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Abstract

Our work is focused on defining a generic approach for planning landmark based motion. The

proposed geometric approach deals with robots of complex kinematic moving in cluttered environ-

ment. It aims at providing safe strategy of motion for such constrained conditions. The proposed

method selects automatically the most relevant landmarks along a pre-planned geometric path. It

proposes a strategy to correct the trajectory and to smoothly switch among the landmarks of the

environment. Experimental results highlight the relevance of the proposed formalism.

keywords: Motion Planning, Sensor-Based Motion, Landmark-Based Motion, Mobile robot

1 Introduction

The path planning problem has raised a lot of interest in the robotics community for the last two decades

([11, 4, 13]). In the case of mobile robots, it is particularly challenging when the kinematic involves

nonholonomic contraints. [12] proposes an overview of the problem of path planning for mobile robots.

Today, we can reasonably consider that the robotic research community has produced a sufficient set

of techniques and algorithms to efficiently solve the problem of mobile robot path planning in a known

environment.

However, solving the path planning problem is not enough to efficiently perform a navigation task,

mainly for three reasons. First, the inaccuracy of the map of the environment used to plan the geometric

path. Second, precise localization is needed in the case of complex kinematic robots moving in cluttered

environment. Third, during navigation, abrupt switching among landmarks can lead to strong jumps

in the localization. For small size mobile robots, these perturbations can be overcome by increasing its

size during the path planning step. To take into local inaccuracies of the map, local obstacle avoidance

techniques can be used [18, 9, 2, 16]. Built upon these conceptual tools, several experimental mobile

robots navigate in indoor environments on a daily basis [24, 1, 7].
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Figure 1: Mobile robot Hilare 2 towing a trailer.
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Figure 2: Mobile robot Hilare 2 towing a trailer is equipped with 2 laser range scanners: one on the

robot and one on the trailer. The robot performs global localization using a polygonal 2D map of the

environment. In this example, the robot is required to dock close to obstacle O2. The path planned

corresponds to a backward motion (left). Light dotted lines represent the features used by the robot to

compute global localization (right). If the position of obstacle O2 is inaccurate in the map, using this

landmark for global localization when passing close to obstacle O1 may lead to collision.

Recent works consider either constrained environment [25] or highly constrained degree of freedom

robots [19, 3]. However, for nonholonomic mobile robots navigating close to obstacles as for instance

trucks towing trailers and performing docking tasks, the problem is more intricate as we are going to

explain. Let us consider for instance the nonholonomic mobile robot Hilare 2 towing a trailer displayed

in Figure 1. Figure 2 (top) represents a path planned for this robot in order to perform a docking

task. The robot and the trailer are both equipped with a laser range scanner. Along the motion, the

robot localizes itself using straight line segments stored in a map built beforehand. In this example,

the environment is composed of three polygonal obstacles denoted by O1, O2 and O3. Let us moreover

assume that the position of obstacle O2 in the map is different from the real position in the environment

(Figure 2 bottom). Then if the robot localizes itself on obstacle O2, the estimation of the robot position

will be subject to the same error as the position of obstacle O2. Therefore if this error is bigger than the

distance between the planned path and O1 and if the robot localizes itself too early on O2 a collision
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will happen. Of course, this reasoning is valid as well for mobile robots without kinematic constraints.

However, the problem is more critical with multi-body nonholonomic mobile robots. Indeed, when the

localization process switches from obstacles O1 and O3 to obstacle O2, a discontinuity appears in the

global localization of the robot. Suddenly, the robot realizes that it is not anymore on the planned

trajectory. The motion control law then corrects this gap but nonholonomic systems require time to

correct lateral motion tracking errors. Moreover these corrections induce angular deviation of the system.

To summarize the above reasoning, navigating close to obstacles with a multi-body nonholonomic

mobile robot in an inaccurate map induces localization discontinuities that make the robot leaving the

reference planned trajectory. Even if the reference trajectory is checked for collision and dynamically

adapted to remain collision-free as explained in [10], the localization of the robot and the tracking of the

planned path are prone to fail after several trajectory deformations. Recent works use Belief Roadmap

algorithm to incorporated localization problem in motion planning [6].

Through the novel defintion of a landmark based motion, the contribution of this paper is threefold.

