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Abstract—Autonomous navigation in extreme mountainous ter-
rains poses challenges due to the presence of mobility-stressing
elements and undulating surfaces, making it particularly difficult
compared to conventional off-road driving scenarios. In such en-
vironments, estimating traversability solely based on exteroceptive
sensors often leads to the inability to reach the goal due to a high
prevalence of non-traversable areas. In this letter, we consider
traversability as a relative value that integrates the robot’s internal
state, such as speed and torque to exhibit resilient behavior to
reach its goal successfully. We separate traversability into apparent
traversability and relative traversability, then incorporate these
distinctions in the optimization process of sampling-based planning
and motion predictive control. Our method enables the robots
to execute the desired behaviors more accurately while avoiding
hazardous regions and getting stuck. Experiments conducted on
simulation with 27 diverse types of mountainous terrain and real-
world demonstrate the robustness of the proposed framework,
with increasingly better performance observed in more complex
environments.

Index Terms—Field robots, integrated planning and learning,
robust/adaptive control.

I. INTRODUCTION

A S RESEARCH on the autonomous navigation of ground
robots in off-road environments is actively progressing,

its utilization is gradually increasing in the fields of defense,
agriculture, and industry [1], [2], [3]. Compared with urban
environments, off-road environments have various obstacles
that hinder movements, such as bushes and boulders, and the
geometry is complicated due to the unstructured and uneven
terrain [4]. In particular, mountainous terrain poses a greater
challenge due to its extreme variance in geometrical features
such as steep slopes, high elevations, and rugged terrain [5].

Early study [6] applies binary classification to terrain in order
to classify it as either traversable or non-traversable for naviga-
tion on uneven terrain. Ref. [7] broadens the scope of the terrain
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Fig. 1. Robot navigation in mountainous terrain. We propose a traversability-
aware navigation framework in both virtual and real environments. Virtual
environments are reconstructed from actual mountainous terrain. The top right
of the figure displays the optimal path (cyan) calculated using traversability
information.

classification from binary to multi-class and assigns a fixed
speed profile for each class. However, discrete categorization is
insufficient to naturally capture the terrain feature. To overcome
this problem, [8] maps the terrain properties produced by per-
ceptual data to a scalar cost value, so-called traversability. Such
approaches consider designed traversability with hand-crafted
metrics such as slope, slippage, and flatness in the optimization
process. Ref. [9] uses exteroceptive sensor-based traversability
as the coefficient of the control cost to slow down the robot
in dangerous areas. However, in mountainous terrain where the
overall traversability cost is high, it leads to frequent instances
of the robot getting stuck due to the reduced velocity. To address
this issue, it is necessary to consider the traversability cost in a
relative perspective according to the robot’s motion, rather than
solely relying on geometric representation. For instance, a low
velocity may prevent the robot from moving through actually
traversable areas, while a high velocity may allow the robot to
move through untraversable areas. Therefore, we incorporate
proprioceptive sensor-based traversability, which takes into ac-
count the inertial state of the robot, as the tracking coefficient to
adjust the robot’s velocity dynamically. In addition, to prevent
our method from overlooking the potential risk in hazardous
terrain, we adopt constraints in optimization to limit the robot’s
behavior.

In this letter, we present TAO, Traversability-aware Adaptive
Optimization in mountainous terrain (see Fig. 1) to assist
in flexible decision-making processes for robot navigation.
We design traversability into two components: apparent
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traversability using exteroceptive features and relative
traversability using proprioceptive features, which consider
the ground-robot interaction through the robot’s posture
variability. Subsequently, we integrate the traversability into the
optimization process of sampling-based planning and motion
predictive control. Apparent traversability is used as a sampling
bias for planning to generate a feasible path. This effectively
reduces the search space while generating a feasible path that
circumvents undulating regions, eliminating the high potential
risk. Relative traversability is applied to regulate the robot’s
velocity to execute the desired behaviors more accurately while
avoiding vigorous posture change, getting stuck, or being
damaged.

The main contributions can be summarized as follows:
� We introduce a novel adaptive navigation method that takes

into account the relative perspective of traversability based
on the robot’s inertial state.

� We achieve an improvement of up to 16% in both effective-
ness and stability through hazard avoidance and dynamic
velocity adjustments that take into account ground-robot
interaction.

