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Abstract— This paper presents a novel guidance system
for autonomous unmanned ground vehicles (UGVs) operating
in unknown, potentially contested environments. This system
applies to UGVs relying on onboard sensors only and operating
in GNSS-denied environments since it only requires a point
cloud map of the environment, which is formed as the vehicle
proceeds. Furthermore, the location and threat capabilities of
the opponents, if any, are unknown. The proposed guidance
system enables those classical tactics being put in place by
ground forces and law enforcement agents operating in the
presence of potential threats. Numerical simulations in highly
realistic point cloud maps display the applicability of the
proposed results.

I. INTRODUCTION

In recent years, there has been a growing demand from
law enforcement agencies to support human operators with
autonomous mobile robots, such as autonomous unmanned
ground vehicles (UGVs). These vehicles may provide lo-
gistic support and help explore unknown, potentially hostile
outdoor or indoor environments. Thus, these vehicles lower
the potential risk for human operators and may provide
intelligence, which is vital to plan successive operations.
To be successful, these UGVs need to be able to operate
tactically, that is, covertly reduce the chances of being
identified, targeted, and disabled by the opponents.

This paper proposes a guidance system for autonomous
UGVs operating tactically, that is, in covertly, in unknown,
potentially contested environments. This system does not
require any external source of information, such as a GNSS
(global navigation satellite system) signal, such as GPS or
Galileo, but only necessitates a point cloud map generated,
for instance, by onboard cameras or LiDAR systems. A
unique feature of the proposed guidance system lies in the
fact that the opponents’ location and threat capabilities are
unknown and can not be discovered. Thus, the proposed
system can not be cast within a deterministic of stochastic
game-theoretic approach [1]–[3]. The proposed guidance
system enables well-assessed tactics already employed by
human operators in potentially contested environments, such
as coasting obstacles to seek shelter and exploiting speed
as the distance from safe areas increases. Additional tactics
include moving faster as the distance from areas deemed safe,
such as the perimeter of obstacles, increases. This set of tac-
tics is far from being comprehensive, but it suffices to show
the proposed design philosophy. Other approaches, such as
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maximizing the distance traveled within areas of the point
cloud map observed and classified by the navigation system
with a higher degree of confidence, are not considered, but
can be seamlessly implemented in the proposed framework.

This work ports some of the concepts presented in [4]–
[6], which has pioneered the design of guidance systems
for unmanned aerial vehicles (UAVs) operating in contested
environments without any knowledge of the opponents’
location and capabilities, to UGVs. Although both the pro-
posed guidance system for UGVs and the guidance system
for UAVs examined in [4]–[6] have ontological overlaps,
their implementations differ for multiple significant reasons.
Firstly, in the case of UAVs, any obstacle in a point cloud
map must be avoided, whereas in the case of UGVs,
obstacles in the point cloud map must be classified into
terrain and actual obstacles. Although obstacles must be
avoided at all times, terrain points must be leveraged to
plan the UGV’s path on them. Furthermore, point cloud
maps are usually relatively sparse. In planning paths and
trajectories for UAVs, this sparsity is accounted for by voxels
of suitable dimensions that cluster those portions of the
space containing a sufficiently large number of points of
the cloud corresponding to objects. To plan paths for UGVs
on point clouds representing terrains, the proposed guidance
system approximates the terrain features using a Delaunay
triangulation of points of the cloud classified as part of the
terrain, and includes the incenters of the Delaunay triangles
in the terrain map. The proposed guidance system exploits
a trajectory planning algorithm based on the use of splines,
which is significantly faster than the approach presented in
[4]–[6], which requires the solution of a highly dimensional
convex optimization problem in some neighborhoods of the
vehicle. Finally, the planned attitude, which is essential
to determine one of the UGV’s control inputs, namely
the steering angle, is determined by mean of a rotation-
minimizing frame. Similar to the Frénet-Serret reference
frame, a rotation-minimizing reference frame comprises the
unit tangent vector, which serves as reference roll axis of
the UGV. The other two unit vectors are deduced from
the normal and binormal unit vectors of the Frénet-Serret
reference frame, while minimizing the reference frame’s
rotation about the roll axis. Thus, the use of a rotation-
minimizing frame allows reducing a classical problem of
the Frénet-Serret reference frame, namely sudden variations
in the direction of the normal and binormal unit vectors
at inflection points of the reference trajectory. In [4]–[6],
the attitude planning problem is solved through a convex
optimization algorithm applied to the feedback-linearized
equations of motion of the UAV.



