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Abstract

This work presents the development of a MATLAB/Simulink simulation framework for a
swarm of autonomous off-road ground vehicles. The operating environment is a partially
known semantic map with progressive discovery. Terrain perception is handled using
a Deep Learning based semantic segmentation module by assigning a terrain class to
each cell of the input image. A cost map is constructed to combine the base cost per
semantic class, the gradient where the class changes and the slope penalty. Further-
more, cells not yet observed receive a uniform penalty override, which is replaced by the
real cost as the terrain is discovered. The architecture is a multi-agent, decentralized
decision-making framework on a shared global map: the leader creates the path for itself
through an enhanced A* terrain-aware algorithm, to which it is subsequently applied a
path smoothing function that ensures curvature continuity. The leader is also in charge
of path planning for the followers using a computationally cheaper, yet riskier method.
The vehicle that holds the leader position is not always the same during the simulation,
but can be updated: at each step, a ranking mechanism elects the vehicle with the low-
est ETA as leader. The agents follow their defined path via a pure-pursuit path tracker,
while the longitudinal velocity is regulated by an MPC whose reference is emitted by a
speed reference governor that responds to the risks of failure. Each vehicle is described
by an 8-degree-of-freedom dynamic model including a Pacejka tire model, roll dynamics,
a static electric motor map (SPM) and four-wheel steering system. The framework has
proven effective in simulations on different maps and demonstrates the consistent inte-
gration of perception, planning, coordination, and realistic vehicle dynamics, providing a
flexible basis for future extensions.
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Chapter 1

Introduction

1.1 Context and Motivation

Autonomous ground vehicles are increasingly relevant in applications where human inter-
vention is either inefficient, risky, or impossible. Typical examples include search and res-
cue operations, agricultural monitoring, environmental inspection, planetary exploration,
and infrastructure surveillance. In structured environments, such as urban roads or in-
dustrial facilities, autonomous navigation can rely on relatively predictable conditions.
Conversely, off-road environments introduce a substantially higher level of uncertainty.
The terrain may be uneven, partially unknown, deformable, or characterized by spatially
varying friction. Obstacles may not be known in advance, and vehicle stability may be
affected by slope, roll dynamics, and local tire–terrain interaction. The use of multiple
UGVs offers several advantages over a single-vehicle architecture. A swarm can im-
prove exploration capability, increase redundancy, distribute risk among multiple agents,
and maintain mission continuity even in case of partial failure. However, these benefits
require a suitable integration of path planning, vehicle control, map sharing, and dynamic
feasibility. This thesis addresses the development and validation of a simulation frame-
work for a swarm of autonomous off-road UGVs operating in a partially known semantic
environment. The work integrates terrain-aware path planning, leader–follower coordina-
tion, progressive map discovery, and an advanced vehicle dynamics model.

1.2 Problem Statement

The problem considered in this thesis is the autonomous navigation of a group of ground
vehicles in an off-road environment represented by a semantic terrain map. While the
Goal coordinates are known among the agents, the environment is only partially known
by the swarm during the mission. Each vehicle contributes to the discovery of the en-
vironment through a simplified perception model, while the planner computes feasible

1



Chapter 1. Introduction

paths by considering terrain class, obstacles, slope, and unknown areas.
The main challenge is not only to compute a geometrically valid path, but also to

ensure that the path is meaningful for vehicles with non-negligible dynamics. Therefore,
the navigation problem is coupled with a vehicle model that accounts for tire forces, roll
dynamics, vertical load transfer, and local terrain properties.

1.3 Objectives of the Thesis and Main Contributions

The objective of this thesis is to develop and validate a modular MATLAB/Simulink sim-
ulation environment for the analysis of a swarm of UGVs operating on off-road terrain.
The proposed framework combines multi-agent coordination, terrain-aware path plan-
ning, progressive map discovery, and vehicle dynamics modeling within a single simula-
tion architecture.

The main objectives and contributions of the thesis can be summarized as follows:

• development of a modular multi-agent simulation architecture based on MATLAB
and Simulink model references;

• definition of hierarchical nonvirtual buses for structured communication between
agents, planners, controllers, vehicle models, and visualization blocks;

• modeling of an off-road semantic terrain map including traversability, obstacles, fric-
tion coefficients, slope information, and progressive knowledge of the environment;

• implementation of a shared global map knowledge mechanism, allowing the ex-
plored portion of the map to increase during the simulation according to the sensing
range of the vehicles;

• implementation of a terrain-aware global path planner based on an enhanced A*
algorithm, in which the path cost depends on semantic terrain classes, obstacles,
unknown areas, and slope-related penalties;

• integration of path smoothing techniques to generate smoother reference trajecto-
ries suitable for vehicle tracking;

• definition of a leader–follower formation strategy with dynamic role assignment, in
which the leader is not fixed but is elected at run time by a ranking mechanism
executed on every agent; the current leader follows the global planned path while
the followers track formation targets expressed with respect to the leader frame;

• coupling of swarm-level planning and formation logic with an 8-DOF vehicle dy-
namics model, allowing the simulation to account for vehicle motion, speed profiles,
steering commands, tire–terrain interaction effects, and local terrain properties;

2



1.3. Objectives of the Thesis and Main Contributions

• development of replay, plotting, and visualization tools for analyzing vehicle trajec-
tories, map discovery evolution, planned paths, smoothed paths, speed profiles,
and control commands;

• evaluation of the swarm behavior through simulation results, with particular atten-
tion to trajectory tracking, formation maintenance, terrain-dependent planning, and
progressive environment discovery;

• creation of a flexible simulation foundation for future extensions, such as leader fail-
ure management, decentralized local maps, D* Lite replanning, collision avoidance
strategies, communication constraints, and BWR-based terrain interaction models.

