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Abstract: The paper describes a complete framework for autonomous envéranmapping, localization and navigation
using exclusively monocular vision. The environment map is a mosé@®gfatterns detected on the ceiling
plane and used as natural landmarks. The robot is able to localize itdeth aaproduce learned trajectories
defined by a set of key images representing the visual memory. Afispeciltiple 2D pattern tracker was
developed for the application. It is based on particle filtering and usesrhatie contours and gray scale level
variations to track efficiently 2D patterns even on cluttered ceiling appearaihen running autonomously,
the robot is controlled by a visual servoing law adapted to its nonholonoonisti@int. Based on the regu-
lation of successive homographies, this control law guides the robag #h@ reference visual route without
explicitly planning any trajectory. Real experiment results illustrate the validitie presented framework.

1 INTRODUCTION focus is done on three main points: i) environment
mapping with autonomous localization thanks to pat-
tern tracking, ii) path learning using visual memory,

For an indoor mobile robot system, the ability to au- iii) path reproducing using visual servoing.

tonomously map its environment and localize itself i . ]
relatively to this map is a highly desired property. Us-  The environment map is a mosaic of 2D patterns
ing natural rather than artificial landmarks is another detected on the ceiling plane and used as natural land-
important requirement. Several works using monocu- Mmarks. This makes the environment representation
lar vision for mapping and self localization exist. The Minimalist and easy to update (only vector represen-
most important difficulty is to achieve the generation tations of the pattern are stored rather than entire im-
of a sufficient number of landmarks which can be ro- ages). During a learning session, landmarks are au-
bustly recognized during navigation session with a tomatically detected, added to the map and tracked
near real time rate. Interest pointS (Se et a|_, 2001), in the image. The ConSIStency of the recon§tructlon IS
straight lines (Talluri and Aggarwal, 1996) and rec- guaranteed thanks to the pattern tracker which enables
tangular patterns (Hayet, 2003) were used. The first fobot pose updating.
approaches focused on producing efficient algorithms A specific pattern tracker was developed for the ap-
to match a set of observed patterns with a subset of thepjication. This was motivated by the fact that for re-
map primitives (Talluri and Aggarwal, 1996). Multi-  jalistic robotics applications there is a need for algo-
ple sensor data fusion (odometry) was generally usedrithms enabling not only pattern tracking but also au-
to achieve real time computing by eliminating ambi- tomatic generation and recognition. Among the large
guities. More recently, the success of real-time track- variety of existing tracking methods, model-based ap-
ing algorithms simplified the matching process and proaches provide robust results. These methods can
allowed to use structure from motion technics to com- yse 3D models or 2D temp|ates such as appearance
pute the 3D coordinates of the observed features (Semodels (Jurie and Dhome, 2001; Black and Jepson,
etal., 2001). 1996) or Geometric primitives as contour curves and
In this paper, we show how pattern tracking and vi- CAD description (Marchand et al., 1999; Lowe, 1992;
sual servoing is used to provide a complete framework Pece and Worrall, 2002). Object recognition algo-
for autonomous indoor mobile robot application. The rithms based on segmented contours (straight lines,
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ellipses, corners,...) have reached today a high level2 ENVIRONMENT MAPPING

of robustness and efficiency. Thus, it seems judicious AND TRAJECTORY LEARNING

to investigates trackers which use contour based pat-

tern models. Note that tracking in cluttered back- L

ground and with partial occlusions is challenging be- 2.1 Problem Formalization

cause representing patterns with only contour infor-

mation may produce ambiguous measurements. EX-The mobile robot system is composed of three frames

tensive studies of either active or rigid contour track- as shown in Figure 1: the world frani&;, the ro-

ing have been presented in literature (Isard and Blake, hot frameF and the camera framg&c. To localize

