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Abstract— This paper presents a strategy for a rover navigation
in initially unknown or poorly known environments. The strategy
consists in determining the areas in which information is relevant
to gather for the rover to reach the goal. The approach relies on
a probabilistic reasoning on the currently available information
on the environment, and on the models of the vehicle perception
and motion abilities. The interest of perceiving a given area is
assessed by analysing the way navigation costs are propagated
during the search of the optimal path to reach the goal, taking
into account the vehicle perception and motion models. Results
illustrate the proposed strategy, and show its pertinence when
compared to more classical navigation strategies. The extension
towards multiple-robot coordination is straightforward, and is
exemplified in the case where an aerial robot assists the rover by
acting as a scout, aiming at optimizing the overall mission time.

I. I NTRODUCTION
The problem of path finding for a robot in an unknown
or partially known environment is a key one in robotics. In
disastrous situations, few information are available on the
environment, and the difficulty of the path planning comes
from the fact that required information to define optimal paths,
namely terrain traversability, is known with a varying degree
of certainty. At planning time the terrain information is not
completely known, and it will be updated during navigation,
which may lead path re-planning. Hence the efficacy of a given
path not only depends on the information known at planning
time, but also on the information on the environment the path
will allow to acquire: shortest paths may be less efficient than
longer ones that allow gathering additional information. The
path finding problem to reach a given goal can thus be turned
into “finding the areas of the environment where information
is required in order to reach the goal”.
a) Related work: Several studies deal with the navigation
problem in partially known terrains by maximizing the information gain. [1] proposes a methodology for exploration where
frontier information, traversability and reachability certainty
are used to produce paths maximizing the expected information gain. [2] proposes an approach for perception and path
planning in which confidence and utility of perception are

exploited to drive a robot in partially known environments.
Similarly, a utility measure is defined in [3] to extract points
of interest by introducing “hallucinated maps”. These points
are planned to be sensed to extend the path planning horizon
in most promising areas. The approach proposed in [4] adds
the notion of “localizability” to further constrain the path
definition.
Other work exploit the available information in the context
of multiple robot missions [5, 6]. [7] proposes an algorithm
for multi-robot exploration using target points on the frontiers
between known and unknown areas, selected on the basis of
the cost to reach them and their utility. The concept of subtarget utility allows to distribute them among robots to avoid
simultaneously sharing the same target point. The utility of
a target point is initially set to 1, and to 0 when selected
by a robot. The utility of each of its neighborhood target
points is reduced by the probability of inter-visibility with the
previously selected target, defined by an analysis of the visible
distances distribution in the partially known environment. No
sensor quality model is explicitly considered, which may result
in assigning robots to areas where they can not augment the
information on the terrain. [8] also guides the exploration
with goal points placed on frontiers between perceived and
unknown areas, and selects them by choosing the lowest cost
provided by the A* algorithm called for each frontier point
considered. The utility of a point is defined by the sum
of its distances from other robots, and is used to rule the
points distribution. This utility does not take into account
that some robots may never be able to reach a point, even
if they are spatially close to it. To plan most-likely paths,
[9] uses Gaussian processes in order to replace the classical
scalar navigation cost by a density of probabilities. The terrain
is segmented into n classes, and the solution, illustrated in
the three classes case (obstacle - scrub - road), provides a
distribution of paths that vary with local variations in terrain
cost – but it does not assess which path to select.
b) Problem statement: We consider the case of a rover
that is endowed with N motion modes M1 , . . . , MN (e.g.