First, we propose a framework to cope with the localization problem exposed above. The idea consists

in defining during the motion planning step the landmarks on which the robot will localize in such a way

that obstacles likely to imply collisions are taken into account at the right time and that localization

discontinuities are reduced. Second, we propose a landmark-based motion planning algorithm that

selects landmarks and smoothly switch among them to safely execute a geometric path. Third, we

validate our approach on an experimental system in real conditions.

The paper is organized as follows. In Section 2, we draw the theoretical foundations of our framework

and we give a mathematical definition of a landmark-based motion. In Section 3, we apply our framework

to the mobile robot Hilare 2 towing a trailer and equipped with laser range scanners. We propose a

landmark-based motion planning algorithm in an environment composed of vertical planes. In Section 4,

we provide experimental results that show the relevance of the approach and we draw some conclusions

in Section 5.

2 Landmark-based Motion

2.1 Definitions

In this work, a Landmark-Based Motion is a task, as defined in the task function approach [20], [5]. In

this section, we perform the computations leading to the task definition.

2.1.1 Landmark

A landmark can be any geometric feature in the workspace. Let us denote by L the configuration space

of a landmark L. For instance, if L is a point in space, L = R3, if L is a line segment in the plane,

L = R4. We will denote by l the configuration of L.
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2.1.2 Sensor

A sensor S is a mobile device that maps one or several landmarks to a feature in the image space.

Let us denote by S = SE(2) or SE(3) the configuration space of sensor S. We will denote by s the

configuration of S.

2.1.3 Sensing a landmark

The perception of landmark L by sensor S is characterized by a mapping:

PS,L : S× L → IS,L

(s, l) → PS,L(s, l)

that maps to each configuration of the sensor and of the landmark a feature in the image space IS,L.

For a laser range finder sensing a point for instance, the image space is a half plane. Let us notice that

P is usually defined over a subset of S × L corresponding to pairs of configurations of the sensor and

landmark for which the landmark is in the field of view of the sensor.

2.2 Localization

2.2.1 Localization equation

Let us consider a mobile robot equipped with n sensors S1, ..., Sn. Let us denote by C the configuration

space of the robot. The configuration si of each sensor Si, i = 1, ..., n is uniquely defined by the

configuration q of the robot. Let us consider m landmarks L1, ..., Lm of known configurations l1, ..., lm

each of them visible by sensor Sij
where i1, ..., im is a sequence of indices with values in {1, ..., n},

defining which sensor sees each landmark (a landmark j can be see by the sensor define by ij).

Therefore, each pair (Sij , Lj) of sensor landmark gives rise to a localization equation system:

PSij
,Lj

(sij
(q), lj) = imj (1)

where imj ∈ ISij
,Lj

is the image of Lj in Sij
. lj is supposed to be known and imj is measured. The

unknown of this equation is the configuration q of the robot.

2.2.2 Localization about a reference configuration

If the robot is expected to follow a reference trajectory, or if the localization is performed with a high

frequency, the result of equations (1) is expected to be in the neighborhood of a reference configuration

that can be the latest result of localization or a configuration along a planned trajectory. Let us denote

by q0 this reference configuration and let us linearize each localization equation (1) about q0. We get

the following linear equations:

∂PSij
,Lj

∂s
(sij (q0), lj)

∂sij

∂q
(q0)(q− q0) = imj − im0 j (2)
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This equation expresses the approximation of order 1 of the relation between a variation of configu-

ration about q0 and the variation of the image of each landmark in the corresponding sensor.
∂PSij

,Lj

∂s (sij
(q0), lj) is a Jacobian matrix representing the variation of the image with respect to the

variation of the sensor configuration. This Jacobian matrix derives from the geometric properties of the

sensor and landmark (the interaction matrix).
∂sij

∂q represents the variation of the sensor configuration with respect to the variation of the robot

configuration. This Jacobian matrix derives from the kinematics of the robot.

imj and im0 j respectively represent the image of landmark Lj in sensor Sij
and the expected image,

i.e. the image that would be seen from configuration q0 if the map was exact.

It is similar to visual servoing approach where the variation of visual cues is ṡ = LJq̇. L is the

interaction matrix and J the jacobian matrix of the robot. But in this equation the relation is defined

in local sensor frame while in equation (2) it is defines in a global frame. The visual control approach

define and solve local task, here the aim is to solve the motion planning in global frame.

