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Abstract—This work aims at developing an efficient path
planning algorithm for the driving objective of a Martian day
(sol) that can take into account terrain information for appli-
cation to the proposed Mars Sample Return (MSR) mission. To
prepare the planning process for one sol (i.e., with a limited time
allocated to driving), a map of expected rover velocity over a
chosen area is constructed, obtained by combining traversability
classes, rock abundance and slope at that location. The planning
phase starts offline by computing several potential paths that
can be traversed in one sol (i.e., a few hours), which will later
provide suitable options to the rover if replanning is necessary
due to unexpected mobility difficulties. Online, the rover gains
information about its environment as it drives and updates the
map locally if major discrepancies are found. If an update is
made, the remaining driving time along the different options is
recalculated and the most efficient path is chosen. The online
process is repeated until the rover has reached its daily goal.
When simulated on different areas at Gusev Crater, Mars, the
algorithm correctly captured changes of terrain initially not
mapped, and rerouted the rover to a more efficient path when
necessary, in which case it effectively complied with the time
constraint to reach the goal.

Index Terms—Space Robotics and Automation, Robotics
in Hazardous Fields, Autonomous Vehicle Navigation, Mars
Sample Return, Map Update.

I. INTRODUCTION

FUTURE surface missions on Mars and other bodies
in the Solar System will require autonomous rovers

to face more difficult duties than previous missions have
performed. Despite having remote sensing data for Mars,
including 25 cm/pixel images (HiRISE, High Resolution
Imaging Science Experiment [1]) it gives insufficient terrain
information needed for planning purposes, as it does not
capture current conditions at the surface [2] which translates
into difficulty in preparing for day to day robotics operations.
For example, Spirit encountered high deformable soil at
the Columbia hills that had not been detected in orbital
and ground images and made traversability a challenge [3].
Opportunity encountered high wheel sinkage situations at
Endeavour Crater [4], and Curiosity experienced mobility
difficulties with wheel damage (holes and dents) from roving
on sharp rocks [5]. The importance of understanding terrain
properties prior to driving has since been widely recognized,
but for past and current Mars rovers, several limiting factors
can be listed. First, the rover planners are limited to line-of-
sight driving from the few images received, and limited com-
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munication [6] added to limited downlink data leads to few
opportunities to plan drives, not scheduled every sol [2]. The
maximum distance driven in one sol has never been greater
than 143 m (Curiosity on sol 665 [7]) and a rover such as
Opportunity drove an average of 3 km per Earth year [8]. To
remedy this problem, “autonomous” navigation (AutoNav)
has been implemented, but the distances covered are short.
Indeed, AutoNav takes pairs of stereo images to map hazards
or rough terrain with limited on-board computational power,
leading to slow speeds, e.g., 10 m/hr to 36 m/hr for the Mars
Exploration Rovers (MERs) [9]. To cover greater distances
faster, the rover can be programmed to “blind” drive, i.e.,
without checking its surroundings (a.k.a “directed”), when
the terrain is declared safe (from assessment of images by
humans). For MERs, it enabled speed up to 124 m/hr [9],
but it also implies that the drive remains within line-of-sight
(i.e., path visible on pictures collected from previous sols).

NASA’s proposed mission Mars Sample Return (MSR)
would collect material to bring back to Earth and would be
completed within one Martian year (687 days) [10]. With its
main purpose being to retrieve samples up to 10 km away due
to landing uncertainty [11], in order to maintain its mission
timeline the MSR rover will require more autonomy to safely
perform more frequent (potentially every sol) and longer
drives than previous rovers. It would need more efficient
measures to address unexpected conditions as well as a faster,
more autonomous decision making process. MSR needs a
different approach in path planning that can take into account
the main limitations of current Mars rovers: the lack of
information about the terrain, the need to drive further and
faster without more frequent communication between Earth
and Mars, the limited on-board computational resources, and
the lack of human input on regions not covered by surface
images from previous sols. Some of these challenges also
apply to other planetary missions, such as Dragonfly to
Saturn’s moon Titan [12]), and solutions to address these
problems on Mars could potentially be extended to other
planetary rovers.

