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Abstract

This paper presents an experimented approach to autonomous robot navigation in
an unknown natural environment. The approach involves several levels of reasoning,
several environment representations, and three different motion modes. We focus on
the “navigation level” of the whole system, which is in charge of reaching a distant
goal by selecting sub-goals to reach, motion modes to apply, and perception tasks to
execute for this purpose. We present how a terrain model dedicated to the navigation
process is built on the 3D data acquired by the robot, and we describe an approach to
tackle the difficult problem of planning perception and motion tasks. FErxperimental
results on a realistic test site are presented and discussed.

1. Introduction

The problem of long range navigation in unknown outdoors environments is not very
frequently addressed. Systems that were actually experimented were demonstrated
for road following [1], or motion in rather limited environment conditions [2, 3]. Two
important achievements in totally unstructured environments were Ambler [4] and
the navigation of the UGV [5].

A canonical task a robot should be able to achieve in such an environment
is the ‘‘Go To [goall’’ task (or navigation task), where goal is a distant point
to reach autonomously : any more complex robotic mission (exploration, sample
collecting...) will include one or more instances of this task. Our approach to
achieve this navigation task in an unknown natural environment involves several
levels of reasoning, several environment representations, and three different motion
modes. It raises a need for a specific decisional level (the navigation level), that is
in charge of deciding which environment representation to update, which sub-goal
to reach, and which motion mode to apply. The paper is especially devoted to this
level, which is a key component of the system, since it controls the perception and
motion activities of the robot.

The paper is organised along the following outline : the following section presents
more precisely our general adaptive and hierarchical approach to autonomous navi-
gation in unknown outdoor environments, pointing out the importance of the navi-
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decisional level is incrementally built on the basis of 3D data, produced either by
a Laser Range Finder (LRF) or by stereo-vision. The algorithms that perform the
selection of sub-goals and perception tasks (i.e. that compose the navigation level)
are described in section 4. Experimental results conclude the paper.

2. A General Strategy for Navigation in Outdoor Unknown
Environments

For any robotic task in general, and for the navigation task in particular, we favour
an approach where the robot explicitly reasons on environment representations and
its capabilities to decide the actions to perform [6, 7]. As opposed to a behaviour-
based approach, we are convinced that such an approach is mandatory to develop
machines that can be controlled and programmed by a remote human operator.

2.1. An adaptive approach

According to a general “economy of means” principle due to limitations of on-board
processing capacities, memory and energy that we put on the system (realistic con-
straints for several applications were the robot has to be operational on a remote
site, e.g. for planetary exploration of scientific missions in hostile places such as
the Antarctic), and to achieve a time-efficient behaviour, we choose an adaptive ap-
proach in which the robot adapts its behaviour to the nature of the terrain [8, 7].
Hence, three motion modes are considered :

e A reflex motion mode : on large flat and lightly cluttered zones, the robot
locomotion commands are determined on the basis of a goal (heading or po-
sition) and informations provided by “obstacle detector” sensors. The terrain
representation required by this mode is just the description of the borders of
the region within which it can be applied ;

e A 2D planned motion mode : when the environment is mainly flat, but clut-
tered with obstacles, the robots locomotion commands are determined by a
trajectory plan. The trajectory planner reasons on a binary description of the
environment, which is described in terms of Crossable/Non-Crossable areas.

e A 3D planned motion mode : when the environment is highly constrained
(uneven terrain), collision and stability constraints have to be checked to deter-
mine the robot locomotion commands. This is done thanks to a 3D trajectory
planner [9], that reasons on a fine 3D description of the terrain (a numerical

terrain model - NTM [10]) ;

Choosing to endow the robot with three different motion modes enables “smart”
and efficient behaviours, but complicates quite a lot the system : it must be able
to deal with several different terrain representations and planning processes. It
must especially have the ability to determine which motion mode to apply, and
therefore which terrain representation to update : this is performed thanks to a
specific planning level, the navigation planner.

