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Abstract

This article describes a system to incrementally build a world model with a mobile
robot in an unknown environment. The model is, for the moment, scgment-based. A
trinocular stereo system is used to build a local map about the environment. A global
map is obtained by integrating a sequence of stereo frames taken when the robot nav-
igates in the environment. The emphasis of this article is on the representation of the
uncertainty of 3D segments from sterco and on the integration of segments from mul-
tiple views. The proposed representation is simple and very convenient to characterize
the uncertainty of segments. A Kalman filter is used to merge line segments matched.
An important characteristic of our integration strategy is that a segment observed by
the stereo system corresponds only to one part of the segment in space, so the union
of the different observations gives a better estimate on the segment in space. We have

succeeded in integrating 35 stereo frames taken in our robot room.

Keywords: Uncertainty Representation, Multiple View Integration, World Model
Builder, 3D Vision, Mobile Robot.

Résumé

Nous décrivons un systéme capable de construire, au fur et & mesure, un modele du
monde avec un robot mobile dans un environnement inconnu. Le modele est pour
le moment basé sur des segments de droite. Un systéeme trinoculaire est utilisé pour
construire une carte visuelle locale de ’environnement. Une carte globale est obtenue
en intégrant une séquence de scénes stéréoscopiques acquises quand le robot se déplace
dans ’environnement. Nous insistons dans cet article sur la représentation de l'incer-
titude des segments de droite 3D obtenus & partir de la stéréo et sur 'intégration de
segments de droite de différentes vues. La représentation que nous proposons est simple
et tres pratique pour caractériser l'incertitude de segments. Un filtre de Kalman est
utilisé pour fusionner des segments de droite appariés. Une caractéristique importante
de notre stratégie d’intégration est la suivante: un segment observé par un systeme sté-
réoscopique correspond seulement & une partie du segment dans P’espace, donc 'union
des observations différentes donne une meilleure estimation du segment dans l’espace.

Nous avons réussi a intégrer 35 vues stéréoscopiques prises dans la salle du robot.

Mots clés: Représentation d’incertitude, Fusion de vues différentes, Construction d’un

modele du monde, Vision 3D, Robot mobile.
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1 Introduction

Mobile robotics is an active field of research. Using vision feedback to guide autonomously
a mobile vehicle is an interesting and dilficult subject of research. However, several research
results show already some potential applications. A useful task of a mobile robot is to
automatically build a model of an unknown environment. In this article, we present a
system, called the world-model builder, which can accomplish this task. Since most parts of
the system have been described elsewhere, we concentrate, after a brief description of the
system, on how to fuse multiple 3D framies obtained by a stereo system.

The world modecl is for the moment based on 3D line segments, reconstructed by the
trinocular stereovision system described in (Lustman, 1987; Ayache, 1991). Our world-
model builder uses the take-and-look strategy: based on the information from stereo, it
decides where is the interesting space to explore, plans the trajectories, navigates, and up-
dates the global model of the environment with the currently observed stereo frame. 'T'his
world model may be used later for navigation or recognition. Besides stereovision, this

system involves several important issues in Robotics and Vision:
. Matching consecutive 3D frames and estiiating motion from 3D data,
2. Finding areas of interest for further exploring,

3. Planning trajectories and controlling the robot,

-

. Fusing 3D data obtained at different instants,
5. Interpreting and possibly editing 3D data.

There are many methods proposed in the literature to register two consecu-
tive 3D frames, for example, Maximal tree-search matching (Chen and Huang, 1988;
Chen and Huang, 1987), Hypothesize-and-verify (Faugeras et al., 1988; Zhang et al., 1988),
and Relaxation (Kim and Aggarwal, 1987). There exist quite a number of methods (lin-
ear or nonlinear, analytical or numerical) to determine motion from feature correspon-
dences (Ayache and Faugeras, 1987; Blostein and Huang, 1984; Faugeras and Hebert, 1986;
Kim and Aggarwal, 1987). A comparative study of several methods for motion determina-
tion is found in (Zhang and Faugeras, 1991). The solution to the second problem is usu-
ally goal-dependent. How to displace the robot with minimum energy (or other criteria)
while avoiding stationary or moving obstacles is a challenging subject of research. Some
work related to this issue includes (Lozano-Pérez and Weslev, 1979; Tsuji and Zheng, 1987;

Tournassoud, 1988). A simple example of trajectory planning for navigation can be found



in (Zhang and Faugeras, 1989). Data fusion, i.e., how to model sensor noise and how to inte-
grate optimally data from multiple sensors or from the same sensor at different instants, has
attracted many researchers (Faugeras et al., 1986; Ayache and Faugeras, 1987; Hager, 1988;
Porrill, 1988; Durrant-Whyte, 1988a). Finally, 3D data should be organized and interpreted
(possibly edited) by using some a priori geometric constraints in order to obtain a consistent
and higher-level representation (Thonnat, 1988; Grossmann, 198Y).

The problem of integrating a sequence of monocular views to build a global map was
addressed by Jezouin and Ayache (Jezouin and Ayache, 1990), where the motion is assumed
eiven with very good accuracy by inertia sensors. A sequence of images of an outdoor scene
geunerated by a realistic image synthesis system was used, and they were able to reconstruct
primitives (points and line segments) of buildings at a distance of several thousands of
meters with an accuracy of a couple of meters. As pointed by the authors, the accuracy of
3D reconstruction depends heavily on camera motion.