The rest of this letter is organized as follows: section II
discusses previous work related to Mars rover path planning,
terrain and traversability. Section III shows the problem
statement and contribution of this paper. Section IV describes
the technical approach; results are presented in section V. A
conclusion and future work are discussed in section VI.
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II. RELATED WORK

Planetary environments pose the problem of being partially
unknown with uncertainty about the terrain. This creates
difficulty in motion planning and mobility, and raises the
question of traversability. Traversability is the ability for a
terrain to support a driving vehicle without reaching the
failure point, and depends on both the robot and the terrain.
Being able to predict it is key to a successful surface mission
and has been attempted many times by researchers with
different approaches. For example, on most Mars rovers,
AutoNav has been implemented to perform real-time checks
of the environment in the immediate vicinity of the robot
[13] before a field D* algorithm finds paths through a grid-
based representation of the environment [14]. Additionally,
research has been conducted to characterize and classify
the terrain using a variety of on-board sensors [15], [16].
Some authors have proposed to incorporate terrain uncer-
tainty directly into the planning phase by implementing a
path with an adaptive cost that changes according to new
information gathered along the drive (i.e., the cost changes
as the environment is updated and uncertainty is reduced)
[17]. Unlike AutoNav, this method can account for a budget
(e.g., limited time to reach the goal each sol). Some other
researchers have suggested to equip the rover with a spec-
trometer to gather information along the way, allowing the
vehicle to update its route through Bayesian inference using
the newly acquired knowledge of its environment [18]. This
monitoring method might not be easy to implement for a
sample return rover, as the systematic use of a spectrometer
would be time consuming (about 3 hours each time, [19]) and
could be computationally demanding, especially for a mission
whose main purpose is not to conduct science experiments
in real time. However, using a different instrument could
potentially alleviate this difficulty, provided the hardware is
easy to implement and deploy (e.g., shear vane [20]). This
concept closely resembles a map update, where the rover
gather information about its environment online to update its
knowledge and plan its traverse accordingly. This has been
demonstrated to work for local planning in an unknown,
off-road environment [21], and for planning in hazardous
environments containing radioactive materials [22]. However,
the mapping and planning phases are both performed online,
which might be a challenge for a planetary rover with
limited on-board resources and time to perform computations.
Another algorithm was suggested to help rover drivers plan
paths, where ground images and topographical information
would be merged to predict potential terrain hazards ahead
of the vehicle [23]. A slightly different approach to this
is the use of terramechanics (the science of wheel-terrain
interaction) as a mean of assessing traversability. Slip has
been widely chosen for this purpose [24] and has been cited
as early as the foundation work of terramechanics [25], [26].
One proposed model uses on-board cameras to predict slip
and consequently classify the terrain into three categories
(traversable, untraversable, and uncertain) to then plan a path
accordingly [27]. Additionally, some authors have developed

a path planning algorithm that accounts for error in predicted
slip [28]. However, slip prediction methods are often online
and limited to line-of-sight estimations. Offline simulations
of traverses with a software specifically developed for this
application (ARTEMIS, Adams-based Rover Terramechanics
and Mobility Interaction Simulator) have been researched as
well [29], [30], validated by single-wheel experiments and
used on the Mars rovers Opportunity and Curiosity [31].
Similarly to most slip prediction methods, this is also con-
strained to limited distances on terrain assessed via ground
images. To address this issue, a different mobility model
was developed that factors in terrain information such as
types and rock abundance (Cumulative Fractional Area or
CFA [32]) in addition to slope, initially used alone [33].
This classifier, the Mars Terrain Traversability Tool (MTTT),
performs a traversability analysis and classifies terrain types
into categories based on rover performance (trained with data
from MSL, the Mars Science Laboratory) [23]. In this model,
terrain types are estimated using the Soil Property and Object
Classification (SPOC) software developed at the NASA Jet
Propulsion Laboratory (JPL) [34]. MTTT is then used to
compute optimal-time routes offline over extensive distances,
but it is intended for scientific missions and therefore, the
paths do not converge to a single goal [35] and it would not
provide an effective replanning strategy for MSR. A recent
planning approach worth mentioning consists of computing
the entire traverse globally, before using a local planner with
higher resolution to dynamically correct the path as obstacles
are detected in real-time [36].