3





Chapter 2

State of the Art and Literature Review

2.1 Autonomous UGVs in Off-Road Environments

Off-road autonomous navigation differs significantly from road-based autonomous driv-
ing. In off-road scenarios, the vehicle cannot rely on lane markings, traffic rules, or struc-
tured road geometry. The terrain may include natural obstacles, steep slopes, low-friction
regions, vegetation, rocks, mud, sand, or water. The main challenges are incomplete or
uncertain map information, spatially varying tire–terrain interaction, reduced and vari-
able friction, slope-induced longitudinal and lateral load transfer, obstacle avoidance in
unstructured terrain, limited perception range, dynamic feasibility of planned trajectories.
This work focuses on the interaction between terrain-aware planning and vehicle dynamic
feasibility. The objective is not only to find a collision-free path, but also to generate paths
and speed references that are meaningful for an off-road ground vehicle.

2.2 Vehicle Dynamics Models

Several vehicle dynamics models can be used for autonomous driving and unmanned
ground vehicle simulation. The appropriate model depends on the required compromise
between computational efficiency and physical accuracy. Low-order models are usually
preferred for high-level planning and real-time control because they are simple, robust,
and computationally efficient [1]. However, when the vehicle operates on off-road ter-
rain, simplified models may become insufficient, since slope, variable friction, wheel slip,
terrain irregularities, roll dynamics, and vertical load transfer can significantly affect the
vehicle response.

In autonomous navigation, kinematic and bicycle models are commonly used for path
planning and path tracking because they provide a compact description of the vehicle
motion. A kinematic model usually describes the geometric evolution of the vehicle pose,
typically through the variables x, y, ψ, and v. This type of model is useful for trajectory
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generation and high-level control, but it does not explicitly represent tire forces, wheel
slip, load transfer, or body attitude dynamics.

A more advanced reduced-order formulation is represented by the single-track vehicle
model, also known as the bicycle model. In this model, the left and right wheels of each
axle are replaced by one equivalent front tire and one equivalent rear tire. The basic
dynamic bicycle model describes the planar motion of the vehicle chassis through three
degrees of freedom: longitudinal motion, lateral motion, and yaw motion. These are
commonly represented by the longitudinal velocity u, the lateral velocity v, and the yaw
rate r = ψ̇. The yaw angle ψ is then obtained by integrating the yaw rate.

u
v

δf

αf

αr
ψ, r

b

a

y

x

Figure 2.1: Schematic representation of the single-track bicycle model, including wheel-
base geometry, velocity vectors, sideslip angle, steering angle, tire slip angles, yaw rate
and curvature radius.

The 4-DOF bicycle model considered in this work is a single-track model composed of
a 3-DOF chassis representation and one additional tire-related degree of freedom. The
chassis dynamics describe the planar motion of the vehicle through longitudinal velocity u,
lateral velocity v, and yaw rate r = ψ̇. The additional tire degree of freedom is introduced
to account for the dynamic behavior of the equivalent tires, improving the representation
of tire slip with respect to a purely 3-DOF chassis model [2].

Although the single-track model uses only one equivalent front tire and one equivalent
rear tire, the tire-related dynamics should not be interpreted as the dynamics of a single
physical wheel. Instead, they are associated with the equivalent tires of the single-track
formulation. For each equivalent tire, i ∈ {F,R}, the tire slip quantities can be expressed
through the lateral slip angle αi and the longitudinal slip ratio σi. The slip ratio can be
related to the equivalent wheel angular velocity as

σi =
Rwωi − vx,i

vx,i
, i ∈ {F,R}, (2.1)
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where Rw is the wheel radius, ωi is the angular velocity of the equivalent wheel, and vx,i
is the longitudinal velocity at the tire contact point. The corresponding wheel rotational
dynamics can be written as

Ti − Iwω̇i − Fx,iRw = 0, i ∈ {F,R}, (2.2)

where Ti is the driving or braking torque, Iw is the wheel inertia, and Fx,i is the longitudinal
tire force. Depending on the adopted tire model, the additional tire dynamics may also
be represented through relaxation dynamics of the tire slip variables.

Table 2.1: Degrees of freedom in a 4-DOF single-track vehicle model.

DOF Motion Variable Physical meaning
1 Longitudinal

chassis
u Forward velocity of the vehicle

body.
2 Lateral chassis v Lateral velocity of the vehicle body.
3 Yaw r = ψ̇ Rotation rate around the vertical

axis.
4 Tire/slip dynamics αi, σi, ωi Additional tire-related dynamics

for the equivalent tires, with i ∈
{F,R}.

A more detailed alternative is represented by double-track multi-degree-of-freedom
models. In [3], the authors compare a bicycle model, an 8-DOF model, and a 14-DOF
model for MPC-based path tracking, showing how the increase in model fidelity improves
the representation of vehicle dynamics, especially when roll motion and lateral load trans-
fer become relevant.