Although the tactical guidance problem for mobile ground
robots in contested environments has already been explored,
this field is at its earliest stages. Worthy of mention is
CoverNav [7], where a deep reinforcement learning method
is being employed to plan coverted trajectories for off-road
UGVs. In particular, CoverNAP selects obstacles as shelters
to hide behind thus overriding the segmentation problem
employed in this paper and enabling the use of some user-
defined criteria for the choice of the sheltering obstacle.
The Authors in [8] present a solution to the path planning
problem in contested environments, wherein the opponents’
locations are unknown, by exploiting the terrain elevation. In
[9], a potential field method is employed to design tactical
paths assuming that the traversable spaces are at the same
elevation and obstacles are the only means of maintaining
covertness. Worthy of mention is that potential field methods
usually produce local solutions since the presence of multiple
obstacles may create local minima. None of these works
seem to emphasize the relevance of planning a path or a
trajectory that accounts for the terrain features and, hence,
the cost of its traversability.

This work is structured as follows. In Section II, we outline
the proposed solution to the path planning problem for UGVs
in contested environments. Specifically, given a user-defined
goal set, we present a heuristics-based approach to the
tactical guidance problem that involves planning sequences
of waypoints on terrain points identified by the onboard
guidance system. In this section, we also discuss how the
point cloud map produce by the onboard navigation system
is partitioned into terrain and obstacle sets. In Section III,
we discuss the proposed solution to the trajectory planning
problem. This approach is based on the use of cubic splines
while enforcing a constant velocity along the trajectory on
each spline segment or sets of consecutive spline segments.
Section IV outlines the attitude planning problem that, as
already discussed, is essential to determine the UGV’s steer-
ing angle. In Section V, we highlight the features of the
proposed guidance system through numerical simulations.
These simulations have been performed in a highly realistic
point cloud map of an outdoor environment formatted and
sampled as if it were generated by commercial-off-the-shelf
depth and tracking cameras. Finally, in Section VI, we draw
conclusions and outline future work directions.

II. PATH PLANNER

A. Overview

In this section, we present a path planner for au-
tonomous UGVs operating in potentially contested environ-
ments. Given a point cloud map generated by some onboard
system, such as cameras, the proposed path planner outlines
a sequence of waypoints from the UGV’s current location
to a user-defined goal set G, while avoiding obstacles, and
while minimizing the vehicle’s exposure to potential threats.
In this paper, we assume that the location and capabilities of
opponents are unknown, and, hence, the path planner must
enable several known tactics such as coasting obstacles and
avoiding unknown areas to reduce the exposure to opponents.

To describe the proposed path planner, let I ≜
{O;X,Y, Z} represent a gravity-aligned orthonormal refer-
ence frame centered at O, with Z positive upwards. The
environment C ⊂ R3 detected by the onboard navigation
system is partitioned into two subsets, namely the non-
traversable set, Fc ⊂ C, which can not be penetrated by
the UGV, and its complement to the configuration space C,
known as the traversable set F . In this research, the non-
traversable set Fc is considered to be time-invariant, that is,
once a non-traversable area is detected, then its topology does
not change in time. However, the map of the environment is
unknown a priori as is disclosed as the field of view of
the vehicle’s sensors scan C. In this work, we consider the
unexplored space, that is, the space not yet detected by the
onboard sensors, as traversable.