1998; Zhong et al., 2000; Blake et al., 1993; Bascle the robot in its environnement one have to estimate

etal., 1994; Kass et al., 1988). The used methods arethe transformation’ T between the world frame

usually defined in the Bayesian filtering framework and the robot frame. Assuming that the transforma-

assuming that the evolution of the contour curve state tion T, between the camera frame and the robot

follows a Markov process (evolution model) and that frame is known thanks to a camera-robot calibrating

a noisy observation (measurement model) is avail- method, the image is corrected so that it corresponds

able. The contour state is tracked using a probabilis- to what would be observed if the camera frame fits the

tic recursive prediction and update strategy (Arulam- robot frame i.e.“Tx = I. As the visual landmarks

palam et al., 2002). More recently, Particle filter- are on the ceilling plane, the correction to apply on

ing was introduced in contour tracking to handle non the observed data is a homograghiiz. Knowing

Gaussianity of noise and non linearity of evolution ¢, ©Hj can be expressed as follows:

model (Isard and Blake, 1998). The pattern tracker

used here, and whose first results were presented in c _ 4 T -1

[*], is a contour model-based one and takes into ac- Hp =K (R tn /d) K @)

count the image gray scale level variations. It uses WhereK is the camera intrinsic parameters matrix,

the condensation algorithm (Isard and Blake, 1998) to R andt are respectively the rotation matrix and the

track efficiently 2D patterns on cluttered background. translation vector it T, n is the vector normal to

An original observation model is used to update the the ceilling plane and is the distance from the robot

particle filter state. frame to this plane. After applying the computed cor-
The robot is also able to reproduce learned trajec- rection to image data, one can assume for the clarity

tories defined by a set of key images representing of the presentation and without loss of generality that

the visual memory. Once the environment map is “Tr is set to the identity matrix.

built, a vision-based control scheme designed to con-

trol the robot motions along learned trajector(es L D pattern
sual route)is used. The nonholonomic constraints of |

most current wheeled mobile robots makes the clas- Fw Geiling Plane
sical visual servoing methods unexploitable since the CHp 9

camera is fixed on the robot (Tsakiris et al., 1998).
However, motivated by the development of 2D 1/2
visual-servoing method proposed by Madisal (see
(Malis et al., 1999)), some authors have investigated
the use of homography and epipolar geometry to sta-
bilize mobile robots (Fang et al., 2002), (Chen et al.,
2003). In this paper, because the notions of visual
route and path are very close, we turn the nonholo-
nomic visual-servoing issue into a path following one.
The designed control law does not need any explicit
off-line path planning step. . .
The paper is organized as follows: in section Il, 2.2 On-line Robot Pose Computing
the autonomous environment mapping, robot local-
ization and navigation using key images, and the pat- Let us denoteF,, the 2D frame defined by theand
tern tracker are described. Section Ill deals with the y-axis of Fy;; and related to the ceiling plane. We
design of the control scheme. An experimental evalu- assume that a set of 2D landmanks; detected on
ation is finally presented in section IV. this plane are modeled and grouped in a mosaic rep-
resented by a sett = {(m; M T;),i=1,..,n}
where the planar transformation matfxT'; between
Fu and a frameF; related tom; defines the pose
of m; in the mosaic (Figure 2). We ha¥T; =

Figure 1: The camera-robot system.
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if the camera is calibrated. Otherwise, the computed
pose is sufficient to achieve navigation using visual
servoing as we will see in section 3.

2.3 Environment Mapping

We will now explain the process of building the mo-
saic of 2D landmarks. At timé = 0, the robot grabs

an imageZ,, generates a first 2D modat, and as-
sociates to it a frame&. In fact, this first model will
serve as a reference to the mosaic. Thus, we have
Fo=Fu andMT(()k) = I (I is the identity matrix).