This paper proposes a new framework that leverages these
existing methods to meet the needs of future planetary
surface missions such as MSR: an effective path planning
method that predicts rover traversability and limits the use of
computational resources online; local map updates to assess
the safety of the terrain ahead of the rover; and an efficient,
autonomous replanning strategy when unexpected hazards are
detected.

III. PROBLEM STATEMENT

The goal of this work is to develop a path planning and
real-time map update algorithm to support the autonomous
traverse of a sample return rover on partially unknown
terrains for the driving objective of a sol on Mars. This
process would be repeated each sol until the traverse from
the landing site to the sample locations is completed. The
information available to this research in the context of MSR
are the raw orbital data (e.g., Digital Elevation Model or
DEM) and processed orbital data (CFA and terrain types). It
is assumed that the rover has reasonably accurate knowledge
of its position at all times, that only the traversability class
data set contains uncertainty and that the rover can contin-
uously drive for up to eight hours per sol. Even though a
solar powered rover such as MERs was designed to drive
at most four hours by design and in practice even less
[9], better performance is expected in the future [6]. The
assumption is made that the computational resources are at
least equivalent to those of Mars 2020 with a Virtex-5QVs



Fig. 1. Diagram showing the one-time offline planning and the online loop
comprised of update and replanning.

Field Programmable Gate Array (FPGA) [37] and RAD750
Single Board Computer (SBC) [38]. Scheduler algorithms
of complexity up to O(TN3

a ) (T number of timelines and
Na number of activities) have been developed for such
computers [38] and it is assumed that any algorithms of
equal or lower complexity can therefore be handled by similar
computational resources. Additionally, it is assumed that the
rover can perform real-time terrain monitoring [16], [39] and
obtain information about its type through such monitoring.
Constraints associated with this work include a time budget
(limited time each sol to perform a drive) and limited data
sets available. That is, the amount and type of data used are
specific to Mars and the planning algorithm was built to focus
on future surface missions to the red planet.

The main contribution of this work is a novel terrain-
aware planning framework that supports the MSR mission
concept by enabling safe driving over significant distances. It
includes: 1) a planning algorithm that can incorporate orbital
terrain information to allow the rover to autonomously assess
its environment prior to driving; 2) an algorithm that accounts
for new information gathered by the rover and locally lowers
the uncertainty about the terrain; 3) a planning process
that gives the vehicle options to reroute if a more efficient
path is found without requiring heavy real-time computation,
resulting in faster decision making and replanning.

IV. TECHNICAL APPROACH

The path planning process is split into an offline path
planning phase and an online map update and replanning
loop. This approach was chosen to alleviate as much as
possible the use of computational resources on-board. The
offline planning creates paths for the rover to use during its
traverse, whereas the online part is dedicated to monitoring
of the terrain and map updates given new terrain information,
with possible replanning if needed (i.e., terrain has changed
significantly). The overall process is presented in Fig.1 and
detailed in the next subsections.

A. Definitions

The following definitions are used throughout this letter:
• Terrain types: direct output of SPOC [34]. At the

Columbia Hills, the following are found: SR - Smooth

Fig. 2. Velocity categories, A to F (CFA >15% or slope >25◦ are in
category F and are not shown).

Regolith and SO - Smooth Outcrop, RR - Rough Re-
golith and RO - Rough Outcrop, SRF - Sparse Ripples
Firm and SRS - Sparse Ripples Sandy, DLR - Dense
Linear Ripples and PR - Polygonal Ripples.

• Traversability class: each class of traversability is com-
prised of two terrain types (see Table I). The classes
are: benign (1), rough (2), sandy (3), no-AutoNav (4)
and untraversable (5). At Gusev Crater, class 4 has not
been found [34].