B. Obstacle-terrain segmentation and mapping

The point cloud generated by the navigation system,
which represents the non-traversable set Fc, comprises both
obstacles and the terrain. Consequently O necessitates seg-
mentation to separate the points belonging to terrain, on
which planning must be performed, and obstacles, which
need to be avoided by the UGV. This segmentation is
achieved through a RAndom SAmple Consensus (RANSAC)
algorithm [10]. RANSAC robustly segments plane surfaces
in point cloud data by selecting random subsets of points
iteratively, and estimating a plane model and a number of
inliers in each iteration. The algorithm returns the “best-fit-
plane” that corresponds to the largest number of inliers; for
details, see Algorithm 1.

Let J ≜ {O′;X ′, Y ′, Z ′} be an orthonormal reference
system centered at O′ ∈ C. Let n ∈ R3 denote the normal
vector to the plane produced by the RANSAC algorithm,
which is within a specified cone angle about the UGV’s Z ′

axis. A point cloud p ∈ Fc is an inlier if its distance from
the plane, denoted by η ≥ 0, is such that η ≤ ϵ, with ϵ > 0
being a user-defined distance threshold. The points tagged
as “inliers” collectively represent the terrain T , whereas the
remaining point clouds are considered as obstacle points O
such that T ∪O = Fc. Once classified, the points in Fc are
scan aligned, that is, recorded in the global reference frame I
and registered in a grid structure known as the voxel map in
I. The resolution of the voxel map is chosen to be compatible
with the size of the UGV. Thus, the mapping system provides
the terrain map

MT ≜ {(i, j, vi,j) | (xi, yj) ∈ T , i, j ∈ N, vi,j = 0}, (1)

where vi,j = 0 indicates that the point (xi, yj , zi,j) ∈ MFc

is a terrain voxel and vi,j = 1 indicates that (xi, yj , zi,j) is
an occupied voxel.

Whereas the terrain topology in the real world mani-
fests as a continuous shape, MT is modeled as a discrete
grid structure. This discretization, while computationally
convenient, falls short of effectively capturing the nuanced
curvature inherent to the terrain’s topology. To ameliorate
this discrepancy, a mesh comprising triangular elements is
superimposed over T , facilitating a closer approximation



Algorithm 1 RANSAC based point cloud segmentation
Input: Point cloud Fc, cone angle threshold ϵϕ, distance

threshold ϵ
Output: Terrain set T & obstacle set O

1: function RANSACSEGMENT(Fc, ϵϕ, ϵ)
2: T ← ∅, O ← ∅, Imax ← null, niter ▷ Initialize

variables
3: while k < niter do
4: S ← Random subset of points of Fc

5: P← Fit plane to S
6: I ← points in S s.t. ∥P − S∥ ≤ ϵ &

cos−1(⟨n̂, Z ′⟩) ≤ ϵϕ
7: if |I| > |Imax| then
8: Imax ← I
9: end if

10: end while
11: T ← Imax

12: O ← Fc \ T
13: end function

to the actual terrain topology. The Delaunay triangulation
method [11] is employed for this purpose since it maxi-
mizes the smallest angle in each of the triangles within the
triangulation, thereby mitigating the occurrence of overly
elongated triangles. In the context of Delaunay triangulation,
the incenters of each triangular element are incorporated into
T and the corresponding map MT . The updated map MT
facilitates the generation of topology-informed waypoints in
complex terrains.