In the imageZ,, a trackerr is initialized with a state

Figure 2: Robot pose computing using visual data of a 2D ILZ(»O). As the robot moves, the state wf evoluates

model. with respect tok. The system generates other mod-
els. At each generation of a new modal; at the
instantk, a new trackerr, is initialized with a state

Mp. Mp. . . . .
[ 5{, IPZ } where MR,; = ggz CSQO? ILEk). Due to the mosaic rigidity, the transforma-
) ! o g tion between the two model frames is time indepen-
expresses the rotation of the model atid®; = dent and equal tBL; = OLgk) ]Lz(k) (Figure3). Not-
Z; . . .. in 0,.. Ops .
[ ” } its position. Localizing the robot at an in ing °L; — (1;1 1;% and projecting this trans-

stantk consists in computlndfT(C) which defines  formation onto the mosaic plane we obtain the pose
the homogenous transformation between the projec- Oy, %Opi _

tion £+ of the camera fram& on the mosaic plane i = { 0 ] of the new modein; in M:
as shown in Figure 2. At the instahtthe robot grabs

an imageZ;, of the ceiling. Let.7-'}k) be a 2D frame
lied to the image plane. The pose of the projection of
an observed modeh; on the image plane is defined

1.(k)  1(k)
by the transformatioAL ") = [ r(i) pli ] be-

tweenFI(k) and a frameFi(k) lied to the projection of
(k) _ gp(k)
m; whereMy, = ggfk) CSQ%C) ] express the

K Figure 3: Computing the pose of a new model in the mosaic.

(
rotation of the model and’p; = uf,c) its po-
[

sition in the image. Considering the inverse of the
perspective projection, we obtain the transformation
between the projectionEg“) and F; of the camera
frame and the model frame respectively on the mo-
saic plane (Figure 1):

I
e [ T F

0 1 0 1

where Z is the distance from the origin of the cam-
era frame to the ceiling and the focal length. We
can thus express the robot pose relativelywowith
respect to the parameters of a seen maagby

Figure 4: An example of key images forming a trajectory.

. Of course, as the robot moves), may eventually
Mmp(k) _ M. (CT(k)) ) disappear at an instaktwhen creating a new model
C % i L. ..
m;. In fact, it is sufficient that at least one moaal;,
Note that the robot position is computed up to a already defined in the mosaic, is seen at the ingtant
scale factor% The absolute position can be retrieved To compute the pos¥ T;, we first calculaté L; and
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project it to obtaif'T;. The modelm; is then added 2.5 Pattern Tracking

to M with the poseM T; =° T} T;. Figure 5 shows

an example of mosaic construction using the sequenceThe tracking problem can be expressed as the es-
presented on the left hand side. The set of images rep-timation of the state of a dynamical system basing
resents the detected 2D models. The right image is aon noisy measurements done at discrete times. Let

representation of the constructed mosaic and the robotus consider that, at timg, the state of a system is

locations (gray triangles) during navigation.

@)

(b)
Figure 5: An example of mosaic: (a) a set of key-images

with detected 2D patterns, (b) The mosaic and robot loca-
tions.

2.4 Path Learning and Visual
Navigation

The idea is to enable the robot to learn and repro-

duce some paths joining important places in the en-

vironment. Let us consider a trajectory executed dur-
ing the learning phase and joining a poiAtto a
point B. A set of so called key images is chosen

among the sequence of video images acquired dur-

ing the learning stage. A key imadg is defined by

a set of mosaic models and their poses in the imagepoints {m®) = (v v()) j=1,.. N}

(Figure 4):7P) = {(mzf LE“) i=1,2, } A
trajectory relatingA and B is then noticedd 4
I,EAB),k =1,2,...;. Key images are chosen so

that the combination of the elementary trajectories be-

tween each couple of successive key ima@&B )

andI,E,A]f) forms a global trajectory which approxi-
mativeTy fits the learned trajectory. Some conditions
have to be satisfied when creatifbg z: i) two suc-

cessive key images must contain at least one common M =

model of the mosaic, ii) the variation of the orienta-

defined by a vectoX; and the measurements by a
vectorZ;. Based on a Bayesian approach, the track-
ing consists in iteratively predicting and updating the
posterior density function (pdf) of the system state
using respectively the dynamical and the observation
models. The pdp (Xx|Z1.x) is thus estimated as the
vectorZi., = (Z;,7 =1,...,k) containing the latest
measurements becomes available online.