� We demonstrate the feasibility of our method to various
types of off-road terrain through experiments conducted in
real-world and simulations involving 27 diverse terrains.

The remainder of this letter is organized as follows. A com-
parative review of related works is presented in Section II.
We state the problem definition in Section III. The proposed
framework is explained in detail in Section IV. Experimental
results are demonstrated in Section V. The conclusion follows
in Section VI.

II. RELATED WORK

In this section, we discuss existing work on modeling terrain
traversability and acquiring resilient skills for robot navigation
in off-road environments.

A. Modelling Terrain Traversability

The utilization of exteroceptive and proprioceptive sensory
data is widely studied for modeling terrain traversability. Us-
ing exteroceptive sensors consists of appearance-based and
geometry-based approaches [1]. Appearance-based approaches
devise terrain traversability by classifying terrain types ac-
cording to a category (grass, road, tree, etc.) from visual
measurements [10]. Geometry-based approaches compute the
traversability by considering geometrical representations such as
slope or roughness from depth measurements [11]. Unlike using
exteroceptive sensors, which ignore the robot’s inertial states,
proprioceptive approaches model traversability using measure-
ments that capture the robot’s inertial state, such as ground
reaction score [12], vibration [13], or energy consumption [14].

B. Traversability-Aware Navigation

Applying a classic path planner [15], [16], [17] to an uneven
off-road terrain poses a challenge since the robot operates in

a dynamic environment while avoiding mobility-stressing ele-
ments. Initial work assigns a fixed speed profile according to
the roughness [7] or semantic units [18] of the terrain surface.
Ref. [19] estimates the cost map through terrain traversability
assessment (TTA) using features on digital elevation map (DEM)
or cumulative fractional area (CFA) and utilizes it as a guide
of course direction. Specifically, TTA can be added to the
distance cost when generating a search graph [20], or adjusting
an existing route [21]. Recently, learning-based methods have
been suggested to predict the cost map using data labeled with
reachability [22], [23], [24]. In [25], the predicted cost map is
utilized as adaptive sampling distribution to create a roadmap.
Meanwhile, in [26], the cost map is learned using ground inter-
action data collected by the agent in the reinforcement learning
process and used as a bias for course direction.

A large amount of training data is required to generalize a
traversable map using a learning-based method. In particular,
ground interaction data is scarce or difficult to obtain in off-
road terrain, and the labeling cost is expensive. Furthermore,
domain adaptation is required to apply the robot to the real-world
environment even if the model is trained with simulation data. On
the other hand, [9] applies rule-based TTA to the cost of the RRT
node for path optimization and to find reactive parameters for
MPC optimization. However, as inconsistency occurs between
desired and actual behavior in tracking the planned path, the
cumulative error gradually increases, resulting in a stuck, wheel
slip, or tip-over.

Since the mountainous environment is difficult to define all
types in advance, our method computes geometry-based TTA
using depth measurement without classifying the terrain type.
We also utilize the approach from [9] to seamlessly integrate
the geometry-based TTA into the path planning and control
process. However, we extend this approach by incorporating
a traversability distribution with additional consideration of the
geometry-based constraint map to apply an adaptive sampling
scheme, which is inspired from [25]. Furthermore, we propose
reactive parameters for optimizing control variables by using the
ground reaction score, which considers the change in pitching
angle that occurs when the robot interacts with the undulating
terrain.

III. PROBLEM DEFINITION

Our goal is to develop a framework that enables a robot to
navigate through mountainous terrain while ensuring safe and
efficient traversal. We define a search space X ⊂ R

3 to achieve
this goal. Let us denote the location in search space as x =
(x, y, z) ∈ X , the space occupied by non-ground obstacles as
Xobs ⊂ X , the area of the ground surface asXsurf ⊂ X , and the
area of traversable space asXτ = Xsurf ∩X \Xobs. To distin-
guish traversable area in Xτ , we define apparent traversability
as Mτ and regional constraints as Mγ , respectively, which
are expressed by occupancy grid map M. To calculate Mτ ,
we utilize height map Mz and normal vector map Mn. We
also define relative traversability Ψτ to consider ground-robot
interaction. Ψτ represents the fluctuation of the pitching angle
that occurs when a robot traverses uneven terrain.
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Fig. 2. Overall structure. Our framework takes inputs such as a height/normal map, localization, and the robot’s inertial states (orientation q, linear velocity ζ,
and angular velocity ω). The computed traversability/constraint map of the terrain is used as guidance to generate a trajectory. The controller adjusts the robot’s
velocity with adaptive optimization based on apparent and relative traversability. This enables the robot to navigate extreme mountainous terrains robustly. The top
left of the figure shows a sample of terrains collected on campus and mountains.

