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I. INTRODUCTION

In an extreme environment such as Mars or a volcanic
area, mobile robots have been used in scientific missions, or
as precursors for a future manned mission. The robot called a
planetary exploration rover is managed by a space-qualified,
radiation-hardened, and low-clock onboard computer, and
autonomously travels over challenging terrain. The rover
often encounters mobility hazards such as vehicle rollover
on a sloped terrain, collision with obstacles, or the wheels
getting stuck in loose soil. These issues are addressed by
rover traversability prediction in motion planning [1]. The
prediction involves several indices, such as the wheel slip
and posture angles on rough and loose terrains. Traversability
indices are predicted based on the terrain feature information
or interaction between the terrain surface and robot motion.
Using the indices, the rover can carefully plan feasible
motion within their traversability performance. Therefore, the
traversability prediction is particularly important for rover’s
traveling autonomously on rough and loose terrains and
needs to be processed with less computational time due to
the limitation of the processing performance.

Previous studies have proposed motion planners that avoid
the risky locomotion of the rover on rough and loose ter-
rains based on its traversability indices [2]. Although the
usefulness of motion planners using traversability prediction
is experimentally validated, it is difficult to precisely predict
robot traversability indices under uncertainty assumptions.
Particularly, on rough and loose terrains, the modeling of
the traversability prediction is subject to heteroscedastic un-
certainties, such as the measurement uncertainty of onboard
vision sensors and the motion uncertainty of the rover.
Figure 1 depicts the heteroscedastic uncertainty environment,
wherein rover state can be expressed by particles based on
the traversability prediction model with different variances.
These uncertainties often occur and cause the rover states to
be stochastically distributed, which leads to an increase in
the probability of mobility hazards.

To remedy this, we develop an uncertainty-aware tra-
jectory planner for a planetary rover, including uncertainty
quantification and propagation in the traversability prediction
model. The major contributions are as follows:

• Uncertainty in a slip prediction model for a steered
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Fig. 1. State transition in heteroscedastic uncertainty environment consist-
ing of various terrains such as slope, rough terrain, and flat areas. Left:
When rover tracks a nominal trajectory, its state can be expressed by
particles based on the traversability prediction under uncertainty assumption.
Right: Traversability prediction model with heteroscedastic uncertainty
described by different variances σ , which depend on terrain feature and
rover state/control.

vehicle in high-slip conditions is experimentally mea-
sured.

• The slip uncertainty along with pose prediction uncer-
tainty is quantified as two metrics with the idea of
uncertainty propagation.

• Uncertainty metrics extend the conventional trajectory
planner, enabling the rover to assess the growth of
heteroscedastic uncertainty over the time steps.

II. RELATED RESEARCH

There have been significant studies dealing with the uncer-
tainty effect, where motion planning is conducted in the be-
lief space [3]–[8]. In the space, the robot states are estimated
by a belief, which is based on the probability distributions
over the states. Particle rapidly-exploring random trees (RRT)
can search for a feasible motion of a wheeled mobile robot,
even under the assumption of uncertainty in rough terrain
friction [3]. Motion uncertainty RRT is a robust motion
planner against motion uncertainty measured by field exper-
iments, which considers uncertainty propagation in multiple
types of terrain [4]. Such particle-based approach iteratively
predicts the growth of the robot state covariance using each
particle in the presence of Gaussian uncertainty. Therefore,
it can correctly describe the uncertainty expansion even in
heteroscedastic uncertainty. However, the computational time
of the particle-based planners is equivalent to that of the clas-
sical RRT algorithm multiplied by the number of particles;
hence, the computational overhead is explicit. Conversely,
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the confidence-ellipse-based approach is a computationally
efficient method to approximate the effects of Gaussian
uncertainty [5]. Rapidly-exploring random belief trees lever-
age the Kalman filter in a linear-quadratic-Gaussian (LQG)
control to approximate the covariance of future states in
the presence of the process and sensor noise [6]. The
LQG motion planning (LQG-MP) evaluates the probabilistic
distribution of a configuration throughout the generated path
[7]. Lee et al. proposed a robust motion planner using LQG-
MP to consider uncertainties in the position and heading
due to vehicle slippage in deformable high-slip terrain [8].
These confidence-ellipse-based approach approximates the
state covariance as a confidence ellipse; moreover, the growth
of the ellipse is assessed to compute the probability of
collision with obstacles. However, the confidence-ellipse-
based approach cannot correctly express the uncertainty
propagation because it hypothesizes that the uncertainty in
the entire environment is homogeneous as explained in the
previous study [4].