fast navigation on flat terrains, slower navigation on rough
terrains), to each of which is associated a unitary distance
cost ci that represents time. The navigation approach is made
according to a two-stages itinerary/trajectory approach [10, 11,
12]: navigation is decomposed into (i) an itinerary planning
step, that defines the waypoints to reach and the motion
modes to apply, and (ii) a trajectory planning step, that defines
the elementary motion commands to reach the waypoints,
according to the selected motion mode.
We focus in this paper on the definition of the itinerary,
which we refer to as “path planning”. The fine trajectory
planning step exploits dedicated terrain models (e.g. digital
elevation map to navigate on uneven terrains, or a binary
obstacle/free representation to navigate on easier terrains). The
way such finer models are built and exploited to define the
motions to apply are out of the scope of this paper – only the
knowledge of the speed of each motion mode is used to define
the cost of a path.
c) Approach: Our approach relies on an informationbased decision process, that exploits the available information on the environment and models of the robot motion
and perception actions. The environment is modeled using a
traversability uncertainty grid that expresses the probabilities
that a given navigation mode can be applied, plus a probability
that it is an untraversable obstacle. We use the A* algorithm to
find optimal paths, but more importantly, we use its resulting
calculations, coupled with the known traversability information on the environment, to extract areas of interest for the
navigation mission. Perceiving these areas comes to extend the
viewing horizon as in [3], but using an approach that explicitly
reasons on the available information on the environment, on
the robot perception models and on its motion abilities to
define the interest of perceiving a given area.
d) Outline: The next section depicts the information
available on the terrain, the means to gather such information,
and the way it is structured into a graph. Section III is the heart
of the paper: it introduces the way to determine the areas that
are relevant to perceive for the rover to reach its goal. Section
IV analyses various simulation and experimental results, and
introduces an extension to the air/ground cooperative navigation problem, in which a UAV is directed to perceive the areas
relevant for the rover to reach its goal.
II. E NVIRONMENT MODEL
A. Traversability map
The proposed path finding approach exploits a probabilistic
representation of the environment that assesses the motion
modes that can be applied, the traversability map. It is a scaled
georeferenced raster structure. This representation is akin to
a probabilistic occupancy grid: to each pixel is associated
a probability distribution that represents the applicability of
the possible N motion modes, plus the probability that it
is not traversable (obstacle). This distribution corresponds
to the probabilistic labelling of the pixels into Nc classes:
C = {C1 , . . . , CNc }, where CNc denotes the obstacle class
(Nc = N + 1). So to each pixel Nc partial probabilities are

associated:P
{P (C1 ), . . . , P (CNc )}, where ∀Ci ∈ C, P (Ci ) ∈
Nc
P (Ci ) = 1. The unperceived pixels have an
[0, 1] and i=1
uniform probability distribution – unless a priori information
on the environment is known, in which case it is represented
by a non-uniform distribution.
Numerous contributions in the literature propose means to
build such a representation on the basis of range data (e.g.
using a Bayesian classifier [11], or analysing digital terrain
maps). In the context of this paper where the traversability
information is assessed by a UAV (see section IV), we use the
method presented in [13] that assesses the planarity of areas
perceived by monocular vision using homography estimates
(figure 1) – a similar approach can be found in [14].

Fig. 1. Probabilistic environment model built from a sequence of images
acquired by a UAV, superimposed on an aerial view of the area. The model
here contains two classes: (flat,obstacle), the probabilities being represented
according to a green/red color scale – transparency has been added to the
colored map layer to exhibit the mapped area.

B. Navigation Graph
A navigation graph is built upon the cells of a quadtree
decomposition of the raster world. The quad-tree is defined on
the information encoded in each pixel. It is built according to a
bottom-up scheme, and stops when a cell holds homogeneous
data or reaches the maximum cell size – this latter constraint
being set according to the desired itinerary resolution.
a) Quad-tree decomposition: The path planner exploits
the graph defined upon the raster traversability map to produce
a path described by a sequence of way points and to assess
the relevant areas to perceive. The resolution of the way point
sequence (its spatial frequency) does not need to be very fine,
and to save computation time the graph must be of reasonable
size: the raster traversability map is therefore first structured
into a quadtree.
The homogeneity of a cell is not defined by a strict state
equality of all its pixels but by a similarity criterion based
on the comparison of each pixel with the mean and standard
deviation of the cell it belongs to.
In the quadtree cell number k containing Nk pixels, the
mean value of a terrain class Ci is noted µki . Its corresponding
standard deviation is noted σik .
The cell k is homogeneous if all its pixels j are close to
the mean state by respecting the following (1):
∀i ∈ [1, Nc ], ∀j ∈ [1, Nk ], |Pjk (Ci ) − µki | < Fσ σi

(1)