C. Tactical path planning

The path planning algorithm is predicated on the A-star
(A*) graph search algorithm. The underlying cost function
is defined as

fk ≜ gk + hk, k ∈ {0, . . . , np}, (2)

where

gk ≜
k∑

q=0

[κ(d2(r̂q,O))d2(r̂q, r̂q−1)] (3)

denotes the cost-to-come function, r̂0 ∈ T denotes the
UGV’s current location and {rk}q1 ⊂ T denotes the UGV’s
subsequent planned waypoints, d2(·, ·) denotes the Euclidean
distance,

hk ≜ (1− µ2)d2(r̂k,G) (4)

denotes the heuristic function and

κ(α) ≜ 1− µ2e
4µ1µ3−(µ3α+µ1α

−1)2 , α > 0. (5)

The weighing function κ : (0,∞) → (0, 1] is introduced
to imbue the path planner with tactical behavior. A path
is considered more tactical if it coasts the obstacle set O
as it reduces the UGV’s exposure to detection as well as
external threats and reckless otherwise. The parameters µ1,
µ2, and µ3 can be adjusted by the user to modulate the

algorithm’s propensity towards reckless or tactical behavior.
It has been demonstrated in [4] that the modified heuristic
function is both admissible and consistent, thereby ensuring
the optimality of the reference path.

The user-defined parameters µ1, µ2, and µ3 influence the
path’s op-tempo, dictating the algorithm’s inclination towards
rapid goal attainment or strategic obstacle circumnavigation.
The parameter, µ2 exerts a scaling effect on the heuristic
function, directly affecting the urgency of goal pursuit.
Specifically, setting µ2 = 0 produces the least coverted,
hence most reckless, trajectory, whereas larger values of
µ2 produce more tactical results. The propensity towards
seeking shelter on the other hand is dictated by the κ(·)
function which scales the cost-to-come. The function κ(·)
produces a bias in the cost-to-come function attracting the

path toward the goal set. The minimizer of κ(·) is
√

µ1µ
−1
3

[4]. Consequently, the choice of µ1 and µ3 affects the
path behavior. The prescribed ranges for the parameters
are established to be µ1 ∈ (1,∞), µ2 ∈ [0, 0.5], and
µ3 ∈ (0.7,∞) for reckless behaviors and µ1 ∈ (0, 1),
µ2 ∈ (0.5, 1], µ3 ∈ (0, 0.7) for tactical behavior. For an
in-depth exploration of the effects of the tunable parameters
and the weighing function, readers are directed to [4]. Future
work directions involve modifying (3) so that the reference
path maximizes the distance traveled within regions of T
with classified by the onboard navigation system at a higher
confidence level.

III. TRAJECTORY PLANNER

A. Overview

Having defined the reference path, a reference trajectory
is defined as a piecewise function of time interpolating
consecutive subsequences of the reference path. This process
thereby not only dictates the precise tempus of traversal but
also “smoothens” the path. In this research, the trajectory
is designed using a cubic polynomial spline due to its
attribute of exhibiting C2([0,∞)) continuity. Furthermore,
the cubic spline is parameterized by a monotonically in-
creasing variable, which enables the regulation of velocity
and acceleration.

B. Cubic spline planning

Consider the piecewise continuous cubic spline trajectory
represented by the r : R→ R3, where

r(ξ) ≜ [x(ξ), y(ξ), z(ξ)]T, (6)

ξ ∈ [0,∞) denotes a spatial parameter. For each ξ ∈ [0,∞),
the components x(ξ), y(ξ), and z(ξ) of the interpolating
spline segment are defined as

x(ξ) =

3∑
i=0

aiξ
i, (7)

y(ξ) =

3∑
i=0

biξ
i, (8)



z(ξ) =

3∑
i=0

ciξ
i, (9)

where ai, bi, ci ∈ R. The determination of the spline
coefficients involves solving a tri-diagonal linear system
predicated on Hermite interpolation [12], ensuring continuity
and smoothness of the spline trajectory. After the acquisition
of these coefficients, the spatial variable ξ is parameterized
to maintain a constant velocity profile along the interpolating
path.