Uncertainty in traversability prediction has been addressed
in connection with the motion planning problem [9]–[12].
Otsu et al. proposed the approximate clearance evaluation
algorithm to estimate conservative bounds for the rover’s
pose on a patch of terrain [9]. The method assumes the
uncertainty in terrain height underlying wheels; and, it
exploits the lowest and highest heights for each wheel to
calculate the worst-case vehicle configuration. Risk-aware
motion planners based on the chance-constraint approach
have also been developed by exploiting traversability predic-
tion uncertainty [10], [11]. They assumes a heteroscedastic
uncertainty in slip prediction model, which is expressed by
Gaussian processes. In the planning process, the probability
of vehicle immobilization on sandy slopes or rough terrains
is assessed in the chance-constraint manner, which ensures
that the probability is less than the threshold value. This
approach is also known as Value at Risk (VaR) and one of
the major risk assessment methods. While the uncertainty
in the traversability prediction is well expressed, the prop-
agation of heteroscedastic uncertainty over the time steps
was not assessed appropriately, which may lead to inaccurate
calculation for VaR. This is because the algorithms solve
the problem as path planning, which is more discrete than
trajectory planning. The details are explained in the following
problem formulation. Recently, Cai et al. addressed risk-
aware motion planning on multiple types of terrain with
heteroscedastic uncertainty with Conditional VaR (CVaR)
approach [12]. They exploit non-linear optimization planners
such as Model Predictive Path Integral (MPPI), which can
generate feasible motion/control set for reaching a goal. The
MPPI is integrated with the CVaR approach, leading to
a more conservative solution by pessimistically accounting
for uncertainty. While this previous work greatly improves
navigation success rate, it requires computational resources
such as powerful CPU and GPU due to the use of the MPPI’s
optimization in the CVaR calculation.

Table I summarizes the difference between the problems
addressed by the existing works. No existing study com-

TABLE I
SUMMARY OF EXISTING RESEARCH EFFORTS ON MOTION PLANNING

UNDER UNCERTAINTY ASSUMPTION.

Particle Ellipse Traversability prediction
[3], [4] [5]–[8] [9]–[11] [12]

Low computational cost ✓ ✓
Homogeneous uncertainty ✓ ✓ ✓ ✓
Homogeneous unc. propagation ✓ ✓ ✓ ✓
Heteroscedastic uncertainty ✓ ✓ ✓
Heteroscedastic unc. propagation ✓ ✓
Traversability ✓ ✓

bines all of the items in the table, and particularly, the
heteroscedastic uncertainty in the traversability prediction
model makes the motion planning difficult. To address all
items in the table, we propose an uncertainty-aware trajectory
planner.

III. PROBLEM FORMULATION

We assume that a four-wheeled rover is equipped with a
differential suspension and steerable front wheels as shown
in Fig. 2. The state variable of the rover is expressed as
follows:

xxx = [x y ψ ϕ θ s β ]T, (1)

where x and y are the coordinates of the robot’s center
of gravity. ψ denotes the yaw angle of the robot. ϕ and
θ are the roll and pitch angles of the rover, respectively,
which show the pose angle. s is the vehicle slip ratio
in the longitudinal direction of the rover. β denotes the
vehicle sideslip angle. ϕ , θ , s, and β are subject to the
traversability prediction uncertainty. Further, the environment
is a rough terrain uniformly covered with loose soil. In such
an environment, the rover needs to plan safe trajectories
using the traversability prediction, consisting of pose and
slip prediction models.