The formal definition of our problem is as follows: path
planner searches pathP ⊂ Xτ fromxstart toxgoal. The optimal
path P∗ ⊂ P is obtained by minimizing Mτ such that Mγ

while satisfying to avoid collision with obstacles. The path
tracker searches for a feasible control strategy π∗ that minimizes
the difference between the desired state and predicted state
for the planning time horizon. We also regularize optimization
parameters withMτ andΨτ to followP∗ reactively considering
the interaction of the terrain and the robot.

IV. METHODOLOGY

We present TAO, and Fig. 2 shows the overall structure.
We compute apparent traversability to reflect the geometric
features of the surrounding terrain using depth measurements
from exteroceptive sensors. To consider ground-robot interac-
tion, we calculate relative traversability using measurements
from exteroceptive and proprioceptive sensors. Then, we use
apparent traversability as sampling bias and the cost for gen-
erating an optimal trajectory. Relative traversability is utilized
to dynamically adjust the robot’s velocity, ensuring the tracking
controller’s ability to follow the given path.

A. Terrain Assessment for Non-Planar Ground

We consider the geometric features of the non-planar ground
to traverse extreme terrain. The geometric features comprise a
height mapMz and a normal mapMn. To getMz andMn,
an observed plane is represented as N sets of points included in
a square kernel with a side length K centered on xi. A set of N
kernels is represented as K(x) = {K(xi) | for i = 1, . . . , N}.
We utilize the SVD algorithm to fit a surface planeK(x̄)with the
set of pointsK(x). Here, we denote each point on the fitted plane
as x̄i = (xi, yi, zi) and the corresponding unit normal vector as
ni = (nxi , n

y
i , n

z
i ). To obtain an occupancy grid representation,

we map each point in the kernel to a corresponding point onM
with a size of RH×W .

1) Apparent Traversability and Regional Constraints From
Exteroceptive Features: We utilize the apparent traversability

Fig. 3. Visualization of exteroceptive features. The color of each map is
represented by a range from deep blue with a score of zero to vibrant yellow
with a score of one. (d) is obtained as a linear combination of the components
(a)–(c).

Mτ as a criterion to select an optimal path with minimal slope
and fluctuation. Inspired from [9], the traversability τi ∈ [0, 1]
for i-th kernel is evaluated based on the linear combination of the
following exteroceptive features: slope, sparsity, and bumpiness
(see Fig. 3)

τi = α1η̃slop + α2η̃spar + α3η̃bump, (1)

where the weights α1, α2, and α3 sum to 1. τi = 0 indicates
that the ground in i-th kernel is fully traversable, while τi = 1
indicates that the ground is non-traversable. η̃ represents a
normalized value for each feature. Each feature is calculated
as follows:

ηslop = arccos(n�i · k) (2)

ηspar =

⎧⎨
⎩

1 ri > rmax
ri−rmin

rmax−rmin
ri ∈ [rmin, rmax]

0 ri < rmin

(3)
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ηbump = inf
γ∈Π(PKi ,QK̄)

Ex,y∼γ [‖x− y‖], (4)

where k is a unit vector in 3-dimensional Euclidean space that
is perpendicular to the xy plane. Vacancy ratio ri represents the
proportion of vacant parts of K(xi). ri is determined by rmin

and rmax, representing the minimum and maximum values,
respectively. If there are clusters of vacant points, it suggests
a high possibility of pits and scarps on the ground. Unlike [9],
we also incorporate the bumpiness feature, as the slope alone
may not fully account for the risk posed by significant terrain
fluctuations. We use the earth mover’s distance (EMD) [27] to
compute the bumpiness of the ground. EMD is obtained by com-
paring the distribution of K(xi) with the distribution of K(x̄).
Each distribution is denoted asPKi

andQK̄, respectively. The set
Π(PKi

, QK̄) represents all joint distributions that have PKi
and

QK̄ as their respective marginal distributions. Furthermore, we
utilize the regional constraints Mγ to avoid hazardous terrain
on non-planar ground. Based on designed features in (2)–(4),
the constraints γi ∈ {0, 1} for i-kernel is evaluated as follows:

γi = ((η̃slop > εslop) ∨ (η̃bump > εbump)) ∧ (η̃spar < εspar),
(5)

where ε is the threshold value for each feature. γi = 1 indicates
that the perceived point on the ground is hazardous.