• Cumulative Fractional Area (CFA): fraction of area
covered by rocks [32].

• Velocity categories: lettered A to F, they represent
the expected rover velocity given the slope, CFA and
traversability class [35], as shown in Fig. 2. This paper
does not focus on possible variations of velocity within
each categories but rather, takes the optimal value/range
as published in [35] for each one.

B. Offline Path Planning

This step focuses on generating offline a diverse set of
paths for the driving objective of a sol based on terrain
information. Spirit’s landing site is chosen to simulate the
algorithm since detailed terrain studies have been conducted
there [34].

1) Velocity Categories: The path planning method uses
expected velocity categories derived from combining three
geological data sets [35]. Indeed, by overlapping the CFA,
DEM and traversability class maps over each 1x1 m2 cell,
a geological context is retrieved that allows estimation of an
expected speed of the vehicle across each square meter of
the map, using the classification shown in Fig. 2 [35]

2) Map of Velocity: The map known to the rover prior
to planning is a belief map, specifying the probability distri-
bution over the expected velocity categories of each of the
grid cells (see subsection IV-B1). This map is built over
an area potentially covering the equivalent of the journey
from landing to samples and Spirit’s traverse was taken as
a reference (Fig.3(a)). The belief map is initialized from the
uncertainty contained in the terrain type map generated by
the classifier as presented in [34].

To build the belief map, CFA, traversability classes and
slope information are needed, but only the DEM is public
information. New maps were therefore hand labeled using
HiRISE images and DEM over the chosen area. Even if
additional uncertainty could be present in the traversability
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Fig. 3. (a) HiRISE PSP0017771650REDA01 with Spirit’s traverse in blue
(Image: NASA/JPL/University of Arizona). (b) Traversability classes (1, 2,
3, 5). (c) CFA map; 1: CFA <7%, 2: 7%< CFA <15%, 3: CFA >15%.
(d) DEM with subset trial maps (see Table II for numbering). Maps are
2915x3540 m2, subsets are 301x401 m2.

class map due to the fact that the map had to be manually
labeled, it is assumed that the data set provides a reasonable
approximation of the Mars conditions for evaluating the
proposed planning algorithms, and that the uncertainty from
the classifier used in [34] can be applied to this work.
CFA is divided into three ranges (low or 1, <7%, medium
or 2, between 7% and 15%, and high or 3, >15%) and
slope is taken within five main ranges (< 10◦, between
10◦ and 15◦, between 15◦ and 20◦, between 20◦ and 25◦,
and >25◦) [35]. The CFA map was built based on visible
geological features such as craters, assuming that rocks are
more abundant around them (ejecta blanket, high CFA), a
little less inside (medium CFA) and a lot less abundant
everywhere else (low CFA) [40]. The traversability class
map was obtained in a similar fashion: untraversable class
was matched with craters, and sandy terrains were matched
with ejecta blankets and dunes or ripples when they could be
detected. Rough terrain was built using grey threshold values
from the DEM and the rest of the map was set to benign
terrain by default. Therefore, classes 1 and 2 (benign and
rough) do not correspond to actual geological units, unlike
classes 3 and 5. The maps are shown in Fig.3, with 3(a)
having a resolution of 25 cm/px and 3(b), 3(b) and 3(d)
having a resolution of 1 m/px. To test the performance of the
algorithm, small portions of the map were selected, chosen
so that they would cover the distance traversable in one sol
(i.e., taking no more than eight hours), and are 301x401 m2

in size (shown as rectangles in Fig.3).
3) Planning Approach: To reduce the computational cost

online, several paths are computed offline prior to begin the
traverse of a sol, to give the rover options to reroute in real
time if necessary. This approach enables the rover to quickly
replan its traverse without heavy computation involved,
should the terrain be different than expected. Rerouting could
be triggered by any significant change detected by the rover
as it drives and it is assumed that various methods such as

slip monitoring or instrument deployment can detect terrain
variations. The start and goal locations are chosen so that the
rover would not take more than eight hours to drive from one
to the other under nominal conditions (Fig. 4). To plan the
paths, a graph is first built using a Probabilistic Road Map
(PRM) [41] and an A* algorithm [42] then computes paths
from start to goal. The cost of the traverse is the sum of the
cost of the edges along the path given by Eq. 1.