A. System Dynamics

Let XXX and UUU be the state space and the control input space
of the rover. The stochastic system dynamics is described in
a discrete time manner as follows:

xxxn+1 = f (xxxn,uuun,wwwn), wwwn ∼N(000,WWW n) (2)

where the state xxxn ∈ XXX and control uuun ∈ UUU describe the
time evolution of the system dynamics from time n to n+1.
The function f (·) indicates the state-transition based on the
vehicle model and traversability prediction. The variable wwwn
is the process noise and is given by a zero-mean Gaussian
distribution with covariance WWW n. In this study, the covari-
ance represents the uncertainty caused in the pose and slip
prediction models and they depend on terrain feature and
robotic state/control. Owing to the process noise, the state xxxn
cannot be specified; hence, the state is described by belief,
which consists of the existing probabilities kb for several
states kxxx ∈ xxxn.

B. Trajectory Planning with Uncertainty Constraint

The objective of trajectory planning is to determine the
sequential states of the rover to safely reach a set goal
region.

T ∗ = arg min{C(T )|T = {x̂xx0, · · · , x̂xxn, · · · , x̂xxN}}, (3)
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Fig. 2. Schematic view of the 2.5 dimensional vehicle model.
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where x̂xxn is the nominal state calculated by x̂xxn =
f (x̂xxn−1, ûuun−1,000), which is Eq. (2) without the process noise.
T is the nominal trajectory, which is given by the sequence
of the nominal states from the initial state x̂xx0 = xxxstart to
the goal state x̂xxN in XXXgoal. C(T ) is a user-defined function
that shows the cumulative cost for the the traversability
indices throughout a nominal trajectory. l is the length of
the trajectory. N• and W• are the normalization and weighting
factors.

To assess the risk of mobility hazards under uncertainty
assumption, the chance-constraint for vehicle rollover and
wheel stuck on rough and loose terrain is expressed as
follows:

P(
∧
n

λn < λth)≥ psafe, ∀n ∈ [0,N], λ ∈ [ϕ ,θ ,s,β ] (4)

where λ is traversability indices and λth is its threshold value.
P(·) represents the probability and is calculated as illustrated
in the left in Left Fig. 3. psafe describes the confidence level
of traversability, which is used for VaR. Eq. (4) represents
that the rover can probabilistically traverse within a certain
confidence level against vehicle rollovers and wheel stucks.
Previous works [10], [11] calculate the probability in Eq. (4)
only from the nominal state. However, it is insufficient when
the heteroscedastic uncertainty is assumed. To calculate the
probability accurately, the probability that λn is less than λth
needs to be considered for each state in belief as follows:

P(λn < λth) =
∫ λth

0
p(λn)dλn =

∫
kxxx∈xxxn

∫ λth

0
p(λn,

kxxx)dλndkxxx

where p(·) is the probability distribution for traversability
prediction model under heteroscedastic uncertainty. To sim-
plify the equation, we can discretely expand the last term as

Fig. 3. Illustration for chance constraint (VaR) and uncertainty metrics.
Left: VaR calculates probability for safe state using cumulative distribution
and threshold. Right: Uncertainty metrics calculates q using the variance of
probability distribution.

Fig. 4. Schematic interpretation of probability distributions for traversabil-
ity prediction model under heteroscedastic uncertainty in Fig. 1. Each vari-
ance are determined by terrain features and rover state/control. Descending
order: σ ′

2 > σ2 = σ3 > σ1.

follows:∫
kxxx∈xxxn

∫ λth

0
p(λn,

kxxx)dλndkxxx ≃ 0b
∫ λth

0
p(λn,

0xxx)dλn + ... (5)

+kb
∫ λth

0
p(λn,

kxxx)dλn + ...+ˆb
∫ λth

0
p(λn, x̂xx)dλn + ...

where the existing probability kb meets ∑
kxxx∈xxxn

kb = 1.