The problem of integrating sonar and stereo range data was addressed by Matthies and
Elfes (Matthies and Elfes, 1988). They used a cellular representation called the Occupuncy
G'rid to describe the vicimity of a robot. Range mformation from sonar and one-dimensional
stereo is combined into such a 2D map. Each cell in the map contains a probabilistic estimate
of whether it is empty or occupied by an object in the environment. These estimates are
obtained from sensor models that describe the uncertainty in the range data. A Bayesian
estimate scheme is applied to update the current map using successive range readings from
each sensor. The occupancy grid representation is suitable for robot navigation application.
It 1s, however, very limited in its descriptive ability if we want to interpret and understand
the 3D environment of a robot.

A similar system to ours, called the 3D Mosaic scene understanding system, was de-
signed by Herman at CMU (Herman, 1986). A comment to this system can be found in the
couclusion section.

In the remainder of this article, we first present our system. After a biief explanation of
cach module of the system, our emphasis is on the representation of the uncertainty of 3D
line segments from stereo and on the fusion of line segments measured at different instants.
Two experimental results are provided. The first one is the fusion of two stereo views, which
will give us a good feeling of the performance of the fusion process. The second shows the

result of fusing 35 stereo views of a room.

2 System Description

An intelligent robot system (Brady, 1985) can be decomposed into three parts: Perception,

Intelligent Decision and Control, and Action. Our system is being developed on the INRIA
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mobile robot (see Fig. ). It is dedicated to navigating in an indoor environment and
to making visual maps of this environment. The perception tools include 3 cameras and
24 ultrasound cells. The three cameras form a trinocular stercovision system providing
a local 3D map of the environment. Ultrasound is, for the moment, used only to avoid
obstacles. The action is to displace the robot and is rcalized by wheels. The robot is
equipped with two driving wheels and two passive rollers. Each of the two driving wheels is
independently controlled by a motor, so that the robot can translate and rotate. The tasks
of the intelligent deciston and control system include finding points of interest and planning
trajectories. Since the coordinate systems of the perception and action components are

different, these coordinate systems should be first calibrated (Zhang and Faugeras, 1989).

Fig. 1: The INRIA mobile robot

Figure 2 shows the architecture of our world model builder. As indicated by the name, the
goal of our system is to incrementally build a model of its environment. We, for the moment,
restrict the domain to the indoor environment. The system is simply composed of several
individual modules. First, the Stereovision Module (SM) (Lustinan, 1987; Ayache, 1991)
builds a local visual map which is a set of 3D segments. The Analysis and Decision Module
(ADM) then analyzes the local map. By combining the information from the Data Fusion
Module (DFM) and Interpretation Module (IM), the ADM decides where the robot should

go in order to explore further the environment and to obtain more precise data. This
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module is being under development (Buffa et al., 1990). For the moment, it is the user who

accomplishes its task with the aid of a graphic interface.

The graphic interface displays

the projection of the 3D segments on the ground plane, the borders of objects recovered by

making the Delaunay triangulation on the projected data, and also the position of the robot.

The borders are updated when new observation:; become available. It is then sufficient for

the user to click the mouse on the next preferred position. The following three strategies

will be implemented in the system:

— If segments of an object are not accurate enough,

and the space between the object and the robot is free,

then move the robot ahead.

—- If there is room for the robot to rotate § degrees to the right (or left),

then rotate the robot to the right (or left) min(6,©/4) degrees.

(O is the field of view of the stereovision system)

-- If the angle between the optical direction OZ and the object to observe M N



Fig. 3: Illustration of a planning strategy: the robot is represented by a rectangle

is small enough (less than 45 degrees, for example),

then move the robot to the front of the object. (see Fig. 3)

These strategies are motivated by the need to reduce the uncertainty due to the stereo
triangulation. The first two are easy to understand. The situation corresponding to the
third one is displayed in Fig. 3. The robot is found in the position A and should move to
the position B. There are two reasons for this. The first is due to the fact that the cameras
are mainly calibrated for the central parts. The reconstructed 3D information is less reliable
in the border than in the center. This effect is more severe in position 4 than in position
B. The second reason is that when the angle between OZ and M N is small, a part of the
observed object is far from the camera and the reconstructed 3D information is not very
useful.

The ADM module then gives a command of displacement to the Robot Control Mod-
ule (RCM). Since the command of displacement is related to the stereo coordinate system
and the RCM works in the odometric one, we should first calibrate the two coordinate
systems (Zhang and Faugeras, 1989). When the RCM module receives a command of dis-
placement, it plans the trajectories, as smooth as possible, to reach the goal. The ultrasound
sensors are used to avoid local obstacles on the trajectory (Robles, 1988). The real trajec-
tories are displayed by the graphic interface.

The task of the Motion-Determination Module (MDM) is to match successive 3D
frames and to obtain a precise estimate about the robot displacement. The motion-
determination algorithm is based on hypothesize-and-verify paradigm (Faugeras et al., 1988;

Zhang ct al., 1988). In the first stage, the rigidity constraint is heavily used to generate hy-
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potheses of matches between two successive frames. Two pairings of segments constitute
a plausible hypothesis if they satisfy the constraints on length, angle of two segments and
distance of midpoints, and the constraint on the angle between one of the segments and
the line joining the midpoints. All thresholds in the constraints are determined dynami-
cally using the error estimates (covariance matrices) of the parameters of 3D segments. In
the sccond stage, we propagate cach hypothesis to the whole frame. We first obtain an
initial estimate of displacement from each hypothesis using the iterative extended Kalman
filter (Jazwinsky, 1970; Faugeras et al,, 1986; Ayache and Faugeras, 1989). We apply this
estimate to the first frame and compare the transforined frame with the second frame. If a
transformed segment of the first frame is similar enough to a segment in the second frame,
this pairing is considered as matched and the extended Kalinan filter is again used to up-
date the displacement estimation. A special treatment on the similarity of two segments
is discussed in (Zhang et al., 1988). After all segments have been processed, we obtain, for
each hypothesis, the optimal estimate of motion, the estimated error given by the filter and
the number of matches. Once all hypotheses are evaluated, the hypothesis which gives the
minimal estimated error and the largest number of matches is considered as the best one, and
its corresponding optimal estimate is retained as the displacement between the two frames.