The 8-DOF model extends the chassis dynamics by including roll motion and the
rotational dynamics of the four wheels. Therefore, it can account for individual wheel
speeds, longitudinal slip, tire force generation, roll-induced load transfer, and the different
behavior of the left and right sides of the vehicle. This is particularly relevant for off-
road UGV simulation, where spatially varying friction, side slope, terrain irregularities,
and braking or traction commands can generate different conditions at each tire.

Table 2.2: Degrees of freedom in an 8-DOF double-track vehicle dynamics model.

DOF Motion Variable
1 Longitudinal chassis u
2 Lateral chassis v
3 Yaw ψ, r
4 Roll ϕ, ϕ̇
5 FL spin ωFL
6 FR spin ωFR
7 RL spin ωRL
8 RR spin ωRR
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The 14-DOF model further increases the physical fidelity by including six degrees
of freedom at the vehicle center of mass and two degrees of freedom for each wheel.
Compared with the 8-DOF model, it adds vertical motion, pitch motion, and independent
vertical suspension dynamics at each wheel. This makes the 14-DOF model more suit-
able for rollover prediction, wheel lift-off analysis, suspension studies, and high-fidelity
validation under extreme maneuvers. However, it also introduces a higher computational
burden and requires a larger number of parameters, which are often difficult to identify
accurately, especially for small off-road robotic platforms.

xb

yb

zb

ϕ

ψ

θ

zw,FR

ωFR

zw,RL

ωRL

zw,RR

ωRR

Figure 2.2: Schematic representation of the 14-DOF vehicle model

Table 2.3: Degrees of freedom in a 14-DOF vehicle dynamics model.

DOF Motion Variable
1 Longitudinal C.M. u
2 Lateral C.M. v
3 Vertical C.M. w
4 Roll ϕ, ωx
5 Pitch θ, ωy
6 Yaw ψ, ωz
7 FL vertical zu,FL
8 FR vertical zu,FR
9 RL vertical zu,RL
10 RR vertical zu,RR
11 FL spin ωFL
12 FR spin ωFR
13 RL spin ωRL
14 RR spin ωRR
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Table 2.4: Comparison of vehicle models for autonomous navigation.

Model Advantages Limitations Typical use
Kinematic
model

Very simple, fast, and
robust.

Neglects tire forces,
wheel slip, load transfer,
and body dynamics.

Planning and prelim-
inary path tracking.

4-DOF model Captures planar chas-
sis dynamics and in-
cludes tire/slip dynam-
ics with low computa-
tional cost.

No left–right wheel dis-
tinction, no explicit roll dy-
namics, and no lateral
load transfer.

Real-time prediction,
yaw stability studies,
and reduced-order
control design.

8-DOF model Captures roll, yaw, in-
dividual wheel spin, tire
slip, and vertical load
redistribution.

Does not explicitly include
pitch, heave, or indepen-
dent suspension vertical
dynamics.

Dynamic validation,
off-road simulation,
and wheel-level
control logic.

14-DOF model Adds pitch, heave,
suspension vertical
dynamics, and wheel-
level vertical motion.

High computational cost
and higher parameteriza-
tion complexity.

Rollover analysis,
suspension studies,
and high-fidelity
validation.

2.3 Off–Road Tire–Terrain Interaction

The interaction between tires and terrain is central in off-road vehicle dynamics. Tire
forces depend on vertical load, slip ratio, slip angle, friction coefficient, and terrain prop-
erties. In many vehicle dynamics models, tire behavior is represented through empirical
formulations such as Pacejka’s Magic Formula.
In off-road applications, additional effects may become relevant, such as sinkage, soil
compaction, rolling resistance variation, and deformable terrain behavior. These phe-
nomena are often described by terramechanics models, including BWR theory, which
has been extensively studied and implemented in simulation in previous theses [4] and
research articles [5]. Compared with simple friction-based models, BWR formulations
provide a more physically detailed description of wheel–soil stresses, sinkage, and trac-
tion on deformable terrain. In this thesis, the terrain is represented through semantic
classes and friction coefficients, while a more advanced BWR formulation is identified as
a possible future extension.
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Figure 2.3: Schematic illustration of stress distribution due to wheel–soil interaction in the
BWR model: (a) normal stress distribution beneath a rigid wheel; (b) tangential stress
distribution beneath a rigid wheel. Adapted from [5].

More recently, high-fidelity numerical approaches have also been adopted to study
tire–terrain interaction. FEM models represent the tire and the soil as deformable continua
discretized into finite elements, allowing tire deformation, soil sinkage, contact stresses,
drawbar pull, and rolling resistance to be estimated under different loading and slip con-
ditions [6]. For granular terrains such as sand, coupled FEM–DEM approaches are par-
ticularly relevant: the tire is generally modeled as a deformable finite-element structure,
while the soil is represented through discrete particles. This allows particle flow, local
compaction, and force transmission beneath the tire to be described more explicitly [7–9].
Industrially relevant research has also investigated commercial tire concepts, including
Bridgestone agricultural tires and Michelin TWEEL non-pneumatic tires, with the objec-
tive of reducing soil compaction and improving off-road mobility [10].
However, these models require detailed soil parameters, experimental calibration, and
significantly higher computational effort. For this reason, they are not implemented in the
present work and are instead proposed as future developments.