In our study, p(·) is given by the Gaussian distribution
N(kλ ,σ2

kλ (M , kxxx, kuuu)), where σ2
kλ represents the variance

and changes in response to terrain map M , state kxxx, and con-
trol kuuu. Therefore, p(·) varies based on the heteroscedastic
uncertainty as shown in Fig. 4. While each p(·) and kb are not
negligible under heteroscedastic uncertainty, the calculation
of all p(·) and kb is computationally expensive because the
particle-based approach is required. In [10], [11], the term
consisting of p(x̂xx) and ˆb associated with the nominal state
is only considered since a discrete path planning problem is
assumed.

To prevent inaccurate calculation in Eq. (5) but to save
computational cost, this study introduces the constraint of
uncertainty metrics instead of the calculation of the prob-
ability in Eq. (4). The proposed constraint is described as
follows:

q(σϕ̂n
,σθ̂n

,σŝn ,σβ̂n
)≤ qth, ∀n ∈ [0,N] (6)

where q is the uncertainty metric, which shows the degree
of uncertainty and is calculated based on the variance of
traversability prediction model as shown in Right Fig. 3.
qth is the user-defined/risk-awareness parameter, which con-
strains the optimal trajectory planning instead of psafe. Eq. (6)
represents that the rover can solidly traverse within a smaller
uncertainty effect for vehicle rollovers and wheel stucks.
The background of the uncertainty metrics is that when the
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Fig. 5. Overview of the robot system involving the proposed uncertainty-aware trajectory planner.

variance σ2
λ̂n

of the nominal state is large, p(·), and kb can be
diverse due to heteroscedastic uncertainty propagation. This
would possibly involves a tail risk for the rover mobility
hazards. Overall, our proposed trajectory planning solves
Eq. (3) under the constraint of Eqs. (2) and (6) to address
the heteroscedastic uncertainty.

IV. UNCERTAINTY-AWARE TRAJECTORY PLANNING

A. Overview

Figure 5 presents the robot system involving the
uncertainty-aware planner. This study exploits the closed-
loop RRT sharp (CL-RRT#), which does not require solving
the two-point boundary value problem for a steered vehicle
[13]. The proposed algorithm incorporates the traversability
and uncertainty assessments into state tree extension in CL-
RRT#. Firstly, the closed-loop motion prediction proposed in
[14] (See Supplementary Materials) simulates the transition
of Eq. 2 without the process noise. In the closed-loop
simulation, the traversability indices are predicted; and, the
traversability assessment examines tree extension for the
nominal state by using each threshold value ϕth, θth, sth,
and βth as in [14]. Subsequently, the uncertainty metrics are
calculated to assess the state tree extension again, where un-
certainty quantification and propagation expresses the degree
of the uncertainty in pose and slip prediction models. The
threshold value qth limits the tree extension with high value
of the metrics, leading to the uncertainty-aware trajectory
planning for a rover.

B. Uncertainty Quantification

To quantify the uncertainty collectively, first, let us define
the process noise as follows:

wwwn ∼N(000,


σ2

ϕ (M ,xxxn) 0 0 0
0 σ2

θ (M ,xxxn) 0 0
0 0 σ2

s (xxxn,uuun) 0
0 0 0 σ2

β (xxxn,uuun)

).
(7)

As in the previous work [9], the roll and pitch angles under
uncertainty assumption are represented as pose bounds in the
interval arithmetic [15]:

[ϕ−,ϕ+] = ϕ− ≤ ϕ ≤ ϕ+ = [ϕ̂ − cσϕ̂ , ϕ̂ + cσϕ̂ ], (8)

[θ−,θ+] = θ− ≤ θ ≤ θ+ = [θ̂ − cσθ̂ , θ̂ + cσθ̂ ].

In this study, the maximum and minimum of the interval
are given by the cσ boundary, where c is defined based on
the confidence level. As in [9], the pose bounds are calcu-
lated based on a probabilistic terrain model and geometrical
constraint of the rover (see Supplementary Materials).