The standard deviation factor denoted Fσ can be used to
relax or restrain the decomposition constraint, and the limit
Fσ σi is inspired from the Chebyshev’s inequality which
ensures that 75% of the data in a normal distribution is closer
than two standard deviations from its mean (Fσ = 2).
b) Navigation graph: A navigation graph is built upon
the quadtree cells: graph nodes are set at the middle of each
cell border, and each node is connected to all the other nodes
of the two neighboring cells. Thus each edge of the graph
traverses only one cell of the environment and holds one
consistent information of traversability.
The use of the quadtree decomposition reduces the search
domain. The number of vertices and edges in the graph
depends on the quadtree segmentation of the world map, as
illustrated Figure 2: the use of a regular grid map without
any quadtree decomposition produces a navigation graph that
contains about 6 times more edges than the graph built upon
a quadtree decomposition with a loose similarity criterion.

over the terrain classes, The real estimated cost to traverse a
region of class Ci (i.e. P (Ci ) = 1.0) is defined by ci (cf.
section I).
We define the cost function by separating the obstacle class
from other traversable terrain classes: the cost function is
expressed as the product of two contributions ft and fo :
fc = ft ∗ fo .
• ft defined in equation (2) accounts each traversable class
Cj6=Nc
• fo defined in equation (4) instances the contribution of the
obstacle class Nc taken into account by using 1−P (CNc )
as the expected chance to traverse a zone.
ft = w 0 +

Nc
X

wi (1 −

i=1

i
X

P (Cj ))



(2)

j=1

Equation 2 shows a sum of hyperplanes each weighted
by wi representing the influence of each corresponding class
Ci on the hyperplanes sum. The weights wi are defined
recursively from the real estimated costs according to (3).
w0 = c1 , ci =

i−1
X

wj

(3)

j=0

Fig. 2. Three navigation graphs defined on the same environment model.
Left: graph defined without any quadtree decomposition; center: quadtree
decomposition using a strict homogeneity criterion (Fσ = 0); right: quadtree
decomposition with Fσ = 2.0. The number of nodes/edges are respectively
161/432, 142/414 and 27/66.

Special care has to be taken while choosing the Fσ value.
A too high value will cause the gathering of terrains of too
different types in the same quadtree. Generally a value of
Fσ = 2.0 gives good decompositions. It is coherent with the
Chebyshev inequality and with the approximation done while
affecting the same terrain attributes to all edges in a same cell.
III. A SSESSING RELEVANT AREAS TO PERCEIVE
The main idea here is to use the planning algorithm itself
to highlight the most needed information for path planning
optimization. Our approach to assess areas where information
is required relies on the two following points:
• information is useful to gather at places where it is low:
information entropy expresses the amount of information
in each map cell,
• information must be useful for the path planner: the
proposed approach exhibits alternate potentially optimal
paths, from which areas which are relevant to perceive
for the navigation task are defined.
A. Navigation cost evaluation
The navigation cost fc of a path in the graph is the
cumulative sum of the cost of each graph edge in the path.
Edges’ states are represented by the probability distribution

To take into account the obstacle class effect fo , a solution
in (4) based on the logarithm function allows to get a greater
influence on the cost sooner than an hyperbole. A polynomial
adjustment is used to accentuate obstacles impact on probabilities greater than 0.5. A safety limit on the obstacle probability
P lim (CNc ) is also used to consider all P (CNc ) > P lim (CNc )
as totally untraversable terrains and thus affecting maximum
cost to those classes.
∀P (CNc ) < P lim (CNc )
2

P (CNc )
)4 )2
fo = 1 + log((1 −
P lim (CNc )

(4)

Terrain classes are considered in order of their influence
to the cost. The most traversable classes are considered first.
Each terrain class probability is taken into account within
the cost function by considering all its previous classes in
the mentioned order. This permits the navigation cost to be
combined coherently with the vehicle’s motion model.
For the A* search, the heuristic function h is defined as the
euclidean distance to the goal.
B. Navigation Success Potential - NSP
The planned path is defined by the start and goal locations,
and the information on the terrain state. In some cases as
illustrated by Figure 3 a slightly different start condition can
generate large differences in the path solution. In this figure
only half of the world is well known and a wall in the middle
forces the robot to choose a solution trajectory on the left or
on the right. These two alternatives will lead the robot into
two geographically very different zones.

Fig. 3. Two slightly different start points lead to two very different solutions.
(a) slight left offset of the start point. (b) slight right offset of the start point.