2.4 Semantic Traversability Mapping

This is the first step to take in the present work. The identification of the map, even be-
fore launching the planning algorithms, tracking, safety systems, and so on, is of vital
importance because it generates the reference used by all of them. The mapping con-
sists of identifying the type of terrain, slope and inclination, obstacles that the vehicle is
about to traverse. It is also the most innovative section of this project from the program-
ming point of view, because it often involves the use of artificial intelligence [11]. AI —
more specifically ML — in order to be used for pattern recognition — of images, but also
LiDAR detections, useful for the present case — must first be trained on a dataset. Al-
though there exist reasonably accurate and well-developed AI models, it is important to
have a dataset that associates the signal with an equivalent piece of information. It will be
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the AI’s task to check the input signal, try to define the equivalent information, and check
how far it has strayed from the real one. Larger and more representative datasets can im-
prove generalization, provided that label quality, class balance, and domain coverage are
adequate. A well-known example is the SA-1B dataset, containing over 1 billion masks,
released together with the Segment Anything Model (SAM) [12] and later extended by its
successor SAM 2 [13]. As regards the semantics of the terrain obtained from satellite,
it is important to cite, among many, that of SpaceNet [14], which stands out especially
in the recognition of buildings and roads. The datasets [15, 16] instead are used for the
recognition of semantics from UAV, with many different classes and from a fairly close
distance. The autonomous vehicles considered in this work would benefit from a map
recognition system implemented on board and employed, besides by camera, also by
means of other sensors, such as LiDAR, which will help to evaluate distances as well as
textures [17]. Research is also present on one of the possible applications of this work:
extraterrestrial exploration [18]. On the recognition of the environment for Martian rovers,
the reference works are [19, 20], their associated dataset is AI4Mars [21].

2.5 Path Planning Algorithms

Path Planning algorithms calculate a feasible path from a starting position to a target while
avoiding obstacles and minimizing a cost function. A distinction can be made between
deterministic algorithms — often graph-based, which always produce the same path for
a given input — and stochastic algorithms, in which the path varies between executions.

2.5.1 Heuristic Algorithms

The most classic graph-based method is Dijkstra’s algorithm [22]; while it expands nodes
in order of accumulated cost and guarantees an optimal solution, it explores the graph
isotropically. It proves to be a computationally heavy, slow, and often inefficient algorithm;
however, many variants exist — among all Bidirectional Dijkstra — which is being studied
and adapted for modern problems due to its stability [23–25]. A* algorithm [26] improves
Dijkstra general efficiency giving order to the expansion using the equation

f(n) = g(n) + h(n) (2.3)

where g(n) is the accumulated cost from the start node to node n, and h(n) is the esti-
mated cost from node n to the goal. A* largely preserves Dijkstra’s optimality while ex-
panding far fewer nodes, provided a suitable h is used. As shown in Figure 2.4, Dijkstra
finds a path with a lower traversal cost, but the number of explored cells is exponentially
higher.
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A*

cost: 55, visited: 134

Dijkstra

cost: 53, visited: 661

Figure 2.4: Comparison between A* and Dijkstra on the same map: A* explores a narrow
band of cells around the optimal path, while Dijkstra explores almost the entire free space
before reaching the goal.

In A* the balance between the path quality and research speed is regulated weighting
the heuristic function h. Among the dynamic-weighting variants, taking as an example
the first one to be developed [27], one uses

f(n) = g(n) + w · h(n) (2.4)

with w > 1, making the search greedier toward the goal at the cost of a suboptimality
bounded by w; in the paper [28], instead, w is decreased with the depth of the search,
obtaining an aggressively exploratory behavior far from the goal and an accurate one
in its proximity. On grids, the angular expressiveness is increased with neighborhoods
extended to 16 or 32 moves [29], which reduce the staircasing of the paths. For envi-
ronments that are only partially known or discovered during motion, D* [30] and D* Lite
[31] make the search incremental: instead of replanning from scratch at every discovery,
they locally repair the previous solution, proving to be effective even in maps with variable
obstacles [32]. In this thesis the main planner is A* re-executed periodically; the architec-
ture is, however, set up to allow its replacement with D* Lite for more efficient replanning.
This choice is due to the fact that A* is an algorithm that is simple to implement, reliable,
and relatively fast to execute in a map with almost fixed obstacles.

2.5.2 Stochastic Algorithms

The most famous of the stochastic algorithms is RRT: according to its procedure, a tree
is built by iteratively expanding it toward points sampled randomly in the configuration
space, connecting each new sample to the nearest node of the tree. It is known for han-
dling high-dimensional spaces and non-holonomic constraints well, and it is fairly fast
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compared to its deterministic competitors. However, the path found is often not optimal,
and the resulting trajectory is irregular and zig-zagging. The improvements and optimal
variants of this algorithm mainly study and investigate alternative methods that speed up
the convergence time [33]. RRT* is another stochastic algorithm that extends RRT by
adding a rewiring step: when a new node is inserted, the algorithm checks whether con-
necting it through a different neighboring node reduces the total cost, and it optimizes the
existing connections in the surrounding area. In this way asymptotic optimality is guaran-
teed: it converges to the optimal solution with an infinite number of samples and retains
the advantages of RRT in complex spaces, but it is more computationally expensive be-
cause of the continuous rewiring, and the convergence to the optimum can become very
slow [34]. For this algorithm too, in fact, the reason for refinement is often to speed up
the convergence [35], as studied in [36, 37]. Particularly interesting for the present ap-
plication is [38], which proposes to drastically speed up the algorithm by introducing an
APF in the proximity of the obstacles. The substantial difference between RRT and RRT*
is that while the first one rapidly finds a feasible path through a complex environment, the
second is an optimized extension that guarantees finding the optimal path as the number
of samples increases [39], as shown in Figure 2.5.