According to our prior work [14], the slip ratio and angle
depend on the pose angles and vehicle steering δ in uuun;
therefore, the uncertainty quantification for the slip ratio and
angle with the pose bounds is described as follows:

U1 =
1

N1

∫ ϕ+

ϕ−

∫ θ+

θ−
σs(ϕ ,θ ,δ )dϕdθ , (9)

U2 =
1

N2

∫ ϕ+

ϕ−

∫ θ+

θ−
σβ (ϕ ,θ ,δ )dϕdθ ,

where N1 and N2 are provided by the calculation of U1 and
U2 at the state xxxstart, excluding N1 and N2.
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C. Uncertainty Propagation

We define uncertainty propagation to consider its growth
over the time steps. As in the particle-based approaches [4],
uncertainty in one time step earlier affects the probability
distribution of the robot state. Therefore, the uncertainty
metric also needs to be strictly assessed as time passes.
By combining the uncertainty quantification, two uncertainty
metrics derived from U1 and U2 are defined as q1 and q2,
respectively as follows:

q1(σϕ̂n+1
,σθ̂n+1

,σŝn+1 ,0) = (U1 ·q1(σϕ̂n
,σθ̂n

,σŝn ,0))
1/κ , (10)

q2(σϕ̂n+1
,σθ̂n+1

,0,σβ̂n+1
) = (U2 ·q2(σϕ̂n

,σθ̂n
,0,σβ̂n

))1/κ ,

q1(σϕ̂0
,σθ̂0

,σŝ0 ,0) = q2(σϕ̂0
,σθ̂0

,0,σβ̂0
) = 1,

where κ is a coefficient for the uncertainty propagation over
time; and, a smaller κ leads to higher sensitivity of the
uncertainty metrics, and facilitates tuning of qth for explicitly
large uncertainty violation. This parameter is defined based
on the magnitude of U1 and U2 on the motion planning
scenario.

D. Slip Prediction Uncertainty

Our prior work [14] generated the vehicle model with the
slip prediction based on the results of the dynamic simulation
[16]. We modeled the relationship between cornering/thrust
forces and vehicle slippage. In this research, the slip pre-
diction model is rebuilt by experimental results of the robot
traversing on loose terrain.

1) Traversal experiment for vehicle slippage data col-
lection: In the rover traversing experiment, we collected a
dataset of vehicle slip motions. Figure 6 demonstrates an
overview of the field experiment. Several experiments were
conducted with different input values for the front steering
angle (δ ) and traction loads (Fϕ and Fθ ) to observe a more
diverse relationship between the cornering/thrust forces (FC
and FT) and the vehicle slip ratio/angle (s and β ). The
traction loads and cornering/thrust forces are assumed to
act as in Fig. 6 (a), and they are the same as each other
for each direction when the rover is in a steady state.
The experimental conditions were set as different setups
of the traction loads and steering angle. δ was changed
in the set of [0◦, 10◦, 20◦, 30◦]. Fϕ was changed in the
set of [-25.5 N, -11.8 N, 0 N, 11.8 N, 25.5 N]. Fθ was
changed in the set of [0 N, 11.8 N, 25.5 N]. Fϕ and Fθ
are added by a constant load spring and measured using
the force torque sensor mounted on the rover testbed. The
command velocity vcmd was constantly provided by 0.07
m/s along the x-axis of the body frame of the testbed. This
experiment was conducted in the Space Exploration Field
of the JAXA Sagamihara Campus [17] as illustrated in Fig.
6 (b). The test field was filled with silica sand No.5. This
experimental field room was equipped with motion capture
cameras, and the trace of the robot motion was measured
with an accuracy of sub-millimeter order. From the trace,
the longitudinal and lateral velocities of the robot (vx and vy)
were geometrically calculated. Finally, the vehicle slip ratio

(a)

(b)
Fig. 6. Experiment to collect data on vehicle slippage. (a) Schematic view
of the experimental setup. (b) Experimental setup of the robot testbed.

and angle are obtained by the equations s = 1−vx/vcmd and
β = arctan(vy/vx).

The collected slip ratios and angles corresponding to each
experimental condition are shown in Fig. 7. In addition, cubic
interpolation generated the response surfaces (sϕ , sθ , βϕ , and
βθ ) using each plot to elaborate the slip prediction model.
Practically, Fϕ and Fθ act on the rover simultaneously on
rough terrain. Hence, the vehicle slippage can be approxi-
mated by combining the response surfaces in Fig. 71.

