systematic method
for computing the interaction matrix of any set of visual
features corresponding to geometrical primitives (lines,
spheres, cylinders,. ..) is proposed in [9].
2.2 Structure From Motion

As previously stated, a geometrical primitive is defined
by an equation h(z,p) = 0. Using the relation between
the time variation of P in the image sequence and the
camera velocity 7., we are able to compute the value of
the parameters p of the considered primitive [5].

First, from the resolution of a linear system derived
from relation (4), we obtain the parameters 2, which rep-
resent the position of the limb surface:

P, = BO(TC’E’ P) (5)
Then, knowing the position of the primitive in the image
described by (3) and using geometrical constraints related
to the considered primitive, we can estimate the parame-
ters p which fully define its 3D configuration:

(6)

From a geometric point of view, this continuous approach
leads to determine the intersection between the limb sur-

p=pLp,)

face and a generalized cone, defined by its vertex located
at the optical center and by the image of the primitive.
This approach has been applied to the most represen-
tative primitives (i.e., point, straight line, circle, sphere
and cylinder) [5]. Let us note that in the case of a cylin-
der, this method can be applied using the projection of
only one limb in the image (however, more precise results
are obtained using the projection of the two limbs in the
image). Such a method based on one single limb will be



used to determine in Section 3.1 the nature of the observed
primitive (cylinder or straight line).
2.3 Structure From Controlled Motion

When no particular strategy concerning camera motion
is defined, important errors on the 3D structure estimation
can be observed. This is due to the fact that the quality
of the estimation is very sensitive to the nature of the
successive camera motions [10]. An active vision paradigm
is thus necessary to improve the accuracy of the estimation
results by generating adequate camera motions.

As seen on equation (5), the 3D structure estimation
method described in the previous section is based on the
measurement of B the temporal derivative of P. However,
the exact value of £ is generally unreachable, and the im-
age measurements only supply AP, the “displacement” of
P between two successive images. Using AP/At instead
of B generally induces errors in the 3D reconstruction. A
sufficient and general condition that suppresses the dis-
cretization errors is to constrain the camera motion such

that [5]:
(7)

These constraints mean that a fixation task is required.
More precisely, the primitive must constantly appear at the
same position in the image while the camera is moving.

Furthermore, the effects of the measurement errors on
the estimation depend on the position of the primitive
in the image. Therefore, the camera motion has to be
constrained in order to minimize the effects of these mea-
Such a minimization is obtained by a
focusing task that consists in constantly observing the
primitive at a particular position in the image. We will
see afterwards that the visual servoing approach is able to
realize such focusing and fixating tasks.

2.4 Length Estimation

Furthermore, in order to determine the length of the
primitive, its vertices have to be observed in the image,
which generally implies a complementary camera motion.
For accuracy issues, this motion is performed in the direc-
tion of the primitive axis, at a constant range, and until
one of the two endpoints of the primitive appears at the
image center. Once the camera has reached its desired po-
sition, the 3D position of the corresponding end point is
computed as the intersection between the primitive axis
and the camera optical axis. A motion in the opposite di-
rection is then generated to determine the position of the
other endpoint. Such a camera motion, based on visual
data, can again be performed using the visual servoing ap-
proach.

2.5

P =0, and;_')O:O,Vt

surement errors.

Generating Camera Motion using
Visual Servoing

The image-based visual servoing consists in specifying
a task as the regulation in the image of a set of visual
features [9][12][13]. Embedding visual servoing in the task
function approach [18] allows us to take advantage of gen-
eral results helpful for the analysis and the synthesis of
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efficient closed loop control schemes. We define a vision-
based task as [9] :

e= WHe@-P)+ (L -wtw)e, (8)

where :

o P, is the desired value of the selected visual features
(such as the primitive appears at the position in the
image specified by the focusing task);

e P is their current value, measured from the image at
each iteration of the control law;

o (' is called combination matrix and is defined as

C = VVLE'— (E,E)), where W is defined as a full rank

matrix such that Ker W = Ker LT, and where pa-
rameters p , involved in the pseudo inverse of the in-

teraction matrix LT, are estimated on-line using our
3D structure estimation method.

® ¢, is a secondary task which allows the camera to move
along a desired trajectory in order to realize the fix-
ation task that suppresses the discretization error or
the length estimation task.

o W7 and s —W*W are two projection operators which
guarantee that the camera motion due to the sec-
ondary task is compatible with the regulation of P
to P,.