The tracker developed for this application uses
the condensation algorithm (Isard and Blake, 1998)
which is based on particle filtering theory (Arulam-
palam et al., 2002). First, a pattern model is de-
fined in the image inside an interest window. It is
composed of contours approximated by segments and
arcs. The model contains also a list of vectors whose
elements represent the evolution of image gray scales
in the gradient direction around points sampled on the
contours (Figure 6). Polygonal representation of the
contours is used for automatic pattern generation and
recognition. This enables tracking initialization. Dur-
ing the tracking, only gray scale vectors are used to
estimate the state of the pattern. To formalize this
model, let us consider a window of interest in the im-
age with a centefz,, y.) and dimensiong, andA,,.
Each segmented contour is sampled in a set of image
where
N,, is the number of points. At each point, we built a

. . . T
vectorv () = (g&g),géj),...,gl(]), ) composed of
N gray scale value samples from the image follow-
ing the gradient direction at the pixeh?) and with

a fixed step size. gl(j) is a bilinear approximation
of the gray scale values of the nearest four pixels. A
pattern model can thus be expressed as follows:

{(U(j),V(j),W(j)> j=1, -~-,Nm} ©)

tion of a model between two successive key imagesis with UV = [x(j)vy(j)ﬁ(j)]T, where £() =

smaller than a defined threshold. The first condition

is necessary to visual servoing. The second is moti-

vated by the fact that several different paths joining

two poses do exist. It is thus necessary to insert ad-

ditional key images to reduce the variation of orienta-

tion between two successive images (Figure 4).Visual

servoing is used to carry the robot from a key image
to another.
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M and y(ﬂ) =

"y are the normalized co-

j)
J Ay
ordinates ofm) inside the interest window and
¢\ the gradient orientation am?). The vector
WO = (a(j),b(j),...)T is composed of a set of
parameters defining a functioﬁgg} which is an ap-
proximation of the one-dimensional discrete normal-
ized auto-correlation functio®, of G where
G (1) = gP forl = 1,..,N,, andGD (1) = 0
elsewhere. We have
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w = p(Zk|S§f)). For each predicted particle

N,

s (3) . .
G) Ay ) 12 ) G S,.’, the model is fitted to the imagé,. Around
Coa () = (1/ A ) l z;v GPHET =) each image point coinciding with a model point;,
“ TNy 7

an observed vectdv?) = (g§j>,g§j>,...,g§j>7...
of gray scales is built following a direction which is
the transformation of the gradient orientation of the
model. For each observed vector we compute the nor-
malized inter-correlation between the vector stored in

The simplest expression affé% is a straight line

equation (Figure 7).W() is then one-dimensional
and equal to the slope.

G ay | mage the model and the observed vector components:
scal e ./c/. W ndow
value /0 " ) V(j)-V,(cj)
T ol e Te T e— T e
BN A VOVl
I z(9) m() The question is now how to use the inter-correlation

: e measure to estimatg (Zk|Sk )’? We first com-

ute the probabilit (Z(,j) S(i)> that each model
Figure 6: Pattern model: sampled points on segmented con-" P w (25" 1Sy

tours and corresponding gray scale vectors in the gradientpoint m) is placed according to the state vec-
direction. tor particle S,(f) on the corresponding point in the
observed pattern. The maximum of probability is
expected atm?). The inter-correlation measure

Cgé(k) can yeld an estimate of the deviatiaff) =

C'gc)fl (Cé%k) between the observed and the pre-

~(5)
Céc
3, ;D(Zu)\S(j))

| A : -
Gy A1 . dicted gray scale vectorﬁg();_1 being the inverse
A= Ca, & of the auto-correlation function. Assuming that the
probability that the observed gray scale vector fits the
predicted one follows a Gaussian distribution with re-
spect toA) (Figure 7) we can reasonably approx-
imate p (z,(j)\s;@) by Q, (A), the one-dimensional
Gaussian function with stand(%rd (dgeviat'mnAssum-
ing that the probabilities (Z{|S{” ) are mutuall
Xk = (Tk, Ye, O s5) " (4) . g p. P2 1S Y
independent, it results that

Tk, Yk, O are respectively the position of the
NP
» (zul8) = TL» (2215(")

1 C(J)

-

Figure 7: Deriving the probability measure from the inter-
correlation measure.