2) Relative Traversability From Exteroceptive and Proprio-
ceptive Features: To robustly follow a given path in undulating
terrain, it is essential to consider ground-robot interaction in
areas around the robot. Addressing this, we propose relative
traversability Ψτ that considers the relations among the robot’s
orientation q, the ground normal vector n, and the planned
path direction p. Here, we denote the relative traversability as
ψi ∈ Ψτ , where i is the index corresponding to the kernel that
the robot is located in k-th step of the planned path. As shown
in Fig. 2, ψi is calculated as follows:

ezi = ni (6)

exi =
pi − kiezi
‖pi − kiezi ‖2

(7)

eyi = exi × ezi (8)

qxz
i = Projey

i
(qi) (9)

ψi = arcsin ((qxz
i × pi)

� · eyi ), (10)

where pi = pi+1 − pi is directional vector towards the next
planned point and ki = p�i · ezi is the component of the vector
pi in the direction of ez . Note that planned points are computed
using (13), which considers the robot’s linear and angular ve-
locity.

B. Planning and Control

1) Traversability-Aware Path Optimization: We propose an
adaptive sampling scheme and path optimization method that
can be integrated into a sampling-based search tree method for
path planning. This is compatible with various RRT variants and
can improve the solution quality. In general, each element of the
search tree T is represented as a node Ni instead of a location
xi. We expand this representation as a tuple Ni = (xi, τi, γi).

Algorithm 1: RejectionSampling(B,Mn,Mz).
1: Ni← UniformSampling(B)
2: Calculate τi from Eq. (1) usingMn andMz

3: Calculate γi from Eq. (5) usingMn andMz

4: Calculate ρi from Eq. (11) using τi and γi
5: Sample ν ∼ U(0,1)
6: if ν < ρi then

return Ni

7: else
return RejectionSampling(B,Mn,Mz)

The added τi and γi are utilized as criteria for tree expansion and
path selection. Based on this, we generate a path that circumvents
terrains difficult for traversal, instead of just seeking the shortest
path. To achieve this, we define a sampling weight ρi that can
provide guidance for sampling new nodes for tree expansion
as follows:

ρi = (1− τi)(1− γi) (11)

The rejection sampling algorithm is presented in Algorithm 1,
where ρi is the target distribution. The input B =
[xmin, xmax]× [ymin, ymax] represents the boundary of the
area perceived by the robot. In line 1, we use B to generate
proposal samples using the UniformSampling function. In line
5, U(0, 1) represents uniform distribution over the range [0,1].
Even though new nodes are not directly placed in the constrained
region, the tree expansion process may create new edges that
cross this area. To avoid this, we connectNi andNj with a path
segment xi:j = {xi, . . . ,xk, . . . ,xj} of length lij composed
of infinitesimal lengths ΔL. Then, ρk is evaluated at a point
xk ∈ xi:j using (11). Based on the notation above, we design
the cost function g over an edge Eij = (Ni,Nj) that connects
two nodes as follows:

g(Eij) =
(
1 + κ

(
1∑j

k=i ρk
− |xi:j |

))
lij , (12)

where κ is a penalty weight for the proposed criterion, and |xi:j |
is denoted as the number of points in the path segment. In addi-
tion, we use a Reed-Shepp [28] curve to generate path segments
to reduce the high degree of control freedom in mountainous
terrain.