2.2.3 Weighting localization

If the number of landmarks is not sufficient, system of equations (2) may admit an infinite set of

solutions, localization is said under-determined. If the number of landmarks is too big, system (2) has

no exact solution and the localization is said over-constrained. In this case, the most common localization

approach consists in modelling landmark and sensor configurations as Gaussian random variables and

in determining the configuration of the robot that maximizes the likelihood of the measures. Each

landmark is weighed with respect to the variance of its position.

In our framework, the weight associated to each landmark is part of the motion control task specifica-

tion. Thus, from linear equations (2) we build a linear system of equations by weighting each equation

by a positive real number λj . We will explain later the role of these coefficients. We thus get the

following linear system:

W (q− q0) = IM − IM0 (3)

where W is matrix 
λ1

∂PSi1
,L1

∂s (si1(q0), l1)∂si1
∂q (q0)

...

λm
∂PSim

,Lm

∂s (sim
(q0), lm)∂sim

∂q (q0)


and

IM =


λ1im1

...

λmimm

 IM0 =


λ1im0 1

...

λmim0 m


The least square solution of this system:

q = q0 +W+(IM − IM0) (4)
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where W+ is the pseudo-inverse of W , minimizes (up to approximation of order 1) the weighed sum of

the squares of the Euclidean norms of the differences between each image that would be seen from q

and the image really seen imj :
m∑

j=1

λ2
j‖PSij

,Lj
(q)− imj‖2

The developments conducted in this section can be summarized as follows. Localizing a mobile robot

on landmarks consists in solving a system of equations that relate the configuration of the robot with

the images of the landmarks in the sensors of the robot. If the system is over-constrained, localization

consists in finding a configuration that minimizes a weighed sum of residues. If the landmarks are

exactly at the same position in the map as in reality, the choice of weights will have no effect on the

result (up to approximation of order 1). If the map of landmarks is not exact however, the choice of

weights will have a big influence.

That is why in our approach, we suggest to use these weights as a tool for planning landmark-based

motions.

2.3 Landmark-Based Motion

Based on the development of the former section, we define a landmark-based motion for a mobile robot

as follows :

Given a mobile robot with n sensors S1, ..., Sn and an environment with m landmarks L1, ..., Lm,

respectively associated to sensors Si1 , ..., Sim
, a landmark-based motion is defined by:

1. a reference collision-free trajectory:

γ : [0, U ] → C

u → γ(u)

where [0, U ] is an interval,

2. m continuous positive real valued functions λ1, ..., λm:

λj : [0, U ] → R+

u → λj(u)

such that λj(u) = 0 for any u such that Lj is not visible by sensor Sij
when the robot is in configuration

γ(u).

Following the above landmark-based motion for the mobile robot consists in estimating the current

configuration of the robot within the closed-loop control task by solving system (3) about the reference

configuration q0 = γ(u) and with values of the weights λj(u) for abscissa u along the trajectory
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2.4 Landmark-Based Motion Planning

At a first step, a geometric non-collision path γ(u) is planned in the configuration space of the model

map from an initial configuration to a final one. In our work, we consider this assessment as being

produced by any geometric path planner.

The second step consists in calculating the weights of the sensor-landmark pairs along the path in

the model map. For a given type of sensor and a given type of landmark, the weight is defined as a

continuous function in the space S×L, where for any configuration of the sensor and any configuration

of the landmark it associates a positive value. Afterwards, based on this generic function, a specific

weight function is constructed for the most relevant lanmdarks viewed by the given sensor along the

geometric pre-planned path.

For example, to avoid collision in the situation described in figure 2 it is necessary to take into

account only O1 in a first time and then introduce obstacle O2 into the localization process. The

transition enters O1 and O2 must be continuous to avoid discontinuity in localization (see figure 3).

O 1

q1

O 2

O 2O 1

O 3

u

W W

step 3step 2step 1

W

Figure 3: In figure 2 the task is to dock the robot close obstacle O2. To avoid collision sensor-landmark

pair are weights along the free initial path. The general shape of weights along path is illustrated at the

bottom of the figure. O1 has a lot of influence at the beginning (where it is important) and O2 is taken

into account gradually to replace O1 at the end of the path.

Henceforth, planning Landmark-Based Motion consist in building λj functions along the free collision

path solution (a detailed implementation is given in 3.3).