This algorithm does not use any information about motion such as that from the odo-
nietric system. Indeed, the odometric system can give us approxinately the rotation angle
and the relative position between two successive views. Since we have already calibrated
the mobile robot, we can transform the motion estimate from odometric system to stereo
frame. We then skip over the first stage and enter directly the hypothesis verification phase.
This new technique can speed up considerably the motion-deternination process. Typically
(each frame contains about 150 line segments), if we use the general algorithm, about ten
hypotheses are generated, and the user time spent in the whole process is about 70 seconds
on a SUN 3/60 workstation. If we use the new technique, the user time is only about 9
seconds. This is why there is in Figure 2 an arrow from RCM to MDM. Later, the initial
estimate of motion may come directly from the ADM.

Motion estimation and segiment correspondences are then provided to the Data Fusion
Module. Section 4 describes in detail this module. The fused data are fed back to the
Motion-Determination Module to track the position of the robot at the next instant. The
fused data are also supplied to the Analysis and Decision Module and the Interpretation
Module.

Now we have only a set of 3D line segments. It is not useful enough for navigation or
object recognition. 3D line segments should be organized and interpreted in order to obtain a
higher level representation. Since the 3D line segments we have are still noisy, we can impose

some a priori geometric constraints on them to reduce the uncertainty as in (Porrill, 1988).
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All these are the tasks of the Inierpretation Module. This module is being developed. We
have implemented some primitive procedures: parallelism of segments, perpendicularity of
segments, coplanarity of segments, etc. We also notice several researchers working on this
subject (Thonnat, 1988; Grossmann, 1989).

3 Representation of 3D Line Segments

Before proceeding further, we briefly describe in this section how to represent 3D line seg-
ments. The 3D line segments we have (from stereo or other sensors) arc inherently un-
certain and usually do not have the same error distribution in different directions. [t has
been recognized in the Computer Vision and Robotics community (Durrant-Whyte, 1988b;
Ayache and Faugeras, 1989) that uncertainty should be explicitly represented and manip-
ulated. Two representations of uncertainty in 3D reconstruction from stereo are avail-
able. Blostein and Huang (Blostein and Huang, 1987) assumed that the pixel errors were
uniformly distributed and the 3D points reconstructed by sterco triangulation were also
assumed to be uniformly distributed in the corresponding volume. Instead, Matthies
and Shafer (Matthies and Shafer, 1987) modeled the stereo triangulation errors as three-
dimensional Gaussian distributions and claimed that it gave good results in stereo naviga-
tion when the distance to points is not extreme (see also (Ayache and Faugeras, 1989)). The
later modelization makes possible efficient and tractable computation. For the same reason,
we also model measurement errors as Gaussian. However, we should remember that this
assumption can only be justified for small random errors, but not for gross or systematic

CITOTS.

3.1 Motivation

A line segment in 3D space is usually represented by its endpoints M, and M,, which requires
6 parameters, and their covariance matrices Ay and A;. A; and A, are estimated by stereo
triangulation from point correspond.nces (Lustman, 1987; Ayache, 1991). Equivalently, a
line segiment can be represented by its direction vector v and its midpoint M, and their
covariance matrices Ay, Aps, and cross-correlation matrix Ayps. The relation between them

is simple:

V:A/['_Z—Ml, M:(M1+.M3)/2,

1
Av = A1+ Az, A=A+ A4, Avar = (A2 - Ay)/2. (1)

But we cannot use directly these parameters in most cases. The endpoints or the midpoint

9



of a segment are not rchiable. The reason for this is that the way the uncertainty of the
endpoints of a three-dimensional segment is computed takes only into account the uncertainty
in pixel location due to edge detection and the uncertainty in the calibration of the stereo
rig (Ayache and Faugeras, 1989). But it does not take into account the uncertainty due to
the variations in segmentation of the polygonal approximation process. There are two main
sources for those variations. The first one is purely algorithmic: because of noise in the
images and because we sometimes approximate curved contours with straight line segments,
the polygonal approximation may vary from frame to frame inducing a variation in the
segments endpoints. The second is physical: because of partial occlusion in the scene, a
segment can be considerably shortened or lengthened and the occluded part may change
over tine.

Thus, instead of the line segment, the infinite line supporting the segment is usually
used, as in (Kim and Aggarwal, 1987). In a previous version of our algorithm for dis-
placement analysis from two stereo views (Ayache and Faugeras, 1987; Faugeras et al., 1988,
Zhang et al., 1988), a line segment was treated in a mixed way. The infinite support-
mg line was used in estimating the displacement, and the line segment was used for
matching. There las been a lot of representations proposed for a line in the litera-
ture (Ayache and Faugeras, 1989; Roberts, 1988). The main problem is that the uncer-
tainty on the line parameterization does not reflect that of the segment which
the line supports (see (Zhang, 1990) for more details). A segment with big uncertainty may
result in small uncertainty in the line parametrization. In the next subsection, we describe

a representation for 3D line segments taking into account the variations in segmentation.