—————————————————————————
RRT RRT*

After
∼200

iterations

After
∼2000

iterations

Start

Goal

Start

Goal

Start

Goal

Start

Goal

Figure 2.5: Comparison between RRT and RRT* on the same map: RRT*, thanks to
rewiring, reaches asymptotically the optimal path.

ACO [40, 41] is a very interesting path planning algorithm: as its very name sug-
gests, it is one of the most famous Bio-Inspired algorithms. It simulates the behavior
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of a colony of ants that deposit pheromone on the paths they travel: the shorter paths
accumulate more pheromone and become more attractive to the subsequent ants, while
the pheromone evaporates over time. Its functioning is illustrated in Figure 2.6. It is a
robust algorithm and particularly suited to exploration, but it presents slow convergence
and does not guarantee the global optimum [42, 43]; moreover, it requires careful tun-
ing of the parameters — evaporation, importance of the pheromone vs. heuristic: [44]
created an enhanced version through a smart autotuning of the latter.

N

F

1
Exploration: ants are try-

ing all possible paths.

N

F

2
Reinforce: pheromone is

accumulating on shorter paths

N

F

3
Convergence: short-

est path is dominating

Figure 2.6: Schematic presentation of ACO algorithm.

PSO also appears to be a good search algorithm: it consists of a set of particles
that moves through the search space, updating velocity and position based on its own
best position found and on the best position found by the entire swarm. It is simple to
implement, requires few parameters to tune, and has good convergence on continuous
optimization problems, but it can remain trapped in local optima, and is natively less suited
to spaces with complex constraints such as the obstacles in the present case study [45–
47].

2.6 Leader–Follower Formation

Formation Control is another very important aspect of swarm control [48]. While the Path
Planning for a swarm can be adapted from that of a single vehicle, Formation Control is
precisely what differentiates the swarm logic from the single vehicle. In leader–follower
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architectures, one vehicle acts as the leader and plans the global motion, while the fol-
lowers maintain relative positions with respect to the leader. It is also possible to have
an architecture where there are no leaders and followers, but each vehicle acts indepen-
dently, and they simply collaborate by sharing the information of the discovered map: this
approach is known as SLAM, a widespread technique applied to UAVs for the coverage
of a map. Initially, the only communication that could take place between the Agents in
this case served to avoid collisions; however, there are studies in this field that also use
swarm logic to optimize times and paths [49]. The literature has investigated the Leader–
Follower formation, proposing rather innovative solutions [50], but without ever consider-
ing not only the dynamics of the vehicle, but above all the fact that the vehicles are not
equipped with infinitely powerful motors or brakes and that respond instantaneously to the
request: for this reason, maintaining the trajectory and the formation at the same time is
extremely challenging, and it is precisely one of the innovative aspects addressed by this
work. Another important challenge is trying to understand which is the best formation for
the swarm: while some prioritize safety and speed (platooning) [51], others might instead
be more convenient in moments when the local swarm is exploring the space (diamond,
circular) [52]. It is also important to evaluate whether the chosen formation is applicable
to the available clearances, which are limited because of the obstacles [53, 54].
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Chapter 3

Multi-Agent Simulation Framework in
MATLAB/Simulink

3.1 Mission Scenario and Problem Statement

The considered scenario consists of a group of UGVs operating in an off-road environ-
ment. The mission is to reach a predefined goal position while progressively discovering
the terrain and avoiding non-traversable regions. The environment is represented by a
two-dimensional grid map enriched with semantic and physical information. Each cell
contains information about terrain class, friction coefficient, slope, obstacle presence,
traversability, and whether the cell is known by the swarm.

3.2 System Assumptions and Requirements

The simulation relies on a set of simplifying assumptions, summarized here. Perception
and communication are idealized: each UGV knows its own position, velocity and heading
without noise or estimation errors, discovers the map within a fixed circular visibility radius
independent of terrain, weather or lighting, and shares its knowledge through a global
memory with no latency, bandwidth limits or packet loss; once a cell is discovered, it
stays known for the rest of the mission. Terrain and obstacles are simplified: all terrain
properties (class, friction, slope, obstacle flag) come from the semantic map. The vehicle
is modeled dynamically, but some subsystems are simplified for computational tractability:
friction and elevation are assumed equal at the four wheels, the local slope is applied at
the center of gravity, actuators and on-board computers do not degrade, and some blocks,
such as EBD (Section 5.10.1), ABS (Section 5.10.2), motor cut-off (Section 5.9.2), rely on
quantities that would not be directly measurable on a real vehicle. The mission, because
of the nature of A* algorithm, is deterministic with a fixed goal: the same parameters
and initial conditions always reproduce the same trajectories and metrics, the leader is
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elected dynamically by the ranking mechanism, and the followers track target positions
defined in the leader frame through fixed geometric offsets.
The simulation is considered successful if:

• The leader reaches or approaches the target position without crossing obstacle
regions; the simulation can also be considered complete if the leader steps onto a
cell near the goal, depending on how the simulation is interpreted. In a real-world
application of this project—given that the vehicle might have no prior knowledge of
the map—it could involve passing certain checkpoints without stopping (as is the
case with exploration);

• the followers maintain a coherent formation with respect to the leader, with the
necessary delays or advances with respect to the designated formation caused by
the uncertainty of the map, the physicality of the vehicle and all other influencing
parameters;

• the known map expands consistently with vehicle motion and always increasingly;

• The path planner reacts to terrain costs and unknown regions, adjusting as the
known map expands. Having a planned path at the start of the simulation that
passes through as-yet-unknown obstacles also indicates that the planner is receiv-
ing the correct amount of data;

• path tracker follows the input from the planner, avoiding sharp turns and overly risky
trajectories.