2) Quantification of uncertainty in slip prediction: First,
standard deviations of the experimental results in Fig. 7
are calculated as σsϕ , σsθ , σβϕ , and σβθ . The relationship
between each standard deviation and experimental conditions
can be obtained as shown in Fig. 8. The traction loads is
converted to pose angles by using the force-balance with
gravity.

From Fig. 8, we observed that each standard deviation
moderately increased as the steering angle increased. Ac-
cording to the plot of σsθ , positive pitch angle increased
the uncertainty. Additionally, σsϕ was highly increased by
negative roll angles. This is presumably because the direc-
tion of negative Fϕ is the same as the travel direction of
the steered rover as shown in Fig. 6 (b), which possibly
makes the robot motion unstable. Conversely, positive pose
angles decreased the uncertainty for the sideslip since such
conditions increased the slip ratio, as shown in Fig. 7 (a)
and (b), which stabilizes the rover motion at low speeds.
Thus, the heteroscedastic uncertainty in the slip prediction
model is highly dependent on the vehicle posture and steering
maneuvers.

Subsequently, each plot is interpolated as shown in Fig.

1https://codeocean.com/capsule/2372860/tree
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(a) Fϕ versus sϕ (b) Fθ versus sθ (c) Fϕ versus βϕ (d) Fθ versus βθ

Fig. 7. Dataset of vehicle slip motions collected in the rover traversing experiment: experimental results with a surface regression.

(a) ϕ versus σsϕ (b) θ versus σsθ (c) ϕ versus σβϕ (d) θ versus σβθ

Fig. 8. Standard deviation of the experimental results as presented in Fig. 7.

8, which depicts the standard deviation as a function of the
pose and steering angles1. Then, σs and σβ in Eq. (9) can
be expressed by combining σsϕ , σsθ , σβϕ , and σβθ .

V. SIMULATION RESULTS

A. Single Planning Step

To show the advantage of the proposed uncertainty met-
rics, trajectory planning simulation was conducted on two
typical sets of real terrain data in Mt. Mihara1, Japan using
the following five algorithms:

OPT for optimal trajectory without uncertainty
CCP for chance-constraint in pose prediction [9]
CCS for chance-constraint in slip prediction [10]
CCPS for a combination of CCP and CCS
UM for the proposed uncertainty metrics

(CCP), (CCS), and (CCPS) extended the tree under the
chance-constraint fashion in the traversability prediction with
a probability of 86.6 %. Conversely, (UM) set qth as 5.0 for
uncertainty-awareness. Table II summarizes other parameters
used for the trajectory-planning simulations. The threshold
of the rover pose angle and slippage can be derived from the
mobility performance of the testbed. The proposed trajectory
planning algorithm was implemented in Python and ran on
a computer with an Intel i5 CPU 2.0 GHz processor. These
hyperparameters were adjusted to be the most conservative
values among those for which trajectories can be found in
our scenarios. As the CL-RRT# algorithm is a randomized
sampling-based algorithm, trajectory planning was conducted
for five trials on real terrain maps. Each result is presented
in Figs. 9 (a) and (b), where cost-minimum trajectories
are shown due to simplicity. Figures 9 (c) and (d) show
the total cost and maximum uncertainty metrics for each
algorithm. Figures 9 (e) and (f) present the computational
cost normalized by the computation time of (OPT).

TABLE II
PARAMETERS USED IN TRAJECTORY PLANNING SIMULATION.

Parameter Value Unit
ϕth,Nϕ 20.0 degrees
θth,Nθ 20.0 degrees
sth,Ns 0.90 -
βth,Nβ 45.0 degrees
NL 1.0 m
WL 0.20 -
Wϕ ,Wθ 0.30 -
Ws 0.05 -
Wβ 0.15 -
κ 2.0 -
c 1.5 -