3.2 Our Representation

Because of the deficiencies of the previous representations for a line or a line segment, we
use a five parameter representation for a line segment: two for the orientation, and three
for the position of a point on the segment. This is a trade-off between line and segment. If
we add another parameter for the length, the line segment is fully specified. Special care is

given to the uncertainty representation.
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3.2.1 Representing the orientation by its Euler angles ¢ and ¢

Let us consider the spherical coordinates (see Fig. 4). Let w = [«,, u,, %7 be a unit

orlentation vector, we have:

U, = (‘(')S¢Si119
u, = sin¢sinf (2)
uw, = cosf
with 0 < ¢ < 27m, 0<68< .
£
u
(¢]
o
.......... Y
o T

Fig. 4: Spherical coordinates

From u, we can compute ¢, 6:

if u, > 0

arccos
¢ _ o ‘/1—712._
2T — arccos —==
1—u?

# = arccosu, .

otherwise, (3)

If we denote [@, 6’]T by %, then the mapping between v and u is 1-to-1 correspondence,
except when 8 = 0. When 8 = 0, ¢ is not defined. A special treatment in covariance matrix
of % is applied in this case, as described below. Another problem with this representation
is the discontinuity in ¢ when a segment varies nearly parallel to the plane y = 0. This
discontinuity must be dealt with in matching and data fusion.

In the following, we assume that the direction vector v = [z, y, z]” and its covariance
matrix Ay of a given segment are known, as computed by (1). We want to compute % and

its covariance matrix A, from v and Ay. ¢ and 6 are simply given by:

arccos —ra—— fy>0
¢ . ae2+y? y=
21 — arccos —= otherwise, (4)

22 +y?
2

§ = arccos ——=t—xur .
/12+y2+12

11



Since the relation between 1 and v is not linear, we use the first order approximation to

compute the covariance matrix Ay (rom Ay. That is
. . I3 T
0 0
o= 2N (5)
ov v

wlhere the Jacobian matrix

3¢ @ 0¢
Q? | Oz 0Oy Oz (6)
ov | 06 @ QQ ’
Or OJy 0=z
Note that
darccos T 1
oz  V1-z?
After some simple computation, we have
o y
= _F:? , for all y
?—? = ——T—) ) for all y
Oy T2+ y*
17
8_(5 = 0, for all y
00 z:
0r (224 y2 + )Vl + ]
% _ v
Oy (P yP+ )y
00 Ve + gyl
8z x4 y?4 227
Notice that when 2 +y> =0, i.e.,, z =0 and y = 0,
a8 96 1 a6
— =—==and — =0
0z Oy = e 5z ’

but ‘))—f and %% are not differentiable. It is reasonable since ¢ is not defined when the vector
is parallcl to the axis z, and a slight change in 2 or y may provoke a drastic change in ¢. To
deal with this problem, we replace %5; and g% by a very big number when z2 + y? = 0, so
that the components of ¢ in A, are very big. That is to say that the measurement of ¢ has

no information content.

3.2.2 Modeling the midpoint of a 3D line segment

We choose the midpoint as the three parameters to localize the segment, but a special

treatment on the covariance is introduced to characterize its uncertainty.
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The midpoint A and its covariance matrix Ay can be computed from the endpoints of the
segment by M = (M + M,)/2 and Ay = (A; + A2)/4. However, the way the uncertainty
of the endpoints of a three-dimensional segment is computed takes only into account the
uncertainty of the pixel coordinates duc to the edge detection process and the uncertainty
of the calibration of the stereo rig. It does not take into account the uncertainty due to the
variations in the different images of the stereo triplet of the polygonal approximations of
corresponding contours. In an attempt to cope with all this, we model the midpoint m of a

segment M, M., as:
m = (M, + M»)/2+nu, (7)

where u 1s the unit direction vector of the segment and n is a random scalar. Equation 7
says n fact that the midpoint has some extra uncertainty attached to it. It may vary
randomly along the line supporting it in successive views. Remark that this modelization
is in accordance with the definition of a line. If a point py on a line and its orientation u
arce given, the line L may be defined as a set of points in 3D space parametrized by a real

variable t:
L:{Plpzpn-i-m,—oo<t<oo}. (8)

The random variable n in (7) is modeled as Gaussian with mean zero and standard
deviation ¢, a positive scalar. If a segment is reliable, o, may be chosen to be a small
number; if not, it may be chosen to be a big one. In our implementation, o, is related to
the length [ of the segment, i.e., 0, = &, where x is some constant. That is to say that the
longer a segment is, the bigger the deviation o, is. This is reasonable since a long segment
is much likely to be broken into smaller segnients in other views. In our experiments, we
found that » = 0.2 gives us very good results.

In order to compute the covariance of m, we should first compute the unit direction
vector u and its covariance Ay. They can be computed from the representation ¥ and \y.

Indeed, we can compute u from 1 based on (2), and A, is given by

o T
Ay = %Aw% ’ (9)
whiere % 1s a 3 X 2 matrix:
5u ~sin¢sinf cos¢cosb
Er?—t/; = cos¢sinf  singcosf | . (10)

0 —sinf

13



Note that the covariance matrix A, is singular (the determinant is zero). This is reasonable
since the three components of u are not independent (||u|| = 1).
At this point, the covariance of m can be computed. We start with the covariance of nu.

Since n and u are independent to each other, we have

E[nu] = E[n]Eu] =0, (11)
Apy = E[(nu)(nu)?] = Ln*uu®] = En?|Euu’] = o2(Ay + aa’) , (12)

where u = F[u]. Now we have
Elm] = E[M], (13)

and !
Am = E[|(in— Em])(m - E[m])T]
= E[(M - E[M])(M ~ E[M])T] + E[(nu)(nu)T] (14)
+ E[n(M - EM])uT] .

Since n is independent of M and u and has zero-mean, the last term is equal to 0 and
Am = ‘\Af + Auu .

If we add another parameter [ to denote the length of the segnicnt, we can then represent
exactly a line segment. The variance on the length does not need to be modeled, since this
information is not required in the motion and fusion algorithms. This ends our modelization
of a line segment.