2.2. The navigation planner

We assume that the terrain on which the robot must fulfill a navigation task is
initially unknown, or mapped with a very low resolution. It is then only possible



robot has to move autonomously. In this context, the navigation task ‘Go To’’ is
achieved thanks to three layers of planning (figure 1) :

e The route planner chooses long-term paths to the goal on the basis of the initial
informations (the route graph that covers the whole area in which the mission
takes place). The route planner selects a sub-goal for the navigation planning
level ;

e The navigation planner (or path planner) reasons on a global qualitative rep-
resentation of the terrain (the region map), built from the data acquired by
the robot’s sensors. It selects (i) the next perception task to perform, (ii) the
sub-goal to reach and (iii) the motion mode to apply (which comes to select
and control the trajectory planners) ;

e Finally, the trajectory planner determines the trajectory to execute (in one of
the above-mentioned three motion modes) to reach the goal defined by the
navigation planning level.

Route planning

Figure 1. Hierarchical organisation of
the the three levels of planning involved
. our approach, and corresponding ter-
rain representations : the route plan-
ner reasons on the initial coarse enuvi-
ronment model, that can cover several

kilometres. The navigation planner rea-
sons on a qualitative terrain representa-
tion bwit from the robot sensor’s data
(the tegion map, that can cover several
hundreds of meters) ; and finally the tra-
jectory planners reason on a local and

Forbidden area
————— Planned motion
——— Executed motion

precise description of the environment.

Splitting the decisional processes into three layer of planning has the advantage
to structure the problem : each planning layer controls the one that is directly below,
by specifying its goal and its working domain. It has also the great advantage of
helping to analyse and solve failing cases : when a planner fails to reach its goal,
it means that the environment representation of the upper layer is erroneous and
therefore that it has to be revised.

The navigation planner is systematically activated at each step of the incremental
execution of the task : each time 3D data are acquired, they are analysed to provide a
description of the perceived zone in terms of navigation classes, and this description
is fused to update the region map. The introduction of the navigation planning layer
defines a particular instance of the usual “perception-decision-action” loop, where
the “decision” part is split into two distinct processes : navigation and trajectory
planning.



Each of the three different motion modes requires a particular terrain representa-
tion. The navigation planner also requires a specific terrain representation, and dur-
ing navigation, an exteroceptive localisation process has to be activated frequently,
which requires an other terrain representation. Aiming at building a “universal” ter-
rain model that contains all the necessary informations for these various processes is
extremely difficult, inefficient, and moreover not really useful. It is more direct and
easier to build different representations adapted to their use : the environment model
is multi-layered and heterogeneous. Several perception processes coexist then in the
system, each dedicated to the extraction of specific representations : perception is
multi-purpose.
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Figure 2. The various representations used in the system : one can distinguish the numerical
terrain model [10] necessary to the 3D trajectory planner, the region map (and connection graph)
dedicated to the navigation planner, and three different ways to build a localisation model :(i) by
modelling objects (rocks) with superquadrics [11], (ii) by detecting interesting zones in the NTM
thanks to a B-spline based model [12], or (iii) by detecting poles in the 3D raw data

Figure 2 presents the various terrain representations required during navigation :
arrows represent the constructive dependencies between them. Coherence relation-
ships between these various representations are to be maintained when necessary,
which remains an open issue.

3. Building the region map
3.1. 3D data classification

Applied each time 3D data are acquired (either by a laser range finder or a corre-
lation stereo-vision algorithm), the classification process produces a description of
the locally perceived area in term in terrain classes [13]. It relies on a specific dis-
cretization of the perceived area that respects the sensor resolution (figure 3), that
defines “cells” on which different characteristics (attributes) are determined : den-
sity (number of points contained in a cell compared with a nominal density defined



vector and corresponding variances. . .