ec =
le
Ve

(1)

Where ec is the edge cost (in hours), le is the length of an
edge in meters and Ve is the maximum velocity encountered
by the rover along the edge (in m/hr). Each cell corresponds
to a pixel on the orbital images, with a resolution of 1
m/px. Vpx is obtained from [34] by overlapping the slope,
traversability class, and the rock abundance for each cell (see
subsection IV-B1). The slope is derived from the DEM using
Horn’s method in the direction of driving (simplified to “up”
or “down”) as shown in [35]. The traversability class and
CFA values are obtained from the maps made from HiRISE
images as described in subsection IV-B2. To compute several
paths to the goal, Yen’s k-shortest paths algorithm [43] is
implemented on the node following the spur node of the latest
computed path. The algorithm was modified to incorporate
the following: maximum cost of each path (i.e., time budget);
and minimum distance from each node on previous paths to
avoid computing paths too close to each other. The number
of paths with this no-go corridor can be changed, and the
width of the corridor is no longer than twice the maximum
length of an edge. With this method, the maximum number
of options generated is the number of edges of the second-
to-last computed path, and it allows for both diversity and
overlapping of the paths.

C. Local Map Update

The map update allows the rover to keep a local up-to-
date velocity map at 1 m/px using constant monitoring of
the terrain while driving. The initial map known to the rover
contains uncertainty due to the terrain classifier errors [34].
For simulation purposes, the “measurements” resulting from
terrain monitoring are taken from an altered map referred to
as the “truth” map (1m/px). The alterations were made so that
the map remains as close as possible to real situations: for
example, class 1 has 10.5% chance to be mistaken for class
2, but class 6 can hardly be misclassified, with a prediction
accuracy of 99.8% [34] (Table I). The initial belief states
of each cell are derived from statistical proportions of each
velocity category under different ranges of CFA and slope.
The derivation of these matrices is presented below.

1) Class Confusion Matrix: The probability matrices are
derived from the class confusion matrix (Table I), i.e., the
matrix showing the performance of the terrain classifier
in [34]. It is first adapted from types to classes with the
following process:
• The proportion of each class present at the Columbia

Hills was computed by simply adding the proportions
of each terrain belonging to the class:



pci =
∑
j

ptj⊂ci (2)

where pci is the proportion of class i and ptj⊂ci is the
proportion of terrain type j included in class i.

• Each terrain proportion within a class is obtained by
normalization of the proportions:

pti⊂cj =
pTi

pcj
(3)

where pti ⊂ cj is the proportion of terrain type i in class
j, pTi

is the proportion of terrain type i at the Columbia
Hills as observed by [34] and pcj is the proportion of
class j at the Columbia Hills as calculated previously.

• Each value within the confusion matrix was calculated
based on the proportion of each terrain within each class
and the probability given by the confusion matrix for
that terrain in [34]:

P (cj) =
∑
i

pti⊂cjP (ti) (4)

where P (cj) is the performance of the model for class
j (computed as explained above), pti ⊂ cj is the
proportion of terrain type i in class j and P (ti) is the
performance of the model for terrain type i (from [34]).

TABLE I
CONFUSION MATRIX FOR TRAVERSABILITY CLASSES 1 TO 5.