More rigorously, there exists a correlation between % and m, but this correlation is
negligible. We have computed the correlation for many segments, and we found that the

coeflicient of correlation between 1 and m is less than 0.01.

4 Fusing Segments from Multiple Views

The problem addressed in this section is known as the multiple viewpoint problem. The
objective is to build a consistent, accurate and complete description (model) of objects
or environments by combining the observations taken by the stereo system from multiple
stereo views. One stereo view can only provide partial imprecise information about the
environment, which is not sufficient for interpretation, recognition or navigation.

Assume the robot navigates in a static environment. Suppose that at time ¢; we have
built up a model F;_; from previous views, we now want to integrate it with the new view §,.
Figure 5 shows a more detailed description of the relation between the motion-determination

and data-integration modules. The stereo frame at the current instant S, and that of the
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Fig. 5: Relation between motion estimation and data integration

preceding instant S§,_, are used at the first stage to generate hypotheses of motion hetween
successive instants. We do not use the fused data F,_ since the complexity of the generation
algorithm in the worst case is O(n*m?) (n and m are the number of primitives in F,_; and
8., respectively) and F,_; has more primitives than §;. S, and F,_; (at time tp, Fj is
the same as &)) are used at the verification stage which provides as its output an optimal
estimate of the egomotion d, and also segment correspondences between S; and F,_;. The
integration module then builds a more accurate and complete model F, by combining all
available information. We choose the coordinate system of the last observed frame S; as that
of the global model F, being updated.

Fused segments have a label which indicates their number of instances up to the current
mstant. For example, if a segment in F;,_, with a label k£ 1s matched to a segment in §;,
then the fused segment in F; has a label £ +1. Unmatched segments in S, are simply copied
into F; and are labeled with 1. These segments are always retained since they are likely to
appear at the next instant. Unmatched segments in F;_; with a label 1 may or may not be
rcetained depending upon whether the number of primitives in F, becomes too big or not.
Those segments are less likely to appear at the next instant than those unmatched segments
in S,. In fact, a segment which appeared only once during several preceding instants is very
likely not to correspond to any real segment in space. It may have been reconstructed from
false matches in stereo or its image contours have been poorly segmented. Other unmatched
segments in F,_; are retained in F; by applying the motion estimate d, and its covariance
matrix Aq .

There remains the problem of fusing the primitives in correspondence into a new primitive

while taking into account d; and its covariance matrix Aq, (see Fig. 6).
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Fig. 6: Fusing data from two different views

4.1 Fusing General Primitives

We use a procedure based on the Kalman filter theory to integrate multiple observations.
Suppose we have two independent observations x; and x; with their covariance matrices A,
and A. of a state vector x. The modified Kalman minimum-variance estimator says that the

optimal estimate is given by?

x = [AT'+ AZYTHAT I + AT ],

A= (AT AT (19)

That is, the optimal estimate is just a weighted average of the observations and the corre-
sponding information matrix (i.e., the inverse of the covariance matrix) is the sum of the
information matrices of the observations. The covariance matrix is always reduced in inte-

grating an observation. Equation (15) can be easily proved using the standard Kalman filter

PThese formulae can be extended for = independent observations x; (i = 1...n):

£ = (VAT THESE A X)),

A = (T AHTH
When n = 2. the following formulac are computationally less expensive

Az(Ay 4+ A2) 'xy + A (A + A2) 'xa

"
|

A = Al(Al +A2)—1A2 .
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by setting the transformation matrix and the measurement matrix to identity matrices. Note
that we can apply iteratively the above procedure if we have more than two observations.
First we use (15) to compute a new estimate X and its associated covariance matrix A, then
for every other observation we compute an up-to-date estimate by integrating the old one
with the observation based on (15).

One requirement to use the above procedure is that all observations are expressed in the
same coordinate system. Consider Fig. 6. Let p;~; and p; be primitives in correspondence in
F,_1 and S, and p the new primitive to be included in F; (we choose the coordinate system
of S, as that of F;). We see that p,_; and p, are represented in two different coordinate
systems which are related by the motion vector d, and its covariance matrix Aq,. In order
to use the above procedure, we should first transform p,_, in the coordinate system of F,,
denoted by p!_;, based on d; and Ag,. Let ,_,T; = f(d;) be the transformation matrix from

Fi-1 to F,, the transformed primitive of p;,_; in Frame F, is given by

P =i Loy, (16)

and its covariance matrix is given by

3(,-17’;1).'-1)Ad 3(;—171,1)1'-1 )T

Ap =T Ap T - «
pl-~l 1 P:-1 1 +- adl ! ddg

(17)

See (Zhang, 1990) for the details of the computation of the derivative %{”;‘)

Another requirement is that the observations are independent. Strictly speaking, p!_,
and p, are not independent, although p,_; and p,; can be reasonably assumed independent.
This is because p!_; is computed from the original primitive p,_; by applying the motion
estimate d, and both p,_; and p; contribute to the estimation of d;,. This results the
correlation between p._, and p;. However this correlation is negligible since the motion
vector d; is usually estimated from more than 30 correspondences (150 correspondences,

sometimes).

4.2 Fusing Line Segments

A 3D line segment is represented by (v, m, [) and (A, A,) (see Sect. 3). No modelization
of the uncertainty on the segment lensths has been carried out (we do not need it). Let the
transformed segment from F;_, be represented by (t;, m,) with their covariance matrices

(Agp;, Am,) and the segment from S, be represented by (12, my) with their covariance
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Fig. 7: Union of two matched segments

matrices (A,,, An,,). Then the parameters of the fused segment are given by

¥oo= [Ag HALITHAL Y+ AL Ya)
Ay = [AFE+AN0T, s
m = (AL + AL T AL M+ A my)

/\xn = [/\;—nll -+ A;nlz -1 .