Figure 3. Discretization used for the
classification procedure : a reqular dis-
cretization in the sensor frame (left : a
3D 1mage 1is represented as a video im-
age, where the gray levels corresponds
to the points depth) defines a discretiza-
tion of the perceived zone that respects
the sensor resolution (right)

A non-parametric Bayesian classification procedure is used to label each cell : a
learning phase based on prototypes classified by a human lead to the determination of
probability density functions, and the classical Bayesian approach is applied, which
provides an estimate of the partial probability for each possible label. A decision
function that privileges false alarms (i.e. labelling a flat area as obstacle or uneven)
instead of the non-detections (i.e. the opposite: labelling an obstacle as a flat area)
is used (figure 4). A simpler but faster technique based on thresholds on the cell
attributes has also been implemented.

o

Figure 4. Classification of a correlated stereo image : correlated pizels (left) ; classification of
the perceived zone (center), and reprojection of the result in the camera frame (right). From clear
to dark : unknown, flat, uneven and obstacle)

This technique proved its efficiency and robustness on several hundreds of 3D
images. Its main interest is that it provides an estimate of the confidence of its
results : this information is given by the entropy of a cell. Moreover, a statistical
analysis of the cell labelling confidence as a function of its label and distance to the
sensor defines a predictive model of the classification process.

3.2. Incremental fusion

The partial probabilities of a cell to belong to a terrain class and the variance on
their elevation allow to perform a fusion procedure of several classified images, pro-
vided the robot position is known (figure 5). The fusion procedure is performed on
a bitmap, in the pixels of which are encoded cell attributes determined by the classi-
fication procedure (label, label confidence, elevation and variance on the elevation).

3.3. Model structuration and management

For the purpose of navigation planning, the global bitmap model is structured into
a region map, that defines a connection graph. Planning a path (as opposed to plan-
ning a trajectory) does not require a precise evaluation of the static and kinematic
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Figure 5. The model structuration procedure. From left to right : a terrain model resulting from
the fusion of 8 classified laser images ; the same model after constrained zones growing, and the
nodes of the connection graph defined by the region segmentation

constraints on the robot : we simply consider a robot point model, and therefore
perform a constrained zones growing in the bitmap before segmenting it into regions.
The regions define a connection graph, whose nodes are on their borders, and whose
arcs correspond to a region crossing (figure 5). The terrain is described as a bitmap
only in the surroundings of the robot’s current position, whereas the region model
(much more compact) is kept in memory during the whole mission.

4. Navigation planning

Each time 3D data are acquired, classified and fused in the global model, the robot
has to answer autonomously the following questions :

e Where to go 7 (sub-goal selection)
e How to go there 7 (motion mode selection)
e Where to perceive 7 (data acquisition control)

e What to do with the acquired data ? (perception task selection)

For that purpose, the navigation planner reasons on the robot capabilities (action
models for perception and motion tasks) and the connection graph defined by the
region map.

4.1. Planning motion versus planning perception

A straightforward fact is that motion and perception tasks are strongly interdepen-
dent : executing a motion requires to have formerly modelled the environment, and
to acquire some specific data, a motion is often necessary to go the adequate obser-
vation position. Planning motion tasks in an environment modelled as a connection
graph is easily solved by classical search techniques that find optimal paths min-
imising some criteria (in our case time and energy, that are respectively related to
the terrain classes and elevation variations).

To plan perception tasks, one must be able to predict the results of such tasks
(which requires a model of the perception processes), and the utility of these results
to the mission to achieve. If the utility of a localisation task can be modelled by
a simple function that expresses the gain on the the robot position precision as a
function of the number and distance of perceivable landmarks, estimating the utility
of a modelling task is a much more difficult issue (figure 6).
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Figure 6. The confidence model of the classification procedure (left : mean cell entropy as a
function of the perceived distance) and the labelling confidence of the terrain model (represented
as grey levels in the images) allow to determine the classification task that mazimises the gain in
confidence from any given position in the model (center). But the result of such a task may be of a
poor reach interest to reach a specified goal (right). In such a case, one should be able to determine
where a better information is required in order to reach the goal

4.2. Approach

A direct and brute force approach to answer the former questions would be to per-
form a search in the connection graph, in which all the possible perception tasks
would be predicted and evaluated at each node encountered during the search. Be-
sides its drastic algorithmic complexity, this approach appeared unrealistic because
of the difficulty to express the utility of a predicted classification task to reach the
goal.

We therefore choose a different approach to tackle the problem : the perception
task selection is subordinated to the motion task. A search algorithm provides an
optimal path, that is analysed afterwards to deduce the perceptions tasks to per-
form. The “optimality” criterion takes here a crucial importance : it is a linear
combination of time and energy consumed, weighted by the terrain class to cross
and the confidence of the terrain labelling (figure 7).