The state vectoK, defines the pattern pose in im-
ageZ; attimek :

pattern center and its orientation in the image frame
and sy, is the scale factor. The key idea is to use

®)

a Monte Carlo method to represent the pdfXf
by a set of samples (particIeSff). A weight w,(j)

is associated to each particle. It corresponds to the

probability of realization of the particle. Starting
from a set{Sg),i:L...,Np} of N, particles

with equal WeightSw,(j), the algorithm consists

j=1
more details about handling partial occlusions and
scale changing effects can be found in [*].

3 VISUAL ROUTE FOLLOWING

in iteratively: 1) applying the evolution model on

S,(Ql, 2) computing the new Weightfz),(c’i1 using achieve positioning tasks. Classical methods, based
the observation model, 3) re-sampling the particle on the task function formalism, are based on the exis-
set (particles with small weights are discarded while tence of a diffeomorphism between the sensor space
particles which obtained high scores are duplicated and the robot’s configuration space. Due to the non-
so thatV,, remains constant). holomic constraints of most of wheeled mobile ro-
bots, under the condition of rolling without slipping,
such a diffeomorphism does not exist if the camera is
rigidly fixed to the robot. In (Tsakiris et al., 1998),

A key point in particle filtering is the definition
of the observation modeZ,, in order to estimate
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Landmark /\

Figure 8: Frames and images; andZ;; are two consec-
utive key images, acquired along a teleoperated path

Landmark /\

Figure 9: Control strategy.

like robot, which evolutes on a perfect ground plane.
The control vector of the considered cart-like robot

isu = [V,w]T whereV is the longitudinal veloc-

ity along the axleY. of 7., andw is the rotational

the authors add extra degrees of freedom to the cam~g|ocity aroundZ.. The hand-eye parameteis €.

era. The camera pose can then be regulated in a closeghe rigid transformation betweef. and the frame at-

loop. , tached to the camera) are supposed to be known.
In the case of an embedded and fixed camera, the con-  The state of a set of visual featur®s is known

trol of the camera is generally based on wheeled mo-j the imagesZ; andZ,.;. MoreoverP; has been
bile robots control theory (Samson, 1995). In (Ma tracked during the learning step along the pathe-
et al., 1999), a car-like robot is controlled with re- tweenrz, and ;.. The state ofP; is also assumed
spect to the projection of a ground curve in the im- ayajlable inZ, (i.e P; is in the camera field of view).
age plane. The control law is formalized as a path The task to achieve is to drive the stateffrom its

following problem. More recently, in (Chen et al.,
2003), a partial estimation of the camera displace-
ment between the current and desired views has bee
exploited to design vision-based control laws. A tra-
jectory following task is achieved. The trajectory to
follow is defined by a prerecorded video. In our case,
unlike a whole video sequence, we deal with a set of
relay images which have been acquired from geomet-
rically spaced out points of view.

A visual route following can be considered as a se-
guence of visual-servoing tasks. A stabilization ap-
proach could thus be used to control the camera mo-
tions from a key image to the next one. However, a
visual route is fundamentally a path. To design the
controller, described in the sequel, the key images of
the reference visual route are considered as consec

utive checkpoints to reach in the sensor space. The

control problem is formulated as a path following to
guide the nonholonomic mobile robot along the visual
route.

3.1 Assumptionsand Models

Let Z;, Z;,1 be two consecutive key images of a
given visual route to follow and,. be the current
image. Let us note; = (0;,X;,Y;,Z;) and
Fiv1 = (0i+1,Xit1, Yit1, Zi41) the frames at-
tached to the robot whefy andZ; ., were stored and
Fe=(0¢ X, Y, Z:) aframe attached to the robot
in its current location. Figure 8 illustrates this setup.
The originO,. of F. is on the axle midpoint of a cart-
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current value to its value iff; ;.

3.2 Principle

Consider the straight linE = (0,41, Y;+1) (see Fig-

ure 9). The control strategy consists in guidifgto

Z;+1 by regulating asymptotically the ax,. onT.