They give the orientation and position of the fused segment.

In the case of the discontinuity of ¢ (see Sect. 3.2), care must be taken before we use the
above procedure. The idea is the following. If a scgment is represented by ¥ = [¢, 6]7, it
is also represented by [¢ — 27, 6]T. Therefore, when fusing two segments, we perform the
following tests and actions. If ¢; < 7/2 and ¢2 > 37/2, then set ¢, = ¢y — 27; else if
¢1 > 37/2 and ¢, < 7/2, then set ¢; = ¢; — 2m; else do nothing. Notice that adding a
constant to a random variable does not affect its covariance matrix. Using ¢, and ¢5, we
can compute a ¢’ using the above procedure. The ¢ of the fused segment is then equal to ¢’
if ¢ > v, and equal to 27 + ¢’ if ¢’ < 0.

Due to the reasons described in Sect. 3, we can conclude that a reconstructed segiment
ts only part of a real segment in space. Two segments are considered as being matched if
they have a common part. Their corresponding segment in space can be expected not to
be shorter than either of the two segments. That is, the union of the two segments can be
reasonably considered as a better estimate of the corresponding segment in space.

(Consider two segments to be fused, L, and L, in Fig. 7. First an infinite line L is
computed using (18). Then the midpoints of the two segments are projected on L, and we
get ') and m’;. The lengths of the projected segments are also computed, and are denoted
by | and l,. Now we want to compute the real midpoint M and the length ! of the fused

segment L. After studying all cases, we have the following algorithm:
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Algorithm 1: Union of Two Segments

e Input: (1, my, ) and (32, my, ;)
e Output: (¢, m, [)

¢ Define local variables: m{, mj, [}, [; and M

e Compute, using (18), the infinite linc L: (2, m)
® Project m; and mi; on L: m’; and m/;
® Project {; and [, on L: I} and [
e Compute the real midpoint M and length [ of L:
. —_—
—if ([[m'ym’a|| + 15/2 < 1[§/2)
then & M =m';, [ =1}
R _—
else if (||m'ym’y|| + 1{/2 < 1}/2)
then «— M = m/,

! ' 119 ' —‘,——7)
else «— M =m'; + lm'ym%| + 15/2 = ;/2 m'im’,

<

—_——
[lm' m’; ||
_ﬁ) ! v 7 s
o L=+ ([[m'imy]| + 15/2 = 11/2)
—endif
e Setm=M

! !
where m’ym’; = m% — mj.

The covariance matrix of M can be extrapolated from that of m, Ay, and that of the

unit direction vector u, Ay. Indeed, M can always be represented by
M =m+ su, (19)

where s 1s an arbitrary scalar. The above equation can be interpreted as the addition of a

biased noise to m, therefore the covariance matrix of M is given by

Ay = Am + s2(Ay 4+ uu?) . (20)

4.3 Example

In this section, we give an example of fusing two segments.
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Fig. 8: Fusing two segments: evolution of the uncertainty in the midpoint

-

(b)

Fig. 9: Fusing two segments: evolution of the uncertainty in the orientation
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Figure 8 shows two segments which are taken from two real stereo frames. Pictures in the
first row are the front view and those in the second row are the top view. IFigure 8a shows
the superposition of the two original segments and IYigure 8b shows their superposition after
applying the estimated motion to the first segment (in dashed line). The solid segment in
Fig. 8¢ 1s the fused one which is, for reason of comparison, superimposed with its original
segments (in dashed line). The uncertainties of the midpoints arc represented by ellipses.
Figure 9 shows the evolution of uncertainty in the orientation parameters 7. Figure 9a
shows the superposition of the two original ¥’s (represented by points) and their uncertainty
ellipses, and Iigure 9b shows their superposition after applying the estimated motion to the
first 9 (in dashed line). Figure 9c displays the 9 and its uncertainty ellipse of the fused
scgment (in solid line) with its original observations (in dashed line). We can observe how

the uncertainty is reduced.

4.4 Summary of the Fusion Algorithm

A fused 31) line segment has a label called the instance which indicates the number of
instances, 1.e., the number of original segments which have been fused, until the current
instant. Algorithm 2 gives a more formally description on how the fusion process works.

The fused frame F, at t; is set to be the observed stereo frame 8.

5 Experimental Results

In this section, we provide three experimental results to measure both quantitatively and
quahtatively the performances of the integration process. The first one gives a quantitative
analysis. The second shows the result of fusing two stereo views, and the third shows that

of fusing 33 stereo views of a room.

5.1 Quantitative Analysis

In this experiment we used three data scts, each containing ten noisy 3D frames. Fach
3D frame consists of four 3D line segments, which was generated as follows. The noise-
frec segments form a square with side equal to 500 millimeters and are 3 meters before the
sterco setup. We have projected them on each camera using the real calibration parameters
obtained for our trinocular stereo system, and therefore obtained four triplets of 2D segments.