(OPT) and (CCS) found trajectories with lower cost among
the five algorithms, which directly approached the given
goal. (CCP), (CCPS), and (UM) only found trajectories that
detoured the area traversed by (OPT) and (CCS). This result
implies that the proposed metrics and chance-constraint
generate uncertainty-aware trajectories. Notably, (UM) did
not find the minimum cost trajectory, whereas its uncertainty
metrics were small compared with other algorithms. For
computational cost, the runtime of (UM) was almost the
same as that of (OPT). We deduce that this is because
(UM) computes the uncertainty metrics only by numerical
integration in the CL-RRT# procedure. This implies that the
proposed algorithm can run in real time, since the runtime
of the conventional CL-RRT and CL-RRT# has been verified
in real time [13]. Notably, the particle-based approach and
the state-of-the-art [12] are not tested because they require
a lot of computational time or GPUs. They should require a
computation cost of 1.0×n.

For further evaluation, the Monte Carlo method was used.
Monte Carlo simulations for each algorithm were performed
500 trials. In each simulation, the rover traversed along
the nominal trajectory; however, each state was statistically
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(a)

(b)

(c) (d)

(e) (f)
Fig. 9. Results of trajectory planning simulation on real terrain. (a)
Trajectories in Scenario (1). (b) Trajectories in Scenario (2). Red flags
represent the goal area. (c) and (d) Total cost and maximum uncertainty
metrics in Scenarios (1) and (2). (e) and (f) Computational costs normalized
by the averaged time of (OPT) such that about 1.0 means that algorithm
run in real time.

calculated based on a random sampling from the slip pre-
diction model and wheel-terrain contact model [9]. Table III
summarizes the mean and standard deviation values of the
worst value of the traversability indices for 500 trials on each
algorithm. The navigation success rate is defined as the rate
of the number of trajectories that can successfully reach the
goal without mobility hazards, defined by the case where
each traversability index is larger than the threshold ϕth, θth,
sth, and βth.

As compared with (OPT), (CCP), and (CCS), (CCPS)

TABLE III
RESULTS OF THE TRAJECTORY EVALUATION. THE WORST VALUE IN A

SINGLE TRIAL IS SUMMARIZED FOR EACH TRAVERSABILITY INDEX.
(a) Scenario (1)

Success [%] Roll angle [◦] Pitch angle [◦] Slip ratio [-] Slip angle [◦]
(OPT) 39.8 16.81±4.63 15.82±3.21 0.836±0.087 28.21±12.79
(CCP) 54.4 14.98±5.47 14.30±3.73 0.826±0.089 28.78±10.97
(CCS) 36.2 16.47±4.79 17.23±3.09 0.833±0.079 27.38±11.99

(CCPS) 78.7 12.21±4.46 13.04±3.33 0.790±0.077 24.32±9.04
(UM) 98.2 9.74±1.85 9.71±1.81 0.745±0.049 22.60±5.04

(b) Scenario (2)
Success [%] Roll angle [◦] Pitch angle [◦] Slip ratio [-] Slip angle [◦]

(OPT) 8.4 17.75±5.16 16.98±4.14 0.849±0.082 31.84±13.97
(CCP) 67.6 14.23±2.98 12.58±2.08 0.808±0.073 35.03±12.06
(CCS) 13.8 18.83±4.89 15.77±3.59 0.841±0.083 32.79±14.26

(CCPS) 68.2 12.90±5.11 10.80±3.55 0.768±0.084 30.70±10.21
(UM) 84.0 10.54±3.52 10.17±2.81 0.757±0.084 27.32±9.67

improved the success rate and all values of the traversability
indices as it considered both uncertainties in the pose and
slip predictions. However, the success rate was less than 86.6
%, implying that the chance-constraint approach for nominal
states does not guarantee the confidence level of the safety
against the mobility hazards in heteroscedastic uncertainty
assumption as discussed in the problem formulation. In a
real rover mission, this fact could be a critical problem. Con-
versely, (UM) outperformed other algorithms in success rate
and traversability indices. Notably, the proposed uncertainty
metrics mitigated the growth of uncertainty, resulting in the
reduction of the probability of mobility hazards.