A general control scheme aimed at minimizing the task
function e is described in [18]. We here only give the sim-
plified control law presented in [9], which computes the
camera velocity 7. given as input to the robot controller
and makes e exponentially decrease:

de,

T, =
at

“xe— (I —w*w) (9)

where A > 0 is a proportional coefficient involved in the ex-
de
2

ponential convergence of ¢ and the term (][6 —-wt VV) 5
is tied to the generation of a non zero camera motion when
the vision-based task is realized.

2.6 Results: the case of a Cylinder

The whole application presented in this paper has been

implemented on an experimental testbed composed of a
CCD camera mounted on the end effector of a six degrees
of freedom cartesian robot.
Optimal estimation We first use the presented 3D recon-
struction method to estimate the parameters of a cylin-
der (see Fig 2). More details about this derivation can
be found in [5]. In order to obtain a non-biased and ro-
bust estimation, the cylinder must always appear centered
(pr = —p2) and horizontal (§1 = 62 = 3) or vertical
(61 = 62 = 0) in the image sequence during the camera
motion (which here consists in turning around the cylin-
der). Fig. 2.a represents the initial image acquired by the
camera and the selected cylinder. Fig. 2.b contains the
image acquired by the camera after the convergence of the
visual servoing task.

Fig. 3 describes the evolution of the estimation of the
parameters of the cylinder displayed in Fig.2. Fig. 3.a
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Figure 2: Position of the cylinder in the image before
and after the focusing task
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Figure 3: Estimation of the parameters of a cylinder
in the camera frame

shows its radius r and the coordinates zo, yo, 20 of a point
of its axis. It is divided into two parts: the estimation
based on one limb and, then, the estimation based on the
two limbs of the cylinder. This second estimation is far
better than the first one. Let us note that the cylinder
radius 7 is determined with an accuracy less than 0.5 mm
whereas the camera is one meter away from the cylinder
(and even less than 0.1 mm with good lighting conditions).
Fig. 3.b reports the error between the true value of the
radius and its estimated value (z'.e., ri — r*) using the two
limbs-based estimation. As far as depth zp is concerned,
the standard deviation o, is less than 2.5 mm (that is
0.25%).

Stability and robustness The experiment of the cylin-
der structure estimation has been carried out fifty times
from different initial camera locations in order to ensure
that the estimation of the cylinder parameters is really sta-
ble and robust. The result of the experiment is depicted

standard deviation on z0
estimated z0

standard deviation on radius +—
estimated radius

e

5 10 15 20 25 30 35 40 45 5 5

10 15 20 25 30 35 40 45 5

Figure 4: Stability tests (a) estimated radius (in mm)
(b) estimated zg (in mm)

on Fig. 4 where the radius r and depth z are reported.
For each one of the 50 experiments, this graph shows on
its right the value of the final estimated radius 7, and, on
its left the estimated depth z5. Their standard deviation
and 0., are also reported. FEach time, the measured
error 7+ — r* is less than 0.1 mm and the standard devi-
ation of all the estimations (i.e., a/r\) is around 0.02 mm

Or
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(resp. o~ = 0.23 mm). These results underline the fact
zg

that our estimation algorithm is particulary robust, stable
and accurate.

3 Perception Strategies

We are now interested in investigating the problem of
recovering a precise description of a 3D scene containing
several objects using the visual reconstruction scheme pre-
sented above. As already stated, this scheme involves fo-
cusing on and fixating at the considered primitive in the
scene. This can be done on only one primitive at a time,
hence reconstructions have to be performed in sequence for
each primitive of the scene. For doing that, a database con-
taining 2D visual data is first created. With this database,
a process selects a primitive, and after the recognition pro-
cess which will be describe afterwards, an optimal estima-
tion of its 3D structure is performed. After each estima-
tion of a primitive, an exploration process is required to
determine the next selection.

3.1 A Maximum Likelihood Ratio Test
for Primitive Recognition

The only information we initially have on the consid-
ered scene is composed by the set of 2D segments observed
by the camera at its initial position. We assume that these
segments correspond to the projection in the image of ei-
ther a limb of a cylinder, either a 3D segment. Since the
structure estimation method is specific to each kind of
primitives, a preliminary recognition process is required.
In order to obtain a robust criterion, we have developed
the following method:

To determine the nature of the observed primitive, we
first assume that it is a cylinder, and a one limb-based
estimation is performed. When this estimation is done,
two competing hypotheses can be acting, respectively:

e Hy: the observed primitive is a straight line. This
hypothesis implies that we should find a radius r close
to 0 ;

e H,: the observed primitive is a cylinder. This hypoth-
esis implies that we should find r = r; with r; > 0 ;

A maximum likelihood ratio test is used to determine
which one of these two hypotheses is the right one. Let
us denote Lo and Li the likelihood functions associated
with hypothesis Hy and Hi. Assuming that the cylinder
radius follows a Gaussian law of mean r and variance o2,
we obtain after N estimations r;,2=1... N :

Y )

e 202

(10)
The likelihood ratio & is given by & = log f—;. Substituting
for expressions given in (10) in this equation leads to:

e=— (O =) =300

i=1 i=1

N -2

g i
1 N _&i=l 1 N
2 2

Ly =( 2) e 202 and L = ( )

Imo?