• vehicle states and commands remain physically meaningful, and the simulation
outputs can be analyzed through quantitative metrics and visual replay. This is a
necessary condition for ensuring the consistency of the vehicle’s Simulink model;
subsequently, when implemented with real vehicles and maps, this condition will
guarantee that the sensors are properly calibrated and functional.

3.3 General Architecture

Since the structure runs at various sample times, selected to balance cost and perfor-
mance, it is important to identify a legend using the Simulink Debug function. The color
coding adopted by Simulink to identify the sampling rates of the model is reported in
Table 3.1, where each annotation is associated with its sample time in seconds.
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Table 3.1: Simulink timing legend: sample times of the model in seconds. The base
discrete rate is Ts = 0.002 s; slower rates are integer multiples of it.

Annotation Color Type Sample time [s] Multiplier

Cont Continuous – –
D1 Discrete (base rate) 0.002 ×1
D2 Discrete 0.03 ×15
D3 Discrete 0.1 ×50
Inf Constant – –
M Multirate – –

The simulation architecture is based on a top-level Simulink model containing multiple
agent instances. Each agent contains a vehicle model and the necessary interfaces for
planning, control, and logging.
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Figure 3.1: Simulink architecture of the UGV swarm. Located at swarm_phase_5

The three vehicles, coordinated by the architecture described in this chapter, advance
in a leader–follower formation across the semantic terrain map while progressively dis-
covering it. The complete simulation campaign is analyzed in Chapter 7.

The general structure is:
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swarm_phase_5.slx

Agent_1 (agent.slx)

vehicle.slx

Agent_2 (agent.slx)

vehicle.slx

Agent_3 (agent.slx)

vehicle.slx

The same agent and vehicle models are reused through Simulink Model Reference blocks.
Different initial conditions and parameters are assigned through model arguments.
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Figure 3.2: Agent structure. Located at swarm_phase_5/(Agent).

Model Reference is used to avoid manually duplicating the vehicle model. This im-
proves modularity and reduces the risk of inconsistencies between vehicle instances.The
key idea is:

• all vehicles share the same model structure;

• each instance receives different initial conditions;

• parameters are passed through model arguments;

• the top model remains scalable to additional vehicles.

It is nonetheless possible to have vehicles with different parameters; one simply needs to
change the arguments generated for each vehicle. For now, the only difference between
the vehicles lies in their initial conditions x, y, and ψ.
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Each agent represents one vehicle in the swarm. It receives global or shared information,
computes or receives planner outputs, and simulates the corresponding vehicle behavior.
The agent is identified by an integer ID. This ID can be used to select leader or follower
behavior, route bus signals, and manage future failure scenarios. The Vehicle Model
Interface is presented below in Table 3.2, summarizing the inputs and outputs of the
vehicle model.

Table 3.2: Main inputs and outputs of the vehicle model interface.

Inputs Outputs
Initial position and heading Position x, y
Initial speed Heading ψ
Initial wheel angular velocities Total velocity
Terrain lookup tables Accelerator/brake command
Controller parameters Steering command
Path tracking information Additional dynamic states, if required
Speed reference information

3.4 Shared Map, Bus Architecture and Data Management

To reduce the number of outports and improve scalability, hierarchical Simulink buses
are used.
Examples of bus structures include:

• vehicle state bus;

• planner output bus;

• actuator command bus;

• global plotting bus;

• agent-to-agent communication bus.

Table 3.3: Main bus structures used in the simulation.

Bus Purpose
VehicleState Stores position, heading, and speed.
ValuesBus Collects vehicle states for all agents.
PlannerOutBus Stores planned paths and planner-related outputs.
AccelSterzo Stores accelerator/brake and steering commands.
PlotGlobal Collects all signals required for post-processing and

replay.
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The simulation uses the MATLAB base workspace as a shared memory area. The
map, scenario, vehicle structures, and history variables are stored globally.
This approach behaves as a blackboard architecture:

• agents and planner functions read the shared map;

• the known map is updated globally;

• the planner uses the most recent global knowledge;

• the visualization reads logged histories after the simulation.

The implemented system is not a fully decentralized swarm with independent local maps.
Decision making is decentralized — each agent runs the same ranking and planning code
— while the environment knowledge is shared through a single global map. It is therefore
best described as a decentralized multi-agent simulation operating on shared global map
knowledge. Below in Table 3.4 the Workspace hierarchical organization is shown.

Table 3.4: Workspace roles in the simulation framework.

Workspace Role
Base workspace Shared map, scenario, vehicles, and logging histo-

ries.
Top model workspace Global parameters and model-level configuration.
Agent model
workspace

Agent ID and model arguments.

Vehicle model
workspace

Vehicle dynamics parameters and terrain lookup ta-
bles.