2.5 Landmark-Based Motion Execution

2.5.1 Local reference configuration

The goal of the motion control is to modify the sensor-landmark perception IM(q) by moving the robot

to a reference localization configuration qloc which satisfy:
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Figure 4: Local reference configuration

W+(IM(qloc)− IM(q0)) = 0 (5)

The figure 4 illustrates the idea of the qloc. You can see in left the reference configurations in map

model and the corresponding qloc in real map (see difference between real map and model map). In

bottom figures the landmark-based motion planning take into account the two wall with the same weight

and the closed loop control of the robot has to converge on qloc to keep the robot at the middle of the

walls. In top, only the left wall is take into account and the qloc is define to keep the same distance.

2.5.2 Closed loop motion control

It is important to note that we do not compute control law to the robot, we assume than the control law

of the robot can stabilize the robot around a configuration and the landmark based motion only give a

qloc to the feedback function which take into account the different weights of the sensor-landmark pairs.

The general landmark based closed loop is illustrated in the figure 5.

Notice that qloc − q0 is the task function e(q, t) as define in [20], that we stabilize to 0.

3 Application to mobile robot Hilare 2 towing a trailer

In this section, we illustrate the above definition on the mobile robot Hilare 2 towing a trailer, equipped

with two laser range scanners S1 and S2, one on the mobile robot and one on the trailer (Figure 1). The

sensors move in an horizontal plane: S1 = S2 = SE(2). Figure 6 describes the geometry of the mobile

robot. Let us denote by (O, x, y) a fixed reference frame in the space. The configurations of the sensors
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Figure 5: Landmark-based closed loop feedback motion control. The robot takes as input a control

vector u and returns as outputs sensor data (i.e. images of landmarks in sensors). These images

are input to the localization function that compares them with expected images and computes the

estimated configuration qloc of the robot as a deviation from the reference configuration q0, using

preselected weighed landmarks {Sij
, Lj , λj}. This estimation of the configuration of the robot is input

to the feedback function that compares it with the reference configuration and returns as output an

input correction δu. Note that the feedback function is not specific to our approach: any closed loop

feedback controller stabilizing the system can be used.

2

4

3

1

wheel axes

θ

ϕ

(x,y)
laser scanners

Figure 6: Mobile robot Hilare 2 towing a trailer equipped with two laser range scanners. Configuration of

mobile robot is parameterized by (x, y, θ, ϕ), where (x, y) is the center and θ the orientation of the robot,

ϕ is the angle of the trailer w.r.t. the robot. `1 is the distance between the wheel axis of the robot and

the trailer connection, `2 is the distance between the wheel axis of the trailer and the trailer connection.

Configuration of sensor S1, mounted on the robot, is denoted by s1 = (x + `3 cos θ, y + `3 sin θ, θ).

Configuration of sensor S2 mounted on the trailer is denoted by s2 = (x − `1 cos θ − `4 cos(θ + ϕ), y −

`1 sin θ − `4 sin(θ + ϕ), θ + ϕ+ π). `3 and `4 are constant lengths.
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w.r.t. the configuration q = (x, y, θ, ϕ) of the robot are given by:

s1(q) =


x+ `3 cos θ

y + `3 sin θ

θ

 (6)

s2(q) =


x− `1 cos θ − `4 cos(θ + ϕ)

y − `1 sin θ − `4 sin(θ + ϕ)

θ + ϕ+ π

 (7)

x

s = (s , s , s )1 2 3

y

laser range scanner
O

=

l 1
2

l 1
1

(
l

)

,(

2

1
2

l

l

, 2
2l2l

1
2l

1

L2

L
2

1 )

s

=

s2

1

s3

Figure 7: A laser range scanner in configuration s = (s1, s2, s3) sensing two landmarks, (s1, s2) is the

position of the center, s3 is the orientation of the sensor in the plane (O, x, y). L1 is a vertical straight line

represented by its projection l1 = (l11, l
2
1) on (O, x, y). L2 is a vertical plane represented by l2 = (l12, l

2
2),

the polar coordinates in plane (O, x, y) of the projection of the origin O on the plane.

3.1 Landmarks

Let us consider two types of landmarks: vertical planes (walls) and vertical lines (see figure 7). The

vertical lines are defined as the intersection between two walls. These landmarks are projected in the

image space of a laser scanner respectively as straight lines and points.