Prediction
SR+SO
Class 1

RR+RO
Class 2

SRF+SRS
Class 3

DLR+PR
Class 5

Ground
Truth

SR+SO 84.0% 7.50% 0.200% 0%
RR+RO 10.5% 81.3% 1.20% 0.200%

SRF+SRS 5.20% 10.6% 98.4% 0%
DLR+PR 0.300% 0.600% 0.200% 99.8%

2) Edge Potential Matrices: The edge potential matrices,
representing the conditional relations between velocity cate-
gories in adjacent nodes, are built after the confusion matrix
for classes shown in Table I. For each category (see Fig.
2), it is first determined what classes of terrain are included,
what the proportions of each class within the category are,
and finally, the probability that the prediction matches the
ground truth is calculated. Each column of the edge potential
matrices corresponds to the belief Probability Mass Function
(PMF) of velocity categories for each combination of CFA
and slope; each row of the matrices is the “true” PMF of
categories (i.e., the “measurement”). To illustrate the deriva-
tion, an example is taken for CFA less than 7% and slope
between 20◦ and 25◦. This combination of CFA and slope
gives only two possible categories of velocity: E (10.9 m/hr)
and F (untraversable). E includes class 1 and 2. Moreover,
within these ranges of CFA and slope, category F can only
be class 3 or 5. To calculate the probability that category E
is mistaken for F, the following steps are followed:
• The relative proportions of class 1 and class 2 within E

are obtained, called pc1⊂E and pc2⊂E , respectively:

pci⊂Cj =

∑
k

ptk⊂ci∑
i

pci
(5)

where pci⊂Cj
is the proportion of class ci within cate-

gory Cj , ptk⊂ci is the proportion of terrain type k within
class ci and pci is the proportion of class i at the site
of interest, calculated from Eq. 2.

• The relative proportions of class 3 and class 5 within F
is calculated, called pc3⊂F and pc5⊂F , respectively.

• The numbers in Table I corresponding to the perfor-
mance of the model for each predicted class (1 and 2)
compared against each true class (3 and 5) is taken,
called P (c1|c3) (probability of the model to give class
1 knowing that it is in fact 3), P (c1|c5), P (c2|c3) and
P (c2|c5).

The final equation is:

P (E|F ) = pc1⊂E(pc3⊂F ∗ P (c1|c3) + pc5⊂F ∗ P (c1|c5))+
pc2⊂E(pc3⊂F ∗ P (c2|c3) + pc5⊂F ∗ P (c2|c5))

(6)

Which gives, in this case: 0.54(0.436∗5.2%+0.564∗0.3%)+
0.46(0.436 ∗ 10.6% + 0.564 ∗ 0.6%) = 8.31%.
This number is highlighted in Table A4. The other cells are
calculated using a similar process. All of the edge-potential
matrices are presented in Appendix A1.

3) Belief Propagation Framework: Each cell s in the map
has an associated belief state of the velocity category of that
cell φ(s). The initial belief state of a cell is derived from
the PMF of velocity categories, by tuning the probabilities
towards the most likely categories as seen from ground
images assumed to be available to MSR from Persever-
ance. Here, for simulation purposes, the truth map is used
to set the initial conditions. The map update problem is
simplified by estimating the belief only at the nodes along
the computed paths in the local area around the location
where the measurement was taken. The graph used for belief
propagation is found as a minimum spanning tree of the
subgraph, consisting of the subset of nodes less than or equal
to a graph distance of N away from the measured node.
This minimum spanning tree of the local subgraph around
the measurement is referred to as the belief propagation tree,
the nodes of this graph are the set {x}, and the belief state of
a particular node xi is φ(xi), representing a Markov Random
Field (MRF). The belief of the rest of the cells in the local
area of the map is then updated by linearly interpolating
between nodes in the belief propagation tree. The edge
potential functions ψ(xi, xj) represent conditional relations
between neighboring nodes in the graph and describe how
the state of xj should be updated, based on the state of xi.
A measurement taken at a particular node zi directly results
in a new belief state for that node φ(xi|zi). The objective of
the map update is to propagate this new information to the
rest of the graph and infer the marginal PMFs of each node.
In other words, the algorithm updates the belief states of all
other vertices, given the measurement, φ(xj |zi),∀j 6= i. The
minimum spanning tree of the local subgraph is found (with a
time complexity of O(|E|log|ν|), where |E| is the number of

1When used as edge potentials in the map update framework, the columns
are normalized, so each sums to 100%.



edges in the graph and |ν| the number of nodes), so that exact
inference can be performed using the sum-product message
passing algorithm [44]. The belief propagation in this work is
implemented using conditional inference on trees, provided
by the Undirected Graphical Model (UGM) Matlab Toolbox
[45]. The belief propagation tree MRF is factorized and the
marginal distributions of each node are computed using the
following equations, as described in [44], with a complexity
of O(|ν|2) (ν vertices of the tree, in this work |ν| < 100).