3.5 MATLAB Files

The framework is organized as a single call hierarchy rooted in the entry-point script
demo_swarm_phase4.m. The tree below lists every MATLAB function and every Simulink
model in the project: each file is indented one level to the right of the file that invokes
it, so the depth of a node mirrors its position in the call stack. A // comment states, in
pseudocode form, what the file does. Files reached through a Simulink block are tagged
[SIM] (model reference) or [Fn] (MATLAB Function block); entries without a .m extension
are MATLAB Function blocks embedded directly in the model. A file called from more than
one place is repeated at each call site.

demo_swarm_phase4.m // MAIN: build world, run sim, post-process

define_swarm_buses.m // declare Simulink.Bus objects

load_motor_to_workspace.m // load motor LUTs into workspaces

motor_map.m // build torque + efficiency maps
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init_swarm_scenario.m // assemble mission + parameters

generate_terrain_map.m // synth elevation, semantic, mu

Tyre225_50_17_Comb.m // Pacejka tire coefficient set

build_cost_map.m // grids -> A* traversal cost

visualize_terrain_map.m // export terrain map PDFs

init_vehicle_agents.m // build per-vehicle state structs

get_local_terrain.m // sample z, slope, mu at a pose

make_vref_filter.m // design v_ref shaping filter

design_speed_mpc.m // synthesize speed-tracking MPC

swarm_phase_5.slx [SIM] // top model; sim() runs here

MapEventInjector [Fn] // clock-fed runtime event: obstacle spawn at t = 15 s

apply_map_event.m // stamp elliptical obstacle, override cost map

Agent.slx [SIM] // model ref: one self-contained agent

classifica [Fn] // weighted distance+ETA ranking, hysteresis

swarm_planner_rank_to_id.m [Fn] // ranks slots to IDs, run planner

swarm_planner_helper2.m // discovery, A*, formation logic

build_cost_map.m // recompute cost on known map

update_friction_map.m // mark wheel-compacted cells

astar_path.m // A* shortest path on cost grid

smooth_path_spline.m // spline-resample the raw path

get_local_terrain.m // sample terrain at probe pose

select_local_heading.m // obstacle-free heading choice

get_local_terrain.m // sample at candidate headings

wrapToPiLocal.m // wrap angle to (-pi, pi]

write_rank_slot_to_id_slot.m // reorder buffer rank -> ID

vehicle.slx [SIM] // model ref: 8-DOF vehicle dynamics

PathRoleAntiUTurn [Fn] // follower anti-U-turn guard

PathTracker [Fn] // look-ahead steering law

SpeedReferenceGovernor [Fn] // v_ref safety envelope

obstacle_brake_from_base.m [Fn] // emergency brake command

md_fluxweak [Fn] // torque deficit -> MPC measured disturbance

forceNBy4.m // reshape logged signal to [N x 4]

getBusData.m // read a leaf signal from a logged bus

getBusNode.m // descend the bus tree to a node

getBusTime.m // read the time vector from a bus

getBusNode.m // descend the bus tree to a node

getfield_or.m // nested field read with default

visualize_swarm_phase4.m // replay snapshots + map discovery

plot_swarm_signals.m // export logged-signal PDFs

forceNBy4.m // reshape logged signal to [N x 4]

getBusData.m // read a leaf signal from the bus

getBusTime.m // read the time base of the bus

plot_mu_compaction.m // export friction-compaction PDFs

update_friction_map.m // build the post-compaction map
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3.6 Execution Schedule and Orchestration

The simulation workflow is organized as follows:

1. define Simulink bus objects;

2. initialize the scenario and terrain map;

3. initialize vehicle agents;

4. populate base workspace and model workspaces;

5. configure model reference arguments;

6. run the Simulink simulation;

7. extract logged bus signals;

8. update MATLAB vehicle structures;

9. visualize trajectories, commands, and map discovery.

The plant is integrated by a fixed-step Simulink solver (ode4, T 8DOF
s = 2ms), while the dis-

crete supervisory layer — ranking, planner and speed governor — runs on a slower task
(T sup
s = 100ms). Each agent is a self-contained model reference; all inter-vehicle com-

munication flows through a single shared_bus delayed by one step (UnitDelay) to break
algebraic loops. The whole scheme is decentralized: every agent runs the same code
and reaches the same decisions from the broadcast state, with no central coordinator.

3.6.1 Initialization

The bootstrap phase builds the world, instantiates the agents and pushes the calibration
data into each model workspace.

1 function init_demo()

2 // --- 1. Terrain map from an externally generated semantic image

3 img <- imread("semantic_map.png") // RGB, AI-authored

4 grid <- build_meshgrid(res = 1.0 [m/cell])

5 for each cell in grid do

6 class[cell] <- argmin_k || rgb(cell) - palette(k) || // nearest-color

classifier

7 mu[cell] <- class_to_friction(class[cell])

8 obs[cell] <- class_to_obstacle(class[cell])

9 end
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10 z <- tilted_plane + sum(gaussian_dunes) + roughness // 2.5D

elevation

11 slope_deg <- atan( || grad(z) || )

12 map.known <- false(size(grid)) // nothing perceived yet

13

14 // --- 2. Mission + agent parameters (assignment block)

15 [start, goal, formation, A*-costs, 8DOF-params, Pacejka-coeffs] <-

set_scenario()

16

17 // --- 3. Push calibration into Simulink model workspaces

18 load_motor_map() // torque LUT: T = f(rpm, throttle)

19 for i = 1 : num_vehicles do

20 push_initial_conditions(agent[i]) // pose, wheel speeds, gains

21 end

22 end

The classifier is a minimum-distance lookup in RGB space, so it tolerates the tonal jitter in
case of errors from the image recognizer from Python script. Each semantic class carries
a nominal friction µ and an obstacle flag; the planner later turns these into traversal costs.