Figure 7. Weighting functions of an arc cost, as

+00 a function of the region label confidence. An exper-
Cmax imental statistical analysis helped to define thresh-
olds on the confidence labelling over which the clas-
Cacc sification result can be considered faithful (thresholds
Ttiat, Tace and Topse respectively for regions labelled
flat, uneven and obtacle). When the region confi-
Cun ) dence is over these thresholds, their crossing cost is

Cflat ‘ ;
. 1 . equal to a nominal cost (Ciar, Cace and Copst = 00) ;

0 Tflat Tobst Tacc 1

when the region confidence is under these thresholds,
the costs decreases to reach the unknown region cost
Cyn when ¢ = 0.

The influence of these cost weighting functions is illustrated on figure 8. They
come to consider implicitly the modelling capabilities of the robot : tolerating to
cross obstacle areas labelled with a low confidence means that the robot is able to
acquire easily informations on this area.

Off course, the returned path is not executed directly, it is analysed according
the following procedure :

1. The sub-goal to reach is the last node of the path that lies in a crossable area ;
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Figure 8. Influence of the cost weighting functions (the gray levels represent the confidence of
the region labelled “obstacle”). When not considering this confidence, the optimal path returns
backward to reach the goal (left). When the cost weighting functions are applied, the optimal path
crosses an obstacle area labelled with a low confidence (right)

2. The label of the regions crossed to reach this sub-goal determines the motion
mode to apply ;

3. And finally the rest of the path that reaches the global goal determines the
aiming angle of the sensor.

One can interpret the result of this analysis as a way to answer the question
asked in figure 6 : the cost weighting functions help to find the interesting regions
to model in order to reach the goal.

Figure 9 presents a way to determine paths along which are planned localisation
tasks. This approach has only been tested in simulation experiments, but seems to
be helpful to plan safe paths.

Figure 9. Introduction of the uncertainty on the
robot position in the cost to control localisation
tasks. Provided a model of the evolution of the
robot position uncertainty as it moves and a model
of the localisation task, minimising the integral of
the robot position precision as a function of the

Error

Localisation

Localisation

cost expressed in term of time and energy deter-
mines paths that gets closer to landmarks. The
choice of minimising an integral (as opposed to a
Cost linear combination for instance) comes to defines

motions with a big uncertainty on the position as
more “risky” than motions with a low uncertainty

5. Results and discussion

The terrain modelling procedures and navigation planning algorithm have been in-
tensively tested with the mobile robot Adam'. We performed experiments on the

1Advanced Demonstrator for Autonomy and Mobility, is property of Framatome and Matra
Marconi Space and is currently lent to LAAS



Figure 10. ADAM in the Geroms test site

Geroms test site in the French space agency CNES?, where Adam achieved sev-
eral ‘‘Go To [goall]’’ missions, travelling over 80 meters, avoiding obstacles and
getting out of dead-ends (for more details concerning Adam and the experimental
setup, refer to [g]).

Figure 11 presents two typical behaviours of the navigation algorithm in a dead-
end, and figure 12 shows the trajectory followed by the robot to avoid this dead-end,
on the elevation model built after 10 data acquisitions.

P

Figure 11. The navigation planner explores a dead-end : it first tries to go through the bottom of
the dead-end, which is modelled as an obstacle region, but with a low confidence level (left) ; after
having perceived this region and confirmed that s must be labelled as obstacle, the planner decides
to go back (center), and finally finds a way that reaches the goal(right)

Figure 12. FElevations encoded in the terrain model built during the dead-end exploration, and
trajectory executed to reach the global goal. 80 meters have been travelled, and 10 perceptions have
been activated.

These experiment have proved the possibility to build and maintain quickly

2Centre National d’Etudes Spatiales



navigation algorithm proposed proved its efficiency on most of our experiments. It
includes the sub-goal and next perception task determination, two issues that should
never be considered indenpedently.

The problem of navigation as we understand it nevertheless requires some more

attention. In particular, we are considering the framework of the decision theory

to express the utility of a classification task. By considering more explicitly the
sensor model (detectability and uncertainty models), we hope to have more optimal
decisions.
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