The projection of the sqaurc on a camera is almost a rectangle of width about 120 pixels
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Algorithm 2: Integration of Multiple Stereo Views

® Input: Stereo frames S;_; and S; and previous fused frame F;_;
e Output: Updated fused frame F;

o Generate motion hypotheses between S;_; and S;
e — for each hypothesis generated, using F;_; and S;
< Compute the optimal motion estimatc D
— Iind line segment matches { M}
«— endfor
e Choose the best hypothesis which gives Dypese and { My, }
e Get F/_| by applying Dyest to Fioy
/* the last frame has been chosen as the global reference */
e Consider segments which have been matched
— for each pairing (S’, S) in { Mpes }
< Fuse them as Sp /* Algorithm 1 */
< Retain Sg in F; and set its instance to that of S” plus 1
« endfor
e Copy unmatched segments from F/_; to F;
e Copy unmatched segments in S; into F;

and initialize their instances all to 1




Table 1: Quantitative results of fusion

Data set No. 1 No. 2 No. 3
Segment angle | distance | angle | distance | angle | distance
No.1 | average | 9.67 39.69 [ 7.73 21.67 | 9.99 31.18

fusion 5.23 9.15| 0.16 7.03 | 2.12 10.09
No.2 | average | 7.60 47.81 | 8.82 28.51 | 9.60 32.90

fusion 2.97 6.34 | 5.98 3.42 | 5.52 16.15
No.3 | average | 19.68 37.55 | 6.54 33.05 | 8.45 33.66

fusion 8.84 431 | 2.63 13.28 | 2.25 2.88
No.4 | average | 13.85 46.30 | 15.42 55.83 | 11.72 31.37

fusion 1.46 16.24 | 5.43 2.02| 3.40 7.60

and of height about 150 pixels (image resolution: 512x512). We then added independent
Gaussian noise to the endpoints of the projected segments. The noise for each projected
segment has two independent components: one component parallel to the segment and
another perpendicular to the segment. The parallel noise term was added such that the
length of the segment was shortened. The parallel component is a random scalar with mean
zero and standard deviation o) = 20 pixels; the perpendicular one is a random scalar with
mean zero and standard deviation o) ranging from 0.5 pixels to 2.5 pixels. Such noises were
added to both endpoints of a segment. This partly models the precision of our edge-detection
and polygonal approximation processes: more uncertainty is present along the segment than
in its normal direction. At this point, we have generated a noisy image triplet. It was then
supplied to the trinocular stereo system, and a realistic 31 frame was finally rcconstructed.

In the first set of ten frames, the o ’s are equal to 0.5, 1.0, 1.4, 1.7, 1.9, 2.1, 2.2, 2.3,
2.4 and 2.5, respectively. In the second set, the o) ’s of the first five frames arc all equal
to 1 pixel, and those of the last five frames, 2 pixels. In the third set, the o,’s of the first
five frames are all equal to 2 pixels, and those of the last five frames, 1 pixel. We then ran
the integration process to fuse the ten frames in each data sct. To measure the quality of
the fusion result, we define two criteria. The first is the angle between the fused segment
and its corresponding noise-free segment. The second is the distance of the midpoint of the
noise-free segment to the fused one. The result are given in Table 1, where for reason of
comparison we also show the average of the angles between each noise-free segment and its
corresponding noisy ones, and the average of the distances of the midpoint of each noise-
free segment to its corresponding noisy ones. The angles are in degrees and the distances

are in millimeters. As can be observed, considerable improvement in the accuracy of the
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measurements has been achieved.

Figure 10 gives a visual presentation of the fusion results with the second data set. In
the pictures on the left, we show the superposition of the fused segments (in solid lines)
and their original noisy scgments (in dashed lines). In the pictures on the right, we show
the superposition of the fused segments (in solid lines) and their original noise-free segments
(in dashed lines). The first picture in each column shows the projection to a plane almost
parallel to the plane passing through the cameras optical centers (front view). The second
shows the projection to the ground plane (top view) and the third shows the projection to
a plane perpendicular to the above two planes (side view). We observe that we can obtain

precise measurements from very noisy data through fusion.

5.2 Fusion of Two 3D Views

Figures 11 and 12 show two stereo frames reconstructed by our mobile robot in two different
positions. The triangle in each picture represents the optical centers of the cameras of our
trinocular stereo system. We have 261 segments in the first frame and 2350 segments in
the second. Note that there is a large displacement between these two positions (about 10
degrces of rotation and 75 centimeters of translation) which can be noticed by superposing
the two frames (see I'ig. 13). The maximum shift in the 2D images is about 95 pixels (the
image resolution is 512x512) (we show in Ilig. 14 the images taken by the first camera).
Applying our hypothesis generation procedure to these two frames, we obtain 12 hypothe-
ses. All these hypotheses are propagated to the whole frame to match more segments and
to update the motion estimate. In the end, 9 hypotheses correctly give the estimate of the
displacement. The one which matches the largest number of segments and gives the minimal
matching error is kept as the best one. To determine how good this estimate is, we apply it
to the first frame and superimpose the transformed one on the second, 1.e., in the coordinate
system of the second frame (see Fig. 15). The shift of the triangle in this figure displays
in fact the displacement of the robot. Figure 16a shows the superposition of the matched
segments after applying the estimated motion to the first frame. One observes a very good
accuracy of the motion estimate. We obtain, at the same time, 170 matches between the two
frames. Among the recovered matches, 14 are multiple matches. Our algorithm admits mul-
tiple matches, that is, a scgment in the first frame can have two or more correspondences in
the second frame, and vice versa. Two broken segments and a long segment can be matched
by our algorithm. Scgments of multiple matches are fused into a single scgment, so we get
156 fused segments in total. The fusion result is displayed in Fig. 16b. Comparing Fig. 16b
with Figs. 11 and 12 (or Fig. 16a), we observe the improvement in the accuracy of segment

measurcments (examining, for example, segments on the right).
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Superposition of the two original frames: segments of Frame 1 are represented

in dashed lines and those of Frame 2 in solid lines

Fig. 13:

Fig. 14: Images taken by the first camera at two different instants
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Front View (xy)
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Superposition of the transformed segments of Frame 1 (in dashed lines) and