C. Spline parameterization with constant velocity

The arc length of the piecewise continuous cubic spline
is given by

L(ξ) =

∫ ξ

0

∥r′(ζ)∥ dζ, ξ ∈ [0,∞), (10)

where

∥r′(ξ)∥ ≜
√

x′(ξ)2 + y′(ξ)2 + z′(ξ)2. (11)

Imposing a user-defined constant traversal velocity V > 0,
it must hold that

V =
dL(ξ(t))

dt
=

∂L(ξ)

∂ξ

dξ(t)

dt
, t ∈ [0,∞). (12)

Employing the Leibniz rule for integration, we find that

∂L(ξ)

∂ξ
= ∥r′(ξ)∥, (13)

and, hence, it follows from (12) that

V = ∥r′(ξ(t))∥dξ(t)
dt

, (14)

dξ(t)

dt
=

V

∥r′(ξ)∥
. (15)

Since V is constant, ξ(·) is computed as

ξ(t) =

∫ t

0

V

∥r′(ξ(τ))∥
dτ, t ∈ [0,∞). (16)

In this paper, the translational velocity V can be var-
ied across consecutive spline segments to enforce different
tactical behaviors. For instance, let ξ ∈ [0,∞) denote the
lower extremum of a spline segment. Then, over that spline
segment, we set

V = sat
(
η d2(ξ,O), Vmin, Vmax

)
, (17)

where η > 0 is user-defined, Vmax ≥ Vmin >
0 are user-defined, and sat(V, Vmin, Vmax) ≜
min{max{V, Vmin}, Vmax} denotes the saturation function.
This way, the UGV’s speed increases with its distance from
the obstacle set, which is considered safe to coast, within
some user-defined interval [Vmin, Vmax].

IV. ATTITUDE PLANNER

The cubic spline r(ξ(t)), t ∈ [0,∞), encapsulates the
spatial and temporal evolution of the UGV. Determining
the orientation of the UGV along the polynomial trajectory
becomes imperative to derive reference steering angles for
controller tracking. Let IR(ξ)J ∈ SO(3), ξ ∈ [0,∞), denote
the rotation matrix that maps the UGV reference frame J to
the global frame I. The Euler angle triplet derived from the
rotation matrix at any point ξ on the spline gives the UGV
orientation at that point. The three columns of IR(ξ)J can be
constructed as the unit tangent, normal, and binormal vectors
to r(ξ) for all ξ ∈ [0,∞).

Since the cubic polynomial (6) is a twice differentiable
curve in R3, parameterized by ξ, the unit tangent vector
along the spline is defined as

T (ξ) ≜

∥∥∥∥dr(ξ)dξ

∥∥∥∥−1
dr(ξ)

dξ
, ξ ∈ [0,∞). (18)

The tangent vector denotes the UGV’s instantaneous heading
in R3. It is worthwhile noting that, since the UGV’s transla-
tional velocity along the spline is a non-zero constant, (18)
is well-defined for all t ∈ [0,∞) and, hence, for all r(ξ(t)).
The unit normal vector is defined as

N(ξ) ≜
1

γ(ξ)

dT (ξ)

dξ
, ξ ∈ [0,∞), (19)

where

γ(ξ) ≜

∥∥∥∥dT (ξ)dξ

∥∥∥∥ (20)

denotes the curvature of r(·). It can be observed that
⟨T (ξ), N(ξ)⟩ = 0 for all ξ ∈ [0,∞), that is, T (ξ) and
N(ξ) are perpendicular vectors. Finally, the binormal vector
is defined as

B(ξ) ≜ T×(ξ)N(ξ), ξ ∈ [0,∞), (21)

where (·)× denotes the cross product operator.
The set {r(ξ), T (ξ), N(ξ), B(ξ)} forms the Frénet-Serret

frame centered at r(ξ), ξ ∈ [0,∞) [13]. It can be observed
that, at inflection points, the curvature, γ approaches zero
and the curve transitions from bending in one direction to
the opposite. Consequently, a Frénet-Serret frame undergoes
a reorientation about the tangent vector T (ξ), which makes it
impractical to set IR(ξ)J = [T (ξ), N(ξ), B(ξ)]. To overcome
this issue, in this paper we define IR(·)J employing a method
that stems from the Frénet-Serret reference frame, namely we
employ a rotation-minimizing reference frame.