3.6.2 Model Arguments and Initial Conditions

Each vehicle instance receives a different set of initial conditions. This is achieved by
passing model arguments from the top model to the agent model and then from the agent
model to the vehicle model.
The relevant initial conditions include:

• initial x position;

• initial y position;

• initial heading;

• initial velocity;

• initial wheel angular velocities;

• initial roll-related states;

• initial terrain slope in the vehicle frame.

25



Chapter 3. Multi-Agent Simulation Framework in MATLAB/Simulink

3.6.3 Supervisory and Plant-side Tasks

At every supervisory tick (T sup
s = 100ms) each agent executes, in order, the ranking of

Section 6.2 and the planner routine of Section 6.3: both read the shared_bus and write
to the agent’s own bus, so that every decision that does not need the fast integration
rate is carried by the slow task. The plant-side blocks — collision check, path tracker,
speed reference governor and longitudinal MPC, presented in Chapter 6 — run instead
at the fast rate inside each vehicle model reference, together with the 8-DOF plant of
Chapter 5.

3.6.4 Post-processing

After the run the logged signals are repacked into each agent’s history and the final known
map is recovered. A short report prints the simulated time, the explored fraction and the
leader–goal distance, and an animated replay renders the perceived map with overlaid
trajectories, the raw vs. smoothed paths, the speed traces and the leader’s tire forces.

3.6.5 Logging, Output Extraction and Visualization

The simulation outputs are collected through a hierarchical plotting bus. This avoids the
need for many independent outports and makes the architecture more scalable.
Logged quantities include:

• vehicle position (x, y);

• heading ψ;

• velocity V ;

• accelerator/brake command ξ;

• steering command δ;

• known map percentage pctknown;

• planned paths praw and psmooth;

• known map history map.known(t).

The replay system provides a visual analysis of the mission evolution. It shows:

• complete semantic map and vehicle trajectories;

• progressive known map;
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• raw and smoothed A* planner paths;

• vehicle speed profiles;

• accelerator/brake commands.
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Chapter 4

Off-Road Environment Modeling

4.1 Overview of the Map Representations

The off-road environment is not described by a single map but by a family of grid maps,
each capturing a different aspect of the terrain or of the knowledge the swarm has about
it. They are all defined on the same regular (x, y) grid and share the same resolution,
so that any cell can be looked up consistently across every representation. This section
introduces them, while the rest of the chapter details how each one is built.

The starting point is the semantic map, which assigns a terrain class to every cell and
is produced by an external AI segmentation module. From the recognized semantics and
from a procedurally generated ground geometry derive the elevation map and the slope
map, which describe the 2.5D shape of the ground, together with the friction map, which
stores the per-cell friction coefficient µ obtained from the semantic class and corrected
by the local slope. Together these layers form the truth map: the complete physical de-
scription of the terrain that the simulator integrates. The truth map is never fully available
to the vehicles; each of them perceives only the cells inside its visibility radius, and the
union of the perceived cells builds up the known map. Finally, the cost map condenses
semantics, slope, obstacles and the unknown state into the single scalar traversal cost
on which the planner operates. Table 4.1 summarizes all of these representations.

29



Chapter 4. Off-Road Environment Modeling

Table 4.1: Map representations used in the simulation framework.

Map Meaning
Semantic map Per-cell terrain class produced by the AI segmentation

module (semantic_map.png).
Elevation map Per-cell ground height z; the 2.5D geometry of the ter-

rain.
Slope map Per-cell slope angle θs computed from the elevation

gradient.
Friction map Per-cell friction coefficient µ from the semantic class,

corrected by the local slope.
Truth map Complete physical terrain (semantics, geometry, fric-

tion) integrated by the simulator.
Known map Logical mask of the cells already observed by at least

one vehicle.
Known history Time history of the known map, stored for visualization

and replay.
Cost map Per-cell traversal cost used by the A* planner: seman-

tic plus slope cost, with a penalty on the unknown
cells.

Compaction map Friction map updated by repeated vehicle passages,
representing track formation.

4.2 AI-Based Semantic Map Generation

The semantic classification of the terrain is not authored by hand. It is produced by an ex-
ternal deep-learning module that performs semantic segmentation of an aerial image of
the operating area, assigning a terrain class to every pixel. The simulation framework and
this perception module are intentionally decoupled: the only interface between them is a
single color-coded image, semantic_map.png, which the function generate_terrain_map
reads and converts into the per-cell friction, obstacle and cost properties described above.

4.2.1 Segmentation Model and Training

The segmentation network is a SegFormer model [55], a Transformer-based architecture
for dense pixel-wise prediction. The lightweight b0 variant, pre-trained on the ADE20K
scene-parsing dataset, is fine-tuned on the Semantic Drone Dataset [16], a collection of
high-resolution nadir images of suburban and off-road scenes. The roughly two dozen
original annotation classes — paved area, dirt, grass, gravel, rocks, water, pool