3.1.1 Vertical straight line

A vertical straight line L1 is represented by its projection l1 = (l11, l
2
1) on (O, x, y). The image of a

straight line in a laser sensor in configuration s ∈ S = SE(2) is the image of l1 by s−1:

PS,L1(s, l1) =

0@ cos s3(l11 − s1) + sin s3(l21 − s2)

− sin s3(l11 − s1) + cos s3(l21 − s2)

1A
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3.1.2 Vertical plane

We represent a vertical plane L2 by the polar coordinates l2 = (l12, l
2
2) of the projection of the origin O

on the plane. The equation of L2 in space is thus:

(x, y, z) ∈ L2 ⇔ x cos(l22) + y sin(l22) = l12

We use polar coordinates to avoid the singularity arising when O belongs to the vertical plane.

The image of a vertical plane in a laser range scanner is a straight line in R2 defined by the po-

lar coordinates im2 = (im1
2, im

2
2) of the projection of the origin of the sensor on the straight line.

s = (s1, s2, s3) denote respectively the position and orientation of the laser scanner. Equivalently, s

represents a rigid-body motion; the composition of a rotation of angle s3 with a translation of vector

(s1, s2). The image of L2 in S is the image of the intersection of the plane with the horizontal plane

through s−1. After computations,

PS,L2(s, l2) =

0@ l12 − s1 cos l22 − s2 sin l22

l22 − s3

1A
Let us notice the above expression is not exactly the polar coordinates of the projection of the origin

of the sensor onto the straight line since l12 − s1 cos l22 − s2 sin l22 may be negative. This does not pose

any problem.

3.2 Localization Equations

Each pair sensor-landmark gives rise to a system of linearized equations of the form (2). From the above

expressions, we can compute the different matrices involved in (2). For a vertical straight line L1 sensed

by an laser scanner S,

∂PS,L1
∂s

=0@ − cos s3 − sin s3 − sin s3(l11 − s1) + cos s3(l21 − s2)

sin s3 − cos s3 − cos s3(l11 − s1)− sin s3(l21 − s2)

1A
For a vertical plane,

∂PS,L2
∂s

=

0@ − cos l22 − sin l22 0

0 0 −1

1A
For both sensors, ∂s

∂q derives simply from expressions (6) and (7):

∂s1
∂q

(q) =

0BBB@
1 0 −`3 sin θ 0

0 1 `3 cos θ 0

0 0 1 0

1CCCA

∂s2
∂q

(q) =

0BBB@
1 0 `1 sin θ + `4 sin(θ + ϕ) `4 sin(θ + ϕ)

0 1 −`1 cos θ − `4 cos(θ + ϕ) −`4 cos(θ + ϕ)

0 0 1 1

1CCCA
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3.3 Landmark-based motion

To be able to compute a landmark based motion, it is necessary to fullfill the following steps :

• Motion planning: define a free-collision path.

• Weight computation: define the weight function for all sensor-landmark pair.

• Landmark-based motion planning: compute the sensor-landmark pairs with their weights across

the free-collision path.

Several algorithms and strategies can be developed to follow our generic definition of a landmark-

based motion. The following development describes a strategy that is experimentally validated on our

mobile robot Hilare 2 towing a trailer.

3.3.1 Motion planning

The aim is to compute a free collision path for the robot with any path planning method. We choose to

use Probabilistic Roadmap algorithms with the Move3D platform developed in LAAS-CNRS [22, 21]

because of it genericity with regard to the robot kinematic (it can be used for robots with hight degree

of freedom). Given a kinematic model of the robot and a geometric model of the environment, the

software provides a geometric free-collision path from an intial configuration to a goal configuration.

3.3.2 Weight computation

Usually, the stochastic localization methods assuming gaussian distribution are equivalent to a weighed

least square estimator, where the weighting matrix is the inverse of the variance-covariance matrix

associated to the state variables of the model [8, 17, 14]. Hence, the weight function encodes the noise

of the model and the data measures. In our work, the weight is an intrinsic specification of the robotic

task associated to the execution of the geometric planned path. For a given configuration along this

path, the weight of any sensor-landmark pair encodes the following :

• The quality of the visibility of the landmark by the sensor.

• The potential danger of collision with the landmark.