The control objective is achieved¥. is regulated to

I" before the origin ofF, reaches the origin of;, ;.

This can be done using chained systems. Indeed in
this case chained system properties are very interest-
ing. A chained system results from a conversion of a
mobile robot non linear model into an almost linear
one (Samson, 1995). As long as the robot longitudi-
nal velocity V' is non zero, the performances of path

following can be determined in terms of settling dis-
tance (Thuilot et al., 2002). The settling distance has
to be chosen with respect to robot and perception al-
gorithm performances.

The lateral and angular deviations @f. with re-
spect tol' to regulate can be obtained through par-
tial Euclidean reconstructions as described in the next
section.

3.3 Evaluating Euclidean State

The tracker presented in Section 2.5 can provide a set
of image pointsP; = {pi, k = 1---n} belong-

ing to Z;,, ;. These points are matched with the set
of image pointsP. = {pe, k = 1---n} of Z..

Let IT be a 3D reference plane defined by three 3D



PATTERN TRACKING AND VISUAL SERVOING FOR INDOOR MOBILE ROBOT ENVIRONMENT MAPPING
AND AUTONOMOUS NAVIGATION

points whose projections onto the image plane belong which performances are theoretically independent to
to P; (andP.). The planell is given by the vector  the longitudinal velocity:

7T = [n* d*] in the frameF; |, wheren* is the uni- 3 3

tary normal ofll in ;. andd* is the distance from ~ «(2,7) = =V cos” 7Kz —[V cos” y| Ky tany (7)

IT to the origin ofF; 1. Itis well known that there is a
projective homography matrié, relating the image
points of P; andP. (Hartley and Zisserman, 2000):
apir = Gpe, Whereay is a positive scaling factor.  4nce for the control, e. the impulse response of

Given at least four matched points belonginglio it respect to the covered distance by the pdift
G can be estimated by solving a linear system. If the

planell is defined by 3 points, at least five supplemen-
tary points are necessary to estimate the homography
matrix (Hartley and Zisserman, 2000). Assuming that

the camera calibratioK is known, the Euclidean ho- 4 EXPERIMENTAL EVALUATION
mography of plandl is estimated a¥1 = K~'GK

and it can be decomposed into a rotTatlon matrix and a41 Pattern Tracker Evaluation

rank1 matrix: H = 1R, + “+'t.2—. As exposed

in (Faugeras and Lustman, 1988), it is possible from The evaluation of the tracker was done by superim-
H to determine the camera motion parameters, that isposing an image patch (pattern) with known state vec-
+1R,. and ”dlfc. The normal vecton* can also be  tor trajectory on a cluttered background image se-
determined, but the results are bettenif has been  quence. The goal was to analyse the accuracy of the
previously well estimated (note that it is the case in tracker with respect to the pattern displacement mag-
indoor navigation with a camera looking at the ceil- nitude. The number of particles was set to 200 and the
ing for instance). In our case, the mobile robot is sup- standard deviations of the evolution model parameters
posed to move on a perfect ground plane. Then anwereo, = 5 pixels,o, = 5 pixels,o4 = 3 degrees,
estimation of the angular deviatignbetween?, and os = 0.1. Figure 10 shows displacements and scale
F;+1 can be directly extracted froff'R... Further-  variations estimated by the tracker with respect to the
more, we can get out froﬁg,% the lateral deviation  9round truth values. It can be noticed that the tracker

» up to a scale factor between the originf and a  femains accurate inside-30, +-30].
straight linel” (refer to Figure 9).