Rotation-minimizing frames are orthonormal reference
frames that minimize the torsion

τ(ξ) =
⟨(r′(ξ))× r′′(ξ), r′′′(ξ)⟩
∥ (r′(ξ))× r′′(ξ)∥2

, ξ ∈ [0,∞), (22)

which can be interpreted as a measure of the speed of rotation
of the binormal vector at the given point. Thus, similarly to
a Frénet-Serret reference frame, a rotation-minimizing frame
comprises the unit tangent vector as the first axis. Thus, the
remaining two axes of a rotation-minimizing frame undergo



Fig. 1. Paths for 5 different mission scenarios. All missions require the
UGV to leave from the same initial position and reach the same goal set.
The only difference between missions lies in the parameters µ1, µ2, and
µ3, which have been set as in Table I. It is apparent how more coverted,
and, hence, more tactical paths, coast obstacles to a greater extent, while
more reckless trajectories aim to the goal set more directly

parallel transport along the curve. In this paper, we employ
the approach presented in [14] to deduce these two axes,
and, hence, deduce IR(ξ)J, ξ ∈ [0,∞), and the angles
of an underlying 3-2-1 rotation sequence; for details, see
Algorithm 2.

Algorithm 2 Rotation-minimizing frame generation [14]
Input: Position on spline {r(ξi)}ni=0, initial right-handed

reference frame J(ξ0) = {r(ξ0);T (ξ0), N(ξ0), B(ξ0)}
Output: Right-handed reference frames J(ξi) ≜

{r(ξi);T (ξi), N(ξi), B(ξi)}, i = 0, . . . , n

1: function RMF(J(ξ0), r(ξi))
2: while r(ξi) ̸∈ G do
3: v1 ← r(ξi+1)− r(ξi)
4: c1 ← ⟨v1, v1⟩
5: BL(ξi)← B(ξi)− (2v1/c1)⟨v1, B(ξi)⟩
6: TL(ξi)← T (ξi)− (2v1/c1)⟨v1, T (ξi)⟩
7: v2 ← T (ξi+1)− TL(ξi)
8: c2 ← ⟨v2, v2⟩
9: B(ξi+1)← BL(ξi)− (2v2/c2)⟨v2, BL(ξi)⟩

10: N(ξi+1)← B×(ξi+1)T (ξi+1)
11: J(ξi+1)← {r(ξi+1);T (ξi+1), N(ξi+1), B(ξi+1)}
12: end while
13: end function

V. NUMERICAL SIMULATIONS

The guidance system detailed in this paper has been tested
in a virtual environment generated using Blender [15] and
simulations were run on an Intel Core i7-9750H CPU. This
virtual environment, extending over 500 m × 500 m, emu-
lates the irregular terrain characteristics of an off-road area,
complete with strategically distributed obstacles. Empirical
results accentuate the algorithm’s capability in pathfinding

Fig. 2. Top-down view of the paths shown in Figure 1

amidst intricate topographical features, thus signifying its
transferability to real-world navigational applications.

The UGV is tasked with reaching the goal set G from the
starting point r̂0. The goal set is shaped as a disk of radius 5
m and located at [376, 184, 0]T relative to r̂0. Five scenarios
were scrutinized, each predicated setting µ1, µ2, µ3 as in
Table I. In the most tactical mission (Mission 5), whose way-
points are denoted by the white waypoints in Figure 1, the
algorithm coasted the obstacle set O more closely, thereby
diminishing its detectability and vulnerability. In contrast,
the most reckless mission (Mission 1), whose waypoints
are denoted by the red waypoints in Figure 1, resulted in
the most direct path to the goal set. Missions 2, 3, and 4
show increasing levels of covertness by coasting obstacles
more and more closely. Table I shows the Euclidean distance
traveled over each mission scenario, and it is apparent how
less tactical missions also lead to shorter distances traveled.