2) Adaptive Control Optimization: We formulate a nonlinear
model predictive controller (NMPC) that prevents getting stuck
or damaged when following the feasible path generated by the
planner at every moment. We use a skid-steering model [29] f
to predict the robot’s state s = (x, y, θ), which is as follows:⎡

⎢⎣xt+1

yt+1

θt+1

⎤
⎥⎦ =

⎡
⎢⎣xtyt
θt

⎤
⎥⎦+

⎡
⎢⎣cos θt 0

sin θt 0

0 1

⎤
⎥⎦utΔt, (13)

where ut = (ζt, ωt) is a control variable, denoting linear veloc-
ity and angular velocity, respectively, θt is heading angle and
Δt > 0 is time interval. We utilize both apparent and relative
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traversability to optimize control parameters, as outlined below:

min
s,u

t+T−1∑
k=t

{‖sk − sdk‖2Q + ‖uk‖2Rk
+ ‖vk − vd

k‖2Wk
}

+ λCτ (xk:T ), s.t. sk+1 = f(sk,uk) (14)

Rk =

(
1− 1

|K(xk)|
∑

xj∈K(xk)

τj

)−2
R (15)

Wk =
(
1 + kq max(0, tanψk)

)
W v, (16)

where sd is desired state, vd is velocity on P∗, and T rep-
resents prediction horizon. Q ∈ R

3×3 and R ∈ R
2×2 are pos-

itive definite matrices, where Q = diag(Qx, Qy, Qφ) and R =
diag(Rζ , Rω). In (14), the first term minimizes the error between
the predicted state and the desired state. The second term slows
down the robot by adjusting the control variable magnitude
based on traversability, as shown (15). The third term dynami-
cally adjusts the robot’s velocity by regulatingWk through (16),
which enables the robot to maneuver bumps or ditches. The last
term considers the open space based on apparent traversability
around predicted states. We sample points uniformly around the
predicted states, then compute Cτ by averaging traversability
for these random points, where λ is a constant.

V. EXPERIMENTS

We designed our experiments to answer three questions:
Q1. How does our planning method compare to prior meth-

ods for generating a feasible path in extreme mountain-
ous terrains?

Q2. Can our navigation method be generalized to rough and
undulating terrains?

Q3. What are the benefits achieved through coupling resilient
behavior to existing control methods?

A. Simulation Settings

We set a virtual environment with a mesh model of the
real-world terrain on the PyBullet physics engine [30]. The
real-world terrain data is acquired as a point cloud via Clearpath
Husky UGV mounted with LiDAR and transformed into the
mesh. We collected 27 types of various terrains on campus
and mountains, which have an average size of 22 m× 16 m. To
demonstrate the robustness of TAO on rough and undulating ter-
rains, we augment the terrain from 27 to 108 types by introducing
four variations in the simulation. The variations are produced
by adjusting the overall inclination in 5◦ increments between
0◦ and 15◦. For the evaluation, we sort terrains based on the
traversability score into levels of easy, plain, and hard. A higher
level indicates rougher terrain with steeper inclinations. Table III
describes the hyperparameters used for our experiments.

B. Baselines and Evaluation Metrics

We compare the effectiveness of our planning method (TAO-
Plan) with three variations of the sampling-based planning
method: DEM [19], PUTN [9], andMτ -Only. To ensure fairness
in our comparison, all methods uniformly sample nodes for

tree expansion. For the DEM, the cost is calculated based on
a digital elevation map. In the case of PUTN, the methodology
for evaluating terrain remains intact. UnlikeMτ -Only, PUTN
utilizes the flatness feature instead of the bumpiness in (4). The
Mτ -Only does not consider Mγ to calculate the cost, which
serves as an ablation study for TAO-Plan. Moreover, we compare
two control methods: Vanilla and TAO-Ctr. For Vanilla, we
adopt MPC [31] and MPPI [32], which are derivative-based
and sampling-based approaches, respectively. For TAO-Ctr,
we extend Vanilla method with adaptive control optimization,
which demonstrates the ease of coupling our method with
other controllers. Vanilla does not consider ground interaction,
whereas TAO-Ctr considers the interaction by using the relative
traversability Ψτ . In the following contents, we denote TAO-
Ctr as Adaptive for the ease of notion. In the case of PUTN,
we employ the original control strategy from PUTN, referred
to as PUTN-Ctr, which reduces velocity in regions with low
traversability. Note that this approach solely relies on apparent
traversability and does not incorporate relative traversability. We
combine the aforementioned methods and evaluate the naviga-
tion performance. All evaluations are conducted with 30 trials
for each terrain using the following metrics:
� Average Elevation Gradient (AEG) - The average of the

elevation gradients experienced by the robot along the
trajectory. The elevation gradient is calculated by the dif-
ference of the robot’s elevation at any time instant.