As a consequence, the control problem can be for-
mulated as followind" in regulating to zera: and~y
before the origin ofF, reaches the origin af; . ;

K, and K, are gains which set the performances of
the control law. They must be positive for the control
law stability. Their choice determine a settling dis-

20

estimated dX
estimated dY
o

3.4 Control Law

30 -20 -10 0 10 20 30 30 -20 -10 0 10 20 30
dX (ground truth) dY (ground truth)

Exact linearization of nonlinear models of wheeled
mobile robot under the assumption of rolling without
slipping is a well known theory, which has already
been applied in many vehicle guidance applications,
as in (Thuilot et al., 2002) for a car-like vehicle, and
in our previous works (see [**]). The used state vec-
toroftherobotisZ = ¢ z ~ ]T, wherec is the
curvilinear coordinate of a poi¥I, which is the or-
thogonal projection of the origin aF. onT. The  Figyre 10: State vector variation estimates (dX and dY in

derivative of this state give the following state space pixels and dtheta in degrees) with respect to real variation
model: values (The straight line represents the ideal curve).

estimated dtheta
estimated scale
N
>

1
dtheta (ground truth) scale (ground truth)

¢=Vecosy; zZ=Vsiny, % =w. (6)

The state space model (6) is converted into a chained4.2 A Navigation Task

system of dimension 3 a; a2 as ]T. Deriving

this system with respect @, gives an almost linear The proposed framework is implemented on a
system. By choosing; = c anda, = z, and thanks ~ Pekeé™ robot which is controlled from an external
to classical linear automatics, it is then possible to PC. A small 1/3” CMOS camera is embedded on the
design an asymptotically stable guidance control law, robot and looks at the ceiling which is generally a
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plane parallel to the ground. Then, it is quite easy to have chosen at least one reference attitude of the ro-
give a good approximation of the normal vectorto bot which has to be associated with one key image. If
the reference planH in order to evaluate an homog- the robot has ever achieved a mission since it has been
raphy. If the camera frame is confounded with the ro- started up, the current image is already supposed to
bot frameF,, we can assume that =[ 0 0 1 ]. be closed to a key image. At each frame, the tracker
The displacement betweéf) ., andF. only consists ~ provides the coordinates of a current tracked planar
of one rotatiomZ,. and two translationsx.X,. and pattern.H is then computed thanks to the knowledge
ty.Y.. Therefore H has only three degrees of free- of this pattern in the key image to rea€h.,. A key

dom. Only two points lying ol and matched i; , ; image is assumed to be reached when a distance be-
andZ.. are theoretically necessary to estimbkeThe tween the current points coordinates and the desired
angular deviatiory and the lateral deviationwith re- one goes under a fixed threshold. The reference path,

spect tol” can be estimated directly from the compu- which is represented on the Figure 11 by the white
tation of H. The Figure 12 illustrates the evolution of squares which are lying on the ground, has been ac-
planar patterns tracked during the robot motion along quired as a visual route of fifteen key images. The
a given visual route. These tracked planar patternscorresponding path length is abduitn. The longi-
have been extracted while the user was creating a vi-tudinal velocitylV was fixed t00.2m.s~*. When the
sual path which is included into the visual route to be robot stops at the end of the visual route, the final er-
followed. rors in the image corresponds to a positioning error
At the first step of an autonomous run, the current aroundscm and an angular error abosft. Neverthe-
camera image has to be located into the visual mem-less, note that the robot has been stopped roughly, by
ory. The tracking of learnt planar pattern in thisimage settingV’ to zero since the last key image of the vi-
is then automatic. As a consequence, the user mustsual route has been detected. Moreover, both camera
intrinsic and hand-eye parameters has been roughly
determined. The positioning accuracy depends above
- all on the threshold which determines if a key image
gt § is reached. Our future works will improve that point.

5 CONCLUSION

An efficient particle filter tracker with specific obser-
vation probability densities was designed to track pla-
nar modelled patterns on cluttered background. Scale
Figure 11: Following a visual route: the previously learnt changing and partial occlusions were taken into ac-
visual path, aboutOm long, is materialized on the ground.  count. The obtained algorithm runs in near real time
The pictures were taken during an autonomous run. rate and is accurate and robust in realistic conditions
according to experimental validation. The tracker
was used for autonomous indoor environment map-
ping and image-based navigation. Visual route is per-
formed thanks to a visual-servoing control law, which
is adapted to the robot nonholonomy. Experimental
results confirm the validity of the approach. Future
-] ) works will deal with the adaptation of the tracker to
3D movement tracking using homographies in order
to enable autonomous mapping of 3D indoor environ-
ment using planar patterns detected on the walls.
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