Figure 3 shows both the torsion and the curvature of
the reference frame J(·) applying the classical Frénet-Serret
approach and the rotation-minimizing frame approach to
attitude planning. It is apparent how the rotation-minimizing
frame approach to attitude planning induces a consider-
ably smaller torsion. Furthermore, numerical evidence, omit-
ted for brevity, clearly show how, applying the rotation-
minimizing frame, the UGV’s reference pitch and roll axes
are consistent throughout the reference trajectory. Applying
the Frénet-Serret approach, instead, the UGV’s reference
pitch and roll axes experience sudden variations at inflection
points of the reference trajectory, which make this approach
unsuitable to deduce the UGV’s steering angle.

VI. CONCLUSIONS

This paper presented a guidance system for autonomous
UGVs operating tactically in unknown, potentially contested
environments. Exclusively leveraging a point cloud map,



TABLE I
COMPARISON OF THE LENGTH OF TRAVERSAL FOR VARYING LEVELS OF

RECKLESSNESS AND COVERTNESS

Mission µ1 µ2 µ3 Path length
1 2.00 0.00 2.00 456 m
2 1.50 0.25 1.00 507 m
3 0.10 0.50 0.50 492 m
4 0.50 0.60 0.10 509 m
5 1.00 0.90 0.70 516 m
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Fig. 3. Torsion and curvature of reference frames. The Frénet-Serret
reference frame experiences considerably larger variations in its torsion,
which leads to sudden changes in the direction of the UGV’s pitch and yaw
axes

which can be generated by onboard sensors, this guidance
system outlines a reference path, a reference trajectory,
and a reference attitude for a mobile ground robot tasked
with reaching a given goal set while reducing its risk of
exposure to external threats. Since the threats’ locations
and capabilities are unknown, this guidance system enables
several tactics such as coasting obstacles to protect one flank
and exploiting speed to seek cover as soon as possible.

Several features distinguish this guidance system. Worthy
of mention is that the proposed guidance system plans
the vehicle’s reference path on some approximation of the
terrain. This approximation of the terrain features is produced
from the point cloud map by separating actual obstacles from
terrain points using a RANSAC algorithm. Successively,
the Delaunay triangulation allows adding more data points
in the form of incenters of each triangle. The trajectory
planner is fast since it relies on cubit splines and global.
The use of splines assures continuous differentiability of the
reference trajectory with respect to time as well as the arc
length. Numerous existing trajectory planners do account for
the vehicle’s dynamics, but produce results in some con-
vex neighborhoods of the vehicle or are significantly more
expensive because based on some non-convex optimization
technique. The attitude planner, which is needed to determine
the UGV’s steering angle, produces a rotation-minimizing
reference frame. This reference frame, and, hence, the asso-
ciated orthonormal matrix, are similar to the reference frame
and the orthonormal matrix underlying the classical Frénet-
Serret reference frame. However, despite the Frénet-Serret
reference frame, the rotation-minimizing reference frame is
not prone to rotations about the UGV’s roll axis due to

changes in the curvature of the reference trajectory.
Future work directions involve several aspects of this

work. For instance, the use of machine learning and artificial
intelligence methods was avoided to allow low computational
costs and be implementable on fast cars equipped with rela-
tively inexpensive computers. However, the use of semantics
would allow choosing what obstacles would provide a safer
shelter. Furthermore, information on the terrain properties
gathered by onboard cameras as well as other proprioceptive
sensors can be used to estimate the vehicle’s maximum speed
and turn radius to plan more realistic trajectories. Finally, test
drives would ultimately allow verifying the applicability of
the proposed approach.
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