Fig. 4. Navigation Success Potential on the same examples (a) and (b) of
figure 3

Zones behind information frontiers being in the way of
path alternatives have to be perceived to help the navigation
process. In order to plan perception tasks over these zones, we
need to evaluate if the choice of these zones is worth for the
navigation mission. The A* search provides the graph with a
cost for each visited node. The visited nodes, noted as Ni ,
form an area bordered by a list of open nodes noted as Njo .
The set of all open nodes is defined as Go and the set of all
visited nodes is noted as Gi . Open nodes are the points where
the A* search stopped before finding the goal itself. They all
have an evaluated cost. We introduce the navigation success
potential (NSP) to evaluate how promising are path alternatives
after having calculated the nominal path.
The NSP noted as P is calculated by accounting on each
node Ni how many other nodes back point to it in order to
patch up with the start position. This means counting how
many path alternatives each node Ni offers. Each count for
an alternative is weighted by the sum of the inverse A* cost
fc (Njo ) and the heuristic h(Njo ) of the open node it leads to.
Thus the NSP is described on each node i as Pi thanks to (5).
The potential is initially set to zero for all the nodes. The set
Goi is the set of all open nodes having path to the start that
passes by the visited node Ni .

perception. For a perception task to be beneficial it must take
into account:
• the navigation potential of the zone to be perceived
• what would be the information gain if a given zone is
perceived by a given sensor
The first point is covered by the NSP built in previous
section III-B. The second point is the evaluation of the entropy
shift of the information on a piece of terrain observed with a
specific sensor.
c) Probabilistic Sensor Model.: The perception abilities
of each sensor are represented by all the conditionnal probabilities across the Nc terrain classes. It helps us evaluating
the gain of information a given sensor can produce on a given
piece of terrain.
The probabilistic model of each sensor is defined as the matrix Ms of all conditionnal probabilities among terrain classes.
For each terrain class i we have an array of conditionnal
probabilities P (Cj |Ci ), ∀j ∈ 1..Nc . Each array represent a
column of the model matrix. For each of these column the
conditionnal probabilities fulfill the following (6):

Pi =

X
j={Goi }

∀Ni ∈ Gi ,
1
o
fc (Nj ) + h(Njo )

(5)

Figure 4 illustrates (5) on the environment illustrated by the
figure 3. On each case the NSP greatly highlights the second
alternative.
Nodes not belonging to the nominal path and that hold a
strong NSP are very likely to be used if the nominal path turns
to be impassable after further discovery of the environment.
They can be given to other robots for perception task in order
to proceed for path clearance. For that purpose we need to
define which of these points should be perceived first.
C. Perception task selection
To integrate the environment knowledge we need to cross
the NSP with the probabilistic information from the map. The
cooperation task is mainly an information gathering operation,

P (Ci |Ci ) = 1 −

Nc
X

P (Cj |Ci )

(6)

j=1,j!=i

The general form of matrix Ms is given in (7) where the
perfect sensor would be represented by the identity matrix of
size Nc .


P (C1 |C1 )
...
P (C1 |CNc )
 (7)
...
P (Ci |Ci )
...
Ms = 
P (CNc |C1 )
...
P (CNc |CNc )
This model can be used to predict a terrain state P knowing
its current a priori state P = (P (C1 ), . . . , P (CNc )). Equation
8 depicts the definition of P with a normalization parameter
noted η.
P = ηMs P

(8)

The quality of the perception is a function of the distance
between the positions of the perceived cell and the sensor. It
expresses the confidence of the overall perception [2], which
degrades as the distance increases. This quality falloff is

modeled by a function Fq that expresses the rate by which
the entropy grows causing the overall information quality to
fall. A full sensor model is defined by the set of a probabilistic
perception matrix and a quality falloff function {Ms , Fq }. The
figure 5 illustrates the perception modelled through a 3-terrainclass perception matrix (similar to (9)) on three different cases.