B. Multiple Planning Steps

To show the applicability of the uncertainty metrics, we
propose (CCPS w/ UM) as the hybrid method of (CCPS) and
(UM), wherein the proposed uncertainty metrics is used as
additional constraint to the chance-constraint approach. To
examine the effect of the uncertainty metrics when incorpo-
rated into the chance-constraint approach, (CCPS w/ UM) is
compared with (CCPS) in a long-range navigation scenario,
which includes diverse geological features. The terrain map
is given by a fractal approach [18], which is widely used
for the validation of motion planners [10], [19]. Figure 10
(a) shows the result of the trajectory planning simulation.
Each planner sequentially generated a trajectory towards each
waypoint in the figure. Furthermore, 1000 trials of the Monte
Carlo simulations were performed again. Figures 10 (b) and
(c) summarize the result of the success rate and uncertainty
metrics. Let us denote the start, waypoints, and goal in order
as waypoint #[0, 1, 2, 3, 4, 5, 6].

From waypoint #0 to waypoint #4, (CCPS w/ UM)
outperformed (CCPS) in success rate. We deduce that this
is because the trajectories of (CCPS w/ UM) maintains
lower values for the uncertainty metrics. This implies that
the uncertainty metrics can enhance the chance-constraint
approach to avoid the risk of unexpected mobility hazards.

Conversely, (CCPS w/ UM) slightly deteriorated in suc-
cess rate from waypoint #4 to waypoint #6 although its
uncertainty metrics were smaller than that of (CCPS). This
could be explained by Fig. 4. As shown in Fig. 10 (a),
the terrain feature around waypoints #4 ∼ #6 is relatively
moderate. Thus, (CCPS) did not encounter mobility hazards
even for distributions with large uncertainty, such as the
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(a)

(b) (c)
Fig. 10. Results of trajectory planning and evaluation of (CCPS) and (CCPS
w/ UM) in long range navigation. (a) Trajectories on fractal terrain. Each
waypoint is given by the black flag. The start and goal area are colored
by green and magenta, respectively. Color bar represents terrain height.
(b) Success rate between waypoints. (c) Total uncertainty metrics between
waypoints.

probability distribution depicted by the green dashed line.
Conversely, (CCPS w/ UM) can avoid large uncertainty
colored by magenta and green; however, it preferred the
probability distribution with relatively large nominal value
of traversability index λ̂ as shown in blue. As a result, the
success rate of (CCPS w/ UM) seemed to be worse. Indeed,
the proposed uncertainty metrics can exclude the distribution
depicted by the green solid line, which has relatively large
traversability index with large uncertainty; however, the
metrics may not perform well in flat but uncertain terrain.

This can be improved by dynamically changing qth based
on the nominal state x̂xx. For instance, qth should be set to 10.0
on flat terrain such as waypoints #4 ∼ #6, whereas a smaller
value of qth is preferable in challenging environments.

VI. CONCLUSION AND FUTURE WORK

In this study, we proposed the uncertainty-aware trajectory
planning algorithm for a planetary exploration rover to
reduce the probability of vehicle rollover and extremely high
slip on rough and loose terrains. The proposed algorithm
incorporated the basic CL-RRT# algorithm with the uncer-
tainty metrics, which consist of uncertainty quantification
and propagation in rover traversability prediction. Notably,
the vehicle slippage was experimentally measured in high-
slip terrain to quantify heteroscedastic uncertainty. Simula-

tion results on real terrains revealed that the proposed metrics
can work in the same runtime of the basic CL-RRT#, and can
outperform the chance-constraint approach in traversability
prediction by up to 20 %. Further, simulations of long-range
traversing on fractal terrain showed that the combination of
the proposed metrics and chance-constraint formulation can
improve navigation success on more challenging terrain.

A possible direction for future work includes the modeling
of the best qth for each situation. This could enable the
performance of the proposed metrics to be adjusted even
for flat but uncertain terrain, which is a weakness of the
proposed planner.

Future studies will also include the applicability of the
uncertainty metrics on unknown environments with different
soil types. Uncertainty in unknown environments can be
quantified using the model generated in a known environ-
ment, but the accuracy will be lower. This could be im-
proved by transfer learning methods as in [20], wherein pre-
generated traversability/uncertainty models can be adapted to
new environments.
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