(11)



The resulting criterion for determining the nature of the
primitive can be stated as follows:

max§ > ¢
r1

where ( is a predetermined threshold. The optimal param-

eter 71 must satisfy the relation % = 0, which leads to

f1 = T where 7 = % Ef\; r; 1s the mean value of the es-
timated r;. Using this relation, £ can finally be expressed
in the simple form: ,
NrF
¢= 202 (12)
Clearly, hypothesis H; (cylinder) is selected versus hypoth-
esis Ho (segment) if the obtained value for likelihood ratio
¢ is greater than ¢ (this threshold can be easily determined
by experiment). Indeed, when the primitive is a segment,
the reconstruction process using one limb gives a low ra-
dius, with a very high variance (leading to a small value
of ). On the other hand, when the primitive is a cylin-
der, the estimated radius is close to its real value and its

variance is small (leading to a high value of §).
3.2 Basic step in locating objects

We assume that the scene is only composed of poly-
hedral objects and cylinders, so that the contours of all
the objects projected in the image plane form a set of seg-
ments. A fundamental step in the scene reconstruction
process is to build 2D databases composed of these seg-
ments. The database is simply obtained by extracting the
edges in the image with a Shen Castan filter, and apply-
ing a Hough transform on the edge image which computes
the equation of the different segments. We denote these
database wg,, where ¢; is the corresponding camera loca-
tion.

The image processing algorithm we use during the op-
timal estimation allows us to track a limited number of
segment at video rate. Thus, for real time issue, we can-
not create a database at each iteration of the estimation
process. So, databases are created after each optimal re-
construction. They are used for the selection of the next
considered segment and for local exploration.

An other 2D database denoted €26 will be used. This
database contains all the unestimated segment previously
observed and the camera positions ¢ from which they have
been observed. In fact, Qs, = {(Si, ¢x),1=1... N,

k € [0,t]} where S; = (pi,0:) represents a 2D segment,

O, = Ut ¢+ and N is the number of untreated segments.

3.3 Visual Strategies for Incremental
Exploration

Guided by visual events and the estimated partial map
of the environment, we can construct simple camera con-
trol strategies, which move the camera towards new view-
points. This exploration process can be handled at two
levels:

e When a segment corresponding to a new primitive ap-
pears in the field of view of the camera, or has been
previously observed from an other viewpoint, we do
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not need to compute explicitly new viewpoints. This
level is called local exploration.

o When all the 2D segments previously observed have
been treated, a more complex strategy has to be im-
plemented in order to focus on a part of the 3D space
which has not been already observed. We called this

kind of exploration global exploration.

The first step in an exploration algorithm is to deter-
mine which primitives, observed from a certain viewpoint,
have been previously estimated, and which segments cor-
respond to a non estimated 3D primitives.

3.3.1 Primitive Projection and Matching
Algorithm.

One of the aspect raised by scene exploration is the
matching between 3D information included into the 3D
map of the scene, and the 2D features present in the 2D
current database. In our particular case, due to the na-
ture of the considered primitives (3D segments and cylin-
ders), the projection of the 3D map into the image plane
is composed of 2D segments. After a projection of the 3D
map into the image using the perspective projection equa-
tion, a simple matching algorithm is performed in order to
determine which segments of the 2D database have been
previously estimated. We have here:

o to compute, from the parameters p of a primitive P,
in 3D space, the parameters P of its projection in
the image plane.

e to use a matching algorithm which finds, in a given
2D database, the 2D segments corresponding to the
projection in the image of the segment and cylinders
limbs of the 3D map.

The result of the matching algorithm is shown on Fig. 5.
Fig. 5a shows an image acquired by the camera, with the
2D database superimposed. Fig. 5b shows the current state
of the 3D map (in that case, only the cylinder and one 3D
segment have been estimated). Fig 5c shows the result of
the projection, depicted by the grey lines, and the match-
ing algorithm (the dashed lines correspond to the projec-
tion in the image of the primitives previously estimated).
3.3.2 Local Exploration algorithm.

The exploration algorithm described in this section
deals with an incremental exploration strategy. The ap-
proach we use in a first time is local. Indeed, in order
to choose the next primitive to be estimated, we use only
current visual informations, and the 3D map previously
collected.