0.8 0.1 0.1
Me =  0.1 0.8 0.1 
(9)
0.1 0.1 0.8

Fig. 5. Simulation of different bird-view perceptions. The vehicle is in the
center of each view, obstacles are in red, free zones in green, rough terrain
in blue and unknown terrain in grey. From left to right: perfect sensor, sensor
modelled with sensor model matrix Me (defined in (9)) with no quality loss,
and same sensor with a polynomial entropy quality falloff.
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Fig. 6. Example of a region map built upon Velodyne laser scanner to show
nominal path (left) and path selection (right) to maximize utility.

problem in this case comes to concurrently find sub-goals
to reach for the rover and relevant areas to explore for the
UAV. As an improvement of the UAV task in [15] where it
is virtually tethered above the UGV, our approach explicitly
drives the UAV to the most useful zones to perceive. In [15],
the UGV evolves in a sparse vegetated off road environment
where the UAV is mainly used to build an elevation map
around the UGV in order to detect negative obstacles that
are sorely detectable from the ground. As in [3] the use of a
mid-range sensor or perception abilities from an UAV comes
to extend the planning horizon and helps replanning before
the UGV pushes itself into dead ends. The main differences

d) Path selection: Once a navigation target is defined the
UGV calculates the best initial path to reach it according to
its current knowledge about the environment. Then a utility
map is built by fusing the NSP with the information gain
provided by the model of the cooperative vehicle’s sensor. The
information gain Ig is evaluated by comparing the entropy H
of the current state to its predicted state as in (10).
Ig = H(P ) − H(P)

(10)

The information gain Ig from (10) and the NSP defined in (5)
are used to specify the navigation utility U as written in (11).
U = P × Ig

(11)

Thus the utility permits to highlight zones that are likely good
to explore for navigation and on which perception is the most
helpful. To extract a path that maximises the utility map we
need to define its start and goal points. The start point is the
frontier point with the greatest utility that is not included in
the UGV path. The goal point is defined to be the last point
the UGV is sure to reach with its best initial path. It can also
be considered as the meeting point for communication.
The figure 6 shows the UGV paths on the left and the
resulting path selection made on the utility map on the right
that is to be given for execution to a cooperative vehicle.
IV. A NALYSIS OF THE PROPOSED STRATEGY
A. Extension to an air/ground cooperative navigation approach
We consider here the problem of long range rover navigation
in poorly known environments where maps can not be trusted
anymore after a catastrophe. The rover is assisted by an UAV
(cf. figure 7) to sense the environment ahead. The navigation

Fig. 7.

UGV and UAV on the start point.

between the UAV and the UGV are reported in table I. The
three points related to terrain perception, and the fact that an
UAV can quickly move over obstacles make it an ideal remote
explorer for the UGV.
TABLE I
UAV AND UGV IMPORTANT DIFFERENCES
UGV

UAV

slow motion
narrow sensor foot print
high-quality perception
do not see behind obstacles

fast motion
large sensor footprint
low-quality perception
see all around obstacles

In our approach the UAV is directed to perceive areas on the
basis of an optimisation of a utility / cost ratio, while satisfying
communication constraints to ensure that it can transfer the
information it acquires back to the rover. The strategy consists
on a sequence of the following tasks: path planning for the
UGV, utility map building, path selection for the UAV and
communication of the newly perceived data at the meeting
point where the cooperation loop restarts.

B. Comparison with different approaches
Table II shows the simulation results on two different maps
shown in Fig. 8, comparing four different navigation strategies:
• Mono-UGV: The UGV by itself with an A* planner.
• UGV/UAV Overhead: the UAV supports the UGV by
providing overhead perception.
• UGV/UAV Scouting: the UAV supports the UGV by
scouting 50 meters ahead of the current optimal path.
• UGV/UAV Cooperative Approach: the UAV uses the
utility U (cf. (11)) to plan observation paths.

optimal paths. Another way to cope with path irregularities
is to position the graph nodes more loosely on the quadtree
edges making them converge to the true optimal. Field D∗
[16] and the sub-optimal Theta∗ path planner [17] are good
alternatives to provide solutions closer to the true optimal
solutions. However deeper considerations are needed to have
graphs that fulfill our requirements. Indeed path planning has
to visit a large part of the map in order to produce navigation
costs far enough to highlight alternatives paths thanks to the
NSP. This latter is required to provide a meaningful utility
map for the navigation cooperation.
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Fig. 8. Two large maps used in simulation. Left: an environment with easy
detours, right: an environment with many dead-ends. The start point is on the
bottom left corner and goal point on the top right corner of each map.
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