• According to the path, when the landmark starts and ends to be taken into account.

A weight of a sensor-landmark pair is defined as a positive continuous function in the configuration

space by :

w : S× L → R+

(s, l) 7→ w(s, l)

This definition explicitly takes into account the two first previous statements. The third one shows up

in the planning step when going through the path the landmarks are smoothly selected and unselected.

This is the purpose of the next paragraph.
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3.3.3 Planning a landmark based motion

In this work, we propose a strategy of sensor-landmark selection based on the k best ones. The algorithm

has as inputs the following :

1. The reference map of the environment,

2. The set of sensors S and landmarks Lenv,

3. The non-collision geometric path γ(u), u ∈ [0, U ],

4. The number k of maximum best landmarks.

The output is a landmark based motion LBM composed of γ(u) and a set of weighed sensor-landmark

pairs. The pseudo-algorithm for a robot equipped with one sensor is depicted as follows :

Algorithm 1 Construction of LBM
INPUT:Map,Lenv, S, k

OUTPUT: LBM

1: γ(u), u ∈ [0, U ] ← Free-collision path(qi, qf )

2: u1 ← 0

3: while u1 < U do

4: Lselect ← get k best landmarks at u1

5: δumax ← increase u until Lselect change

6: u1 ← u1 + δumax

7: for L ∈ Lselect do

8: LBM ← add weighted λ for (S,L)

9: end for

10: end while

Given a configuration along the geometric path, a comparison among the weights of all the visible

pairs allows to select a subset of the k most relevants (step 4). The landmarks that either having

the best properties of localization or representing a risk of collision with the path will be then chosen.

Afterwards, the piece of the path where the chosen subset holds as the best is determined (step 5).

Hence, the geometric path is subdivided in a set of pieces with corresponding k best landmarks. The

loop-steps 7, 8 and 9 of this algorithm ensure smoothing switches among every set of k best landmarks

along the geometric path. In presence of multiple sensors, this algorithm is repeated for each one of

them. In [15] we define a set of weight functions for a laser scanner sensing 2D segments and we propose

detailed methods for their construction.

The determination of the number k is a critical issue for such an algorithm. Considering a laser range

finder, a minimum number of two landmarks are required for the localization in the plane(if we consider

non-parallel lines). In practice this number is too low because of the risk of ill-conditioned localization

13
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seg 101

seg 164

seg

seg 65

206

Figure 8: On the left picture, a collision free trajectory is planned through a corridor. On the right

picture, four straight line segments used in this experiment: seg101, seg164, seg205, and seg206 and a

reference configuration along the trajectory are displayed.

matrix (for instance in the case of two quasi-parallel lines). Also, because an over-constrained localization

is less sensitive to the data noise, at least 5 landmarks are enough in practice.

The next section shows an experimental validation of the proposed strategy. The validation goes

from a simple application to a navigation in an indoor constrained environment.

4 Experimental results

We now present three real experiments. The first one illustrates how weighted landmark enables the

robot to cope with map uncertainty. The second one shows how to perform a parking task between

two obstacles where the position of each of them is not precisely known. The third experiment shows a

navigation task with highly constrained door crossing.

4.1 Maneuver in a corridor

In this first experiment, we first plan a collision-free path supplied with landmark based features in a

reference map. The planned landmark based motion is then exectued in an environment slightly different

from the map (Figure 8 left). Figure 8-right displays a configuration along the reference trajectory and

the four straight-line segments used to execute the motion. We put a long board in front of one of the

corridor-walls to simulate a different position of the wall. The real corridor is thus narrower than in the

map. The purpose of this experiment is to illustrate the motion control task, the weights associated to

each segment are display in Figure 9. Figure 10 shows the executed trajectory. Figure 11 shows the

end of the reference trajectory (left) and the end of the executed trajectory (right). At the end of the

trajectory of this experiment we can notice that only two landmarks are used. There is no problem

of localization with these landmarks because the landmarks are perpendicular walls and the matrix is

made well conditioned. Remark that the end configuration is at the specified distance to segment 101.
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seg 101
seg 206
seg 164
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Figure 9: The weight associated to each landmark.

matchings

perception

Figure 10: Execution of a landmark-based motion in an inaccurate map of the environment. On the left

picture, the position of a wall is different in the map and in the real environment. Despite this error,

the robot adapts the trajectory to stay at the specified distance to the wall. On the right picture, the

position of the robot corresponding to the reference configuration displayed on Figure 8 (right). Two

segments of the map are matched.
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Figure 11: Zoom of the end of the trajectory. On the left, the reference trajectory; on the right, the

trajectory executed. Let us notice that the final configuration is at the specified distance to segment

101.