0) Initialization.
cated in ¢o. A local database wg, is acquired. We do not
have any information on the parameters of the correspond-
ing 3D primitives. Therefore the 3D map of the scene is
initially empty. Thus, initially, Qs = wg, = {(Si, ¢o),t =
1...n} and ® = ¢o. We extract from 23 a segment S to
be estimated. In fact, we choose the segment S which is
the nearest from the image position corresponding to the

We consider that the camera is lo-
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Projection of a 3D map on a 2D database

=

Figure 5:
and Matching (a) image and 2D database superim-
posed (b) 3D view of the current reconstructed map
(¢) 3D map projection

focusing task (horizontal or vertical and centered in the
km

image, i.e. § = 3¢ and p = 0).

1) Optimal estimation and 3D map creation. Based
on S an estimation is performed, including the recognition
process and the optimal estimation. The obtained param-
eters p of the primitive are introduced into the 3D global
map of the scene (see Fig. 5b).

2) Local and global 2D database generation. After
the optimal estimation, because of the camera motion im-
plied by this process, the camera is located in ¢;. A new
local database wg! corresponding to this position is con-
structed. Then, from the 3D map and this new database,
using the matching algorithm, all the matched segments
are suppressed from the local database wg! (see Fig 5c)
which is merged with the global 2D database Qg (thus,
® =U!_,¢: Ug;, and Qs contains all the segments which
have been observed from all the previous viewpoints and
which have not been estimated yet).

3) Segment selection. If one (or more) unestimated
segment is in the current database wg! the new camera
position is chosen as ¢:3+1 = ¢; and a new segment S is
chosen. An optimal estimation (step 1) based on this
segment is then performed. In the case where several un-
estimated segments are in the current database a choice
has to be performed in order to select the next chosen seg-
ment. Using the 2D database wg and the current 3D map,
a neighboring graph is computed where the nodes are the
junctions between segments and the vertices represent the
state of the segment i.e., treated (T) or untreated (U) (see
Fig 6b). Using this graph, we look for an unestimated seg-
ment connex to the last estimated one. If such a segment
exists, it is selected (see Fig. 6b). Otherwise, we choose
the untreated segment the nearest from optimal position
for its optimal 3D estimation. We iterate the steps esti-
mation, database creation and selection until one of
the segments present in the current database wg! has not
been estimated.

Backtracking. If all the segments of wg! have been con-

o (b)

Figure 6: (a) 2D database (b) neighboring graph

sidered and if one ore more of the 2D segments previously
observed have not been estimated (i.e., wg, empty and Qs
not empty), we look in the global database for the couple
(S, @), for which the distance between the current camera
location ¢; and the location ¢x (from which the segment S
has been observed) is minimal. Then, the camera moves to
the position ¢x (thus, ¢¢y1 = ¢x). An optimal estimation
(step 1) is then performed. Finally, if Q¢ is empty (i.e., all
the 2D segments observed from any previous camera posi-
tions have been treated), a new viewpoint must be found.
A global exploration is thus necessary.

An important feature of this algorithm is its ability to
easily determine the next primitive to be estimated with-
out any knowledge or assumption on the nature of the
scene (localization or spatial relation between objects).
Furthermore, we do not have to defined complex planning
strategies. Our strategy can be define as an on-line strat-
egy VS an off-line strategy where a plan must be previ-
ously computed. Since this exploration strategy is local,
it allows the camera to minimize its displacement between
two successive viewpoints. Let us however note that some
objects or some complex scenes can not be completely re-
covered using our method. If the composition of simple
primitives, such as polygons, has been studied (see experi-
mental results in Section 3.5), more complex combinations
raise new problems. An object can be occluded by another
one (or by itself) or may not be observed from the different
viewpoints. Furthermore, the end effector of a robot can-
not move at any 3D location due to mechanical constraints
such as the robot joint limits. The local strategy presented
here do not solve all these problems, even if it reduces most
of them (e.g., the viewpoints computing problem which is
solved in part by the incremental strategy).