� Traversability - The summation of traversability of the
nodes located along a planned trajectory. Note that the
higher traversability value indicates that the ground is
non-traversable.

� Cross Tracking Error (CTE) - The average distance error
between the robot’s position and the trajectory.

� Inconsistency - The average distance error between the
desired position and the actual position after executing a
planned behavior.

� Success - The rate at which the robot has successfully
reached the goal while avoiding collisions or getting stuck.
We assume that the robot is stuck when the difference in
position and heading is insignificant for 30 seconds.

� Step - The average number of steps the robot takes to reach
the goal within a single episode. The maximum step is set
to 3000.

� Progress - The ratio of the distance the robot actually
traveled to the distance of the planned path.

C. Navigating Extreme Mountainous Terrains

We show quantitative results in Table I. TAO (TAO-Plan
+ TAO-Ctr) outperforms all the other methods by achieving
successful navigation with the fewest number of steps. As shown
in Progress, even in failure cases, TAO can travel the farthest
distance before a collision or getting stuck. This is particularly
evident at the hard level (Q2), where TAO outperforms the
second-best baseline in success rate by a margin of +16% (66%
to 82%). As expected, the DEM performs well at the easy
level but its performance sharply declines as the difficulty level
increases. This demonstrates that height information alone is
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TABLE I
COMPARISON FOR NAVIGATION METHODS

Fig. 4. Navigation in mountainous environments. We compare 4 different path planning methods - DEM (purple),Mτ -ONLY (green), PUTN (cyan) and TAO-plan
(red) - using adaptive MPPI controller. The goal point is indicated by a yellow marker. Our proposed method (TAO) successfully navigates in mountainous terrains
by computing trajectories that circumvent bumpy and risky regions and dynamically adjust the robot’s velocity.

insufficient for a robot to navigate complex terrain. Both PUTN
and Mτ -Only exhibit comparable performance to TAO in the
easy and plain levels. However, in hard terrains, performance
decreased as they failed to generate paths that circumvent bumpy
and inclined regions. Fig. 4 visualize trajectories of four different
path planning methods using an Adaptive MPPI controller.
Fig. 4(a) illustrates the example of hard-level terrain with the
highest traversability score. The right path includes a narrow and
steep slope below the goal point. In order to reach the goal, the
robot must follow the left path. DEM fails in reaching the goal
due to the presence of a higher sill, which is beyond the robot’s
ground clearance. PUTN encounters difficulty in identifying the
tree roots, which leads to getting stuck and being unable to reach
the goal.Mτ -Only computes a trajectory that circumvents the
sill but still takes the right passage. TAO generates the left path
and successfully navigates to the goal through resilient path
planning and control.

D. Traversability-Aware Path Planning

Fig. 4(b) depicts a steeply slanting environment with scattered
small and large rocks, which causes the robot to get stuck while
moving across the region. DEM generates a trajectory that passes
through the bumpy region, but since it lacks the ability to analyze

intricate terrain characteristics beyond the height map, the robot
eventually gets stuck. PUTN tends to stick close to or step
over gravel in narrow passages. AlthoughMτ -Only avoids the
bumpy middle region clearly by considering the bumpiness of
terrain features in (4), it generates a trajectory toward a relatively
narrow passageway on the left. In contrast, our proposed method
chooses the wider right passageway and successfully navigates
through the least undulating region to reach the goal (Q1).

In Fig. 4(c) and (d), there are steep hills between the starting
and the goal point with rough ground. DEM andMτ -Only focus
on the shortest distance, they fail to reach the goal due to slippage
or roll-over. PUTN can reach the goal in Fig. 4(c), but shows an
unstable trajectory passing over a high slope. In Fig. 4(d), similar
to prior methods, it fails to generate a trajectory to circumvent
the risky regions. On the other hand, our approach designates
the rough area as a constraint and computes a trajectory that
bypasses it, allowing the robot to successfully reach the goal.
The ability of TAO-Plan to generate such a path is attributed
to the proposed rejection sampling in (11) and cost function in
(12). The path generation process in Fig. 4(d) is depicted in
Fig. 5.