4.2 Parking manoeuver

In this second experiment, we illustrate our approach with a parking task. Figure 12 shows the landmark

used for this motion. The robot is required to park between two parallel segments (11 and 12).
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11

real obstaclemap

real obstacle
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 2
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 2
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 0  1

seg8

seg10

seg56
seg101

Figure 12: On top left, the reference trajectory planned in the map of the environment and the segments

used to execute the motion. On top right, segments 8, 10, 11, and 12 are moved to the right. However, the

robot adapts the motion to park between these landmarks. Middle and bottom, the weights associated

to each landmark.
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The reference trajectory planned in the map of the environment is displayed on the left. On the

right, the segments defining the parking configuration are moved to the right. the figure on the right

shows the executed trajectory.

At a first stage, a geometric non-collision path is planned in this map from an initial to a final

configuration so that the robot will be able to enter the car park, as show in figure (12). The second

stage involves planning the landmark based motion with the generic platform we developed. Along

the geometric planned path, the five best sensor-landmark pairs are selected according to their weights.

Before executing the landmark based motion, the car park is shifted right to modify the real environment

in relation to the reference map. During the execution of the movement, the robot corrects its trajectory

regarding to the new pose of the parking and then the task is led with success.

4.3 Navigation in a long corridor

Figure 13: The reference geometric planned path. The selected landmarks and their weights in the first

tricky passage (enclosed by the circle in bottom left) are depicted in the figures below.

In the corridors of our laboratory we plan a geometric free path with Move3D (see figure 13).

Thereafter, the produced path and the reference map of the environment are used by the landmark

based motion planner to select the most relevant landmarks.

The navigation task we describe involves some difficulties that have to be raised :

• The reference map is constructed based on the odometry and the laser scanner information and is

not exact. Indeed, we pick up some errors in terms of distances between walls in the reference map

and in the real environment (the difference is about an average value of some ten centimeters).

17



seg235 seg234 seg165 seg544 seg236 seg232 seg205 seg197seg164

w

 0

 2

 4

 6

 8

 10

235
seg

234
seg

164
seg

236
seg

205
seg

544
seg

232
seg

165
seg

197
seg

Figure 14: The left figure shows the instantaneous weights associated to selected landmarks viewed by

the front sensor for three configurations of the right figure. The green segments are selected by the

LBM algorithm.

• The size of the robot in relation to the free space of the environment is a critical issue for the

achievement of the navigation task. Indeed, unlike the parking manoeuvre (c.f. section 4.2)

where the robot has a large free space, here the crossings are narrower and the manoeuvres are

geometrically very constrained.

Although this difficulty constrains hardly the achievement of the navigation task, Hilare 2 drives

with success the circuit using the landmark based motion to correct its path. The figure (14) shows the

details on the first constraint narrow crossing of the figure 13. The details of this navigation task are

in [23].

Even if the odometric error is not important at this step of the navigation, the errors of the map can

generate failure in the experiment. The segments seg164, seg165, seg234, seg235 and seg544, are used

for localization. The passage being narrower in reality than in the map, the segments seg165 and seg544

have big values of weights to ensure a safe crossing.

The scenario of this experiment shows the relevance of the formalism in a local area when the

reference map is inaccurate.

5 Conclusion

The main contribution of this work is the definition of the landmark based motion. It is a geometric-free

path provided with weighed sensor-landmark features. The weight functions define the local relevance of

the obstacles and the switching strategy among the landmarks of the environment. The local relevance is

used in a weighed localization process while the switching strategy enables smooth correction during the

exectution of the trajectory. Our formalism is integrated as a generic framework architecture and applied

with succes on a non-holonomic mobile robot towing a trailer. Our robot uses two laser scanners as
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external sensors and planar segments as landmarks of the environment. The real experiments highlight

how the robot corrects its configuration in the real world with respect to the planned geometric path

based on the selected landmark. Moreover, this strategy handles critical crossings as emphasized by the

last experiment.
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