3.3.3 Exploration Probes.

To cope with these problems, global probing strategies
have to be developed. Once all the 3D parameters of the
primitives observed during the local exploration process
have been computed, a global exploration process must be
done in order to collect more data. This problem is raised
by the fact that we must make sure that the whole scene
has been reconstructed. Most of previous works dealing
with sensor placement assume that a complete model of
the scene is known [8][21]. Simple strategies have been
presented by Wixson [25] where simulation results for the
exploration of a 2D world using 1D sensor are described.
Some of these strategies can be extended to 3D world



(this is the case for the planetarium algorithm [7] or the
occlusion-based strategy [16]). Future work will be devoted
to determine viewpoints able to bring a new 2D database
on which will be performed the complete estimation pro-
cess. Such viewpoints will be determined using the pre-
viously estimated 3D map environment and the part of
the 3D space which has not been already observed. Con-
straints of minimizing the number of viewpoints and the
distance between two viewpoints will also be considered.
3.4 A Hierarchical Parallel Automaton as
Controller

We present in this section the specification of the pro-
posed sequencing which is stated in terms of a hierarchi-
cal parallel automaton [15]. This kind of complex robotics
strategy involves the use of several subsystems (such as the
different tasks described in the previous section). Achiev-
ing the complete operation requires a dynamic scheduling
of these elementary subsystems. An object oriented ap-
proach, based the ORCCAD system, has been presented to
model such a controller in [20]. Other approaches formal-
ize reactive behaviors of vision-guided robot with Discrete
Event Systems (DES) [3][14].

The integration of our method is based on the defini-
tion of a hierarchical parallel automaton.Using automata
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Figure 7: Hierarchical parallel automaton for the ap-
plication.

database

not empty

remains in the DES framework and enables us to use the
same formal tools that the DES. Furthermore, it allows us
to specify combinations of tasks. Indeed, we can combine
the effects of several tasks executed in parallel (for exam-
ple, a coarse estimation of some primitives performed in
parallel with the optimal estimation of another primitive).
The automaton is able to connect up the different stages of
the reconstruction process: selection, focusing, optimal es-
timation of the selected primitive and concurrently, coarse
estimations. FEach state of our automaton is associated
with a certain task such as the creation or the update of
the databases, the structure estimation process, the cam-
era motion control using visual servoing, etc (see Fig. 7).
The transitions between the states are discrete events and
are function of the image data, the value of the estimated
parameters of the primitives, and the state of the database.
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3.5 Results: scene reconstruction

The example reported here (see Fig. 8.a) deals with a
scene composed of a cylinder (whose radius is 40.6 mm),
a triangle, and two rectangular polygons. The cylinder

and the small rectangular polygon lie in the same plane,
the triangle an the other polygon lie in two other different
planes. In Fig. 8.b is displayed the initial image acquired
by the camera.
camera field of view for that position.

Note that the whole scene is not in the

(b)

Figure 8: (a) External view of the scene (b) Scene
observed from the initial position of the robot.

The parameters of the cylinder have been estimated
with the same accuracy that in the experiment described
above. Fig. 9 shows 3D views of the reconstructed scene.

%/

Figure 9: View of the reconstructed scene

The results of the reconstruction of another scene are
depicted on Fig. 10. In that case the main difficulty is to
make the correct choice on the nature of the different prim-
itives (especially in the case of the plinth on the left of the
image which look like a cylinder in the image). Each time,
the right choice has been done. This allows us to demon-
strate the robustness of the maximum likelihood ratio test
we have presented in Section 3.1.

When all the 3D segments of the scene have been re-
constructed, it is interesting to group these segments into
polygons. In a first time, we look for closed strings of
coplanar 3D segments. At the end of this process, we have
a set of strings of coplanar segments corresponding to poly-
gons and some isolated segments or unclosed strings. Next
step is devoted to transform the closed strings of segments
in a list of coplanar points: the vertices of the polygon.
The equation of the carrier plane can easily be computed
by solving a linear system using a least squares method.
Then, the segments are projected on this plane. The co-
ordinates of the vertices are obtained with computing the
intersection of two neighbor segments. This position is
obtained with an accuracy of 1 mm.



Figure 10: Another scene observed from the initial
position of the robot and a view of the reconstructed
scene

4 Conclusion

In this paper, we have proposed a method for 3D en-
vironment perception using a sequence of images acquired
by a mobile camera. We have described a reconstruction
process which provides an accurate estimation of the pa-
rameters of a geometrical primitive. As this method is
based on peculiar camera motions, perceptual strategies
able to appropriately perform a succession of such optimal
individual primitive reconstruction have been proposed in
order to to recover the complete spatial structure of com-
plex scene. Finally, experiments carried out on a robotic
cell have proved the validity of our approach (very accu-
rate, stable and robust results, simple but efficient local
exploration algorithms) but have also shown its limita-
tions: the constraints on the camera motion, which are
necessary to obtain precise results, imply the sequencing
of visual estimation and we cannot perform several opti-
mal estimations in parallel. Current work is devoted to
the development of global exploration strategies in order
to ensure the completeness of the reconstruction of a whole
scene.
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