Table II shows performance comparison in terms of the path
planning method. All methods used an Adaptive MPPI con-
troller. In most cases, the TAO-Plan outperforms other methods,

Authorized licensed use limited to: Seoul National University. Downloaded on August 26,2024 at 04:47:57 UTC from IEEE Xplore.  Restrictions apply. 



5084 IEEE ROBOTICS AND AUTOMATION LETTERS, VOL. 9, NO. 6, JUNE 2024

TABLE II
COMPARISON FOR PATH PLANNING METHODS

Fig. 5. Path generation process. The difference between (a) and (b) shows
the sampling bias. (c) And (d) also visualizes the search tree and optimal path
overlaid on the traversability map. The search tree is depicted as green solid
lines, while the selected optimal path is shown as red solid lines.

TABLE III
HYPERPARAMETER

especially with traversability and AEG scores. This result im-
plies that apparent traversability induces generating a stable path
without large fluctuations. Meanwhile, even if CTE increases,
there is no significant difference in inconsistency.

E. Resilient Behavior for Control

We analyze the effect of adaptive control optimization
(Section IV-B2). We use the same planned path (TAO-Plan) to
compare control strategies fairly. As shown in Table I, applying
TAO-Ctr (Adaptive) leads to performance improvement in most
methods. In particular, the performance is significantly improved
at the hard level due to the strategy of regulating the velocity
considering relative traversability, slowing down in dangerous
areas, and accelerating in areas where the robot is likely to get
stuck (Q3). Also, TAO-Ctr shows better performance compared
to PUTN-Ctr in hard terrains within the PUTN planner, high-
lighting that the approach of regulating velocity based on the
robot’s inertial state is more effective than simply decreasing
velocity based on solely geometric representation.

Fig. 6. Resilient behavior for adaptive control. (a) Shows the trajectories that
the robot has followed using each control method. (b) Without resilient behavior,
the robot’s velocity becomes zero due to bumpy terrain with a steep inclination.
(c) With resilient behavior, the robot dynamically adjusts the velocity according
to the relative traversability. Note that ADAPTIVE refers TAO-Ctr.

Fig. 6 illustrates how our method dynamically adjusts the
robot’s velocity in an environment that has a steep inclination
and uneven terrain. To pass through such an environment, the
robot must momentarily increase its velocity. In Vanilla MPPI,
the robot gets stuck in areas where the relative traversability
suddenly increases, resulting in the velocity eventually dropping
to zero. In contrast, in Adaptive MPPI, the robot momentarily
accelerates when relative traversability suddenly increases.

Adaptive control optimization can be easily integrated into
existing controllers. We compare the navigation performance of
different controllers, MPC and MPPI in Table I. Using MPC
shows better performance at the easy level. On the other hand,
as the environment becomes more challenging, MPPI, which is
less sensitive to the motion model, shows better performance.

F. Real-World Navigation

We set up a real Husky robot similar to the simulated robot.
Intel NUC with i7 CPU and OS0-64 LiDAR is mounted on
the robot. We utilize FAST-LIO2 [33] for localization and
RRTX [34] for generating a search tree.

We compare TAO with PUTN [9] in a real-world environ-
ment. The experiment is conducted in the same environment as
Figs. 4(d) and 5 and the result is shown in Fig. 7. PUTN gener-
ates a path that cannot circumvent the steep slope, resembling
the behavior of DEM. Moreover, the real-world environment
exhibits more slippery than the simulated environment, PUTN
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Fig. 7. Real-world navigation. TAO (TAO-plan + TAO-Ctr) successfully
reaches the goal while PUTN fails.

fails to progress as expected due to a strategy of reducing velocity
in high traversability areas. On the other hand, generates a
circumvent path by marking a highly inclined area as a constraint
and successfully reaches the goal by regulating the velocity.
Note that TAO #1 exhibited a substantial deviation from other
trajectories as a result of slippage.

VI. CONCLUSION

In this letter, we present a method for safely and efficiently
navigating in extreme mountainous terrain. We assess the ter-
rain with precisely designed features and generate a path that
the robot can faithfully execute. Resilient behavior for robust
navigation is achieved through adaptive control optimization by
considering ground-robot interaction. Furthermore, our method
can easily be combined with existing planning and control meth-
ods. While our method focuses solely on geometric features,
incorporating visual features could be a valuable extension to
enhance generalizability across seasonal changes in terrains.
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