Fig. 15: thosc of Irame 2 (in solid lines) in the coordinate system of Frame 2 (nonuni-

form scale)
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Fie. 16 (a) superposition of the matched segments after applying the estimated motion
ig. 16:
8 to the first frame, (b) fused segments (unmatched segments are not displayed)
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Fig. 17: Semantic description of the room
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‘The final 3D map of the room by integrating 35 3D frames obtained from
Fig. 19: stereo: top and front views (line segments in the middle part of the top view

indicate the positions of the cameras)
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Fig. 20: First perspective view of the global map

view of the global map

Fig. 21: A stereogram of the first perspective
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Fig. 23: A stereogram of the second perspective view of the global map
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5.3 Fusion of a Long Sequence

We now describe the result of the integration of 35 stereo views taken when the robot
navigates in a room. Merged segments are represented in the coordinate system related
to the last position. As described in Sect. 2, the displacement of the robot is manually
controlled with the aide of a graphic interface, such that there exists some common part of
the view fields in the successive positions (the necessary condition that the motion algorithm
succeeds). A labeled map of the room is shown in Fig. 17. In Fig. 18, we show four sample
images taken by the first camera. Figurc 19 shows the final 3D map obtained by integrating
35 stereo views of the room. One can easily establish the relation between the descriptions
in Fig. 19 and in Fig. 17. In order to give an idea about the displacements of the robot in
this experiment, we also show the position of the cameras at each instant in the room in
the top view which is represented by a line segment in the middle part. Amongst all the
displacements effectuated, the biggest rotation is of 17.4 degrees and the largest translation
1s of 683 millimeters.

From Fig. 19, several remarks can be made. Consider the upper left corner of the room
in the top view. Large uncertainty can be observed, which is due to the fact that the robot
is distant from that corner. Consider now the same corner in the front view. In fact, the
front view displays the height information observed by the robot. Since the robot is more
distant from the corner than from the other parts, it observes things in the corner higher
than in the other parts of the room. The low part of the corner, however, is not seen by
the robot, because the table in front of it hides it. The left wall is in fact composed of two
noncoplanar parts. Figures 20 and 22 give two perspective views of the final 3D map to
observe better the details of the room. We provide also two stereograms, each corresponding
a perspective view (Figs. 21 and 23), which allow the reader to perceive the depth through
cross-eye fusion.

There are 3452 segments in total in all stereo frames and we have only 839 segments scen
at least twice in the final map (segments which appear only once are not counted). This
shows that fusion is also very useful in reducing the memory requirements. Although the
result is very encouraging, one can observe some distortion in the global map, very probably

due to the stereo calibration or 3D reconstruction.

6 Conclusion

We have described in this article a system to incrementally build a world model

of an unknown environment with a mobile robot. The model 1s, for the moment,

36



segment-based. A trinocular system is used to build a local map of the environ-
ment. A global map is obtained by integrating a sequence of 3D frames taken by
a stereo system when the robot navigates in the environment. The emphasis has
been on the integration of segments from multiple views. Our approach to the in-
tegration of multiple stereo views is very similar to those reported in the literature
based on Bayesian estimation (Smith and Cheeseman, 1987; Ayache and Faugeras, 1987,
Porrill, 1988; Moutarlier and Chatila, 1989; Grandjean and de Saint Vincent, 1989), al-
though there is a slight difference in technical details. An important characteristic of our
integration strategy is that a segment observed by the stereo system corresponds only to
one part of the segment in space if it exists, so the union of different observations gives a
better estimate on the segment in space. We have succeeded in integrating 35 stereo frames
taken in our robot room. Although the results are very encouraging, several points need to

be further investigated:

e The distortion in the global map should be analyzed in detail. It may result from

carmnera calibration, 3D reconstruction or motion estimation.

e The implementation of the current system is based on 3D line segments. They arc
rather limited in their descriptive power and are usually not sufficient to describe
complex scenes, e.g., outdoor scenes. The method described in this article can casily
be extended to include stable points such as corners, but this is not sufficient, either.

We are currently working on the modelization of curved objects.

e Geometric constraints (parallelism of segments, coplanarity of segments, etc.) can be

imposed on the segment set to improve the accuracy of measurements.

e The resulting world model needs to be represented in a more symbolic manner, iden-

tifying, for example, walls, tables and doors in it.

e The analysis and decision module should be developed in order for the mobile
robot to build automatically the world model. This is something we are do-
ing (Buffa et al., 1990).

The primary goal in (Buffa et al., 1990) is obstacle avoidance and trajectory planning
for an indoor mobile robot. We first project, on the ground plane, 3D line segments re-
constructed by stereo to obtain a two-dimensional map. Those 2D scgments are used to
construct a tessellation of the ground plane through the Delaunay triangulation. We then
determine free space by marking those triangles which are empty and generate collision free

trajectories. As the mobile robot navigates, more 2D segments are available, and a technique
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adapted from that developed in this article is used to fuse 2D line segments and to build
incrementally a global 2D map. The process is iterated until the task is accomplished.
Several similar ideas can be found in the 3D Mosaic scene understanding sys-
tem (Herman, 1986). That system is intended for incrementally generating a 3D model
of a complex scene from multiple images. The primitives used are edges and vertices. It
differs from the work described in this article in at least the following points. Firstly, no
extended experiments have been carried out using this system. Only the merging result of
a 3D frame obtained from a pair of stereo aerial images and a manually generated 3D frame
has been reported. Secondly, the motion (coordinate transformation) between successive
views has been assumed to be known, which makes the matching problem trivial. FFinally,
uncertainty in the model and in the measurements has not been systematically addressed.
One important point of the 3D Mosaic system from our point of view is that part of the
knowledge of planar-faced objects has been explicitly formulated. Such knowledge may con-
stitute a good starting point for us to interpret fused data towards derivation of a symbolic

model.
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