φ(xi) =
∑
{f}

µf→xi(xi) (7)

µf→xi(xi) =
∑
{x}\xi

f(n(f)) ∏
xj∈n(f)\xi

µxj→f (xj)

 (8)

µxi→f (xi) =
∏

h∈n(xi)\f

µh→xi
(xi) (9)

Where in general, µf→x(x) is the message passed from a
factor node f to the variable node x and µf→x(x) is the
message passed from a factor node f to a variable node x.

The terrain monitoring on the nodes along the path leads
to a “noisy measurement” of conditions corresponding to
a specific PMF of velocity categories. It is assumed that
such monitoring (e.g., slip) can estimate such PMF, sampled
from the “truth” map for the simulations. The algorithm
then generates the 1 m/px map through interpolating the
information from the updated nodes. This paper does not
address the real-time monitoring process (see section III).

D. Replanning

Replanning is used to optimize the remaining time to the
goal. After each map update, if the most likely velocity
category along the path the rover is driving on is different
than the believed velocity, the costs of all the pre-planned
paths are recalculated using a weighted average of belief cost
of each cell crossed by the remaining edges of the path. The
belief cost for a cell is given by:

cb =
lc

V · φ(s)
(10)

where V is a vector of velocity for categories A to F and
φ(s) is the belief state PMF of categories in cell s. If
there is an available path among the proposed options with
a lower cost than the current path the rover is following,
and if there is a connection, i.e., segments of pre-computed
paths from the rover’s location to the potential new path, this
option is selected to continue the traverse. The complexity of
the replanning algorithm is simply O(nlog|ν|) in time and
O(log|ν)| in space, where ν are the vertices on the paths.

V. RESULTS

Five simulations are performed, and the first one is detailed
step-by-step in subsection V-A. The results of the other four
simulations are summarized in subsection V-B. The start
and goal locations are generated randomly with the budget
constraints that the time it takes the rover to go from one to
the other is no more than eight hours.
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Fig. 4. Inital map of velocity categories A to F, with 37 paths.

A. Detailed example

For this particular example, there are 37 paths computed
within the allotted time budget (costs are between 5.5 and
6.4 hours) with a path length between 354.5 m and 430.2
m. Monitoring is performed every four nodes starting on
the first node of a chosen path, and the maximum length
of a branch of the belief propagation tree is N = 3 nodes.
Following a change of velocity from A to C (Fig. 5(a)) and
a cost recalculation, the initial path chosen is no longer the
fastest. The local update is shown in Fig. 5. A different
option is found that minimizes the remaining time to the
goal by avoiding the terrain in category C for as long
as possible (Fig.6), thus gaining about 45 minutes. This
example shows that the diversity of the paths is needed to
offer less costly alternatives from the current route, but that
having overlapping segments is necessary to allow for quick
deviations from the original path. The rover gets to its goal
in six hours and ten minutes in the simulation, and would
have taken seven hours along the initial route.

B. Other trials

The algorithm has been tested on other subset maps shown
in Fig. 3. The results are presented in Table II, with trial
one being the case detailed above. These trials show that
replanning is not always needed, despite the occurrence of
map updates. If the remaining time to the goal after an update
is still the shortest along the current path, the rover maintains
its course.

TABLE II
TRIALS 1 TO 5 (SEE FIG.3(A) FOR LOCATION).

Trials, distance start-goal 1(344m) 2(283m) 3(186m) 4(344m) 5(231m)
Categories along path A,C A,C,D A,C,D A,B,C,D A,C,D
Cost initial path 5.48hrs 7.32hrs 3.40hrs 7.13hrs 5.06hrs
Replanning events 1 0 0 1 0
New cost of initial path 6.99hrs N/A N/A 8.33hrs N/A
Cost final path 6.17hrs 7.42hrs 3.82hrs 7.63hrs 5.12hrs

VI. CONCLUSION AND FUTURE WORK

This work presents a planning framework that addresses
challenges posed by Mars surface missions, proposing a
method that incorporates terrain information in the planetary
rover path planning and gives efficient replanning steps while
keeping the on-board computational cost to a minimum. Of-
fline, paths are planned to provide diverse options to the rover
to divert from its original route if needed. Online, the map of
expected velocity is kept up to date locally by monitoring the
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(b) Local update before replanning.
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Fig. 5. (a) Truth map of velocity category (A to F) showing the two paths included in the actual traverse. (b) Local update before a replanning event.
(c) Local update after a replanning event. The initial path followed is shown in yellow and the new path followed in magenta (only those are shown for
clarity purposes).
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Fig. 6. Actual path with locally updated velocity categories and replanning
with the two paths combined in the traverse.

terrain along the path. With several offline planned options
at its disposal, it becomes easier for the rover to reroute after
a significant update is made (e.g., change of velocity cate-
gory). Future work includes research on integration of lower-
level motion planning algorithms and focus on online risk
assessment and decision making under unexpected situations.
Moreover, the authors are working on the development of an
algorithm that implements direct measurements (i.e., exact
information gathering through deployment of an instrument)
in addition to the noisy monitoring mentioned in this paper,
as well as a method to obtain this exact terrain information.
Lastly, these results will be tested on a physical robot in a
Mars analog environment, at which point the “truth” map
would be replaced by actual monitoring of the terrain.

APPENDIX A
EDGE POTENTIAL MATRICES

Tables A1 through A6 shows the edge-potential matrices.
Rows and columns of zeros are not shown.

TABLE A1
CFA ≤ 7% AND SLOPE ≤ 10◦ .

Prediction
A C D F

Truth

A 84.0% 7.50% .200% 0%
C 10.5% 81.3% 1.20% .200%
D 5.20% 10.6% 98.4% 0%
F .300% .600% .200% 99.8%

TABLE A2
CFA ≤ 7% AND 10◦ < SLOPE ≤ 15◦ .

Prediction
A C F

Truth
A 84.0% 7.50% .0872%
C 10.5% 83.3% .636%
F 2.44% 4.96% 99.2%

TABLE A3
CFA ≤ 7% AND 15◦ < SLOPE ≤ 20◦ .

Prediction
B C F

Truth
B 84.0% 7.50% .0872%
C 10.5% 81.3% .636%
F 2.44% 4.96% 99.2%

TABLE A4
CFA ≤ 7% AND 20◦ < SLOPE ≤ 25◦ ; AND FOR 7% < CFA ≤ 15% AND

20◦ < SLOPE ≤ 25◦ . THE HIGHLIGHTED CELL COMES FROM EQ. 6.
Prediction

E F

Truth E 82.8% .340%
F 8.31% 99.2%

TABLE A5
7% < CFA ≤ 15% AND SLOPE ≤ 10◦ .

Prediction
B C D F

Truth

B 84.0% 7.50% 0% .200%
C 10.5% 81.3% 0.200% 1.20%
D .300% .600% 99.8% .200%
F 5.20% 10.6% 0% 98.4%

TABLE A6
7% < CFA ≤ 15% AND 10◦ < SLOPE ≤ 15◦ ; AND FOR 7% < CFA

≤ 15% AND 15◦ < SLOPE ≤ 20◦ .
Prediction

B C F

Truth
B 84.0% 7.50% .0872%
C 10.5% 81.3% .636%
F 2.44% 4.96% 99.2%

For the cases CFA ≤ 7% with slope > 25◦, 7% < CFA
≤ 15% with slope > 25◦ and CFA > 15% with any slope,
category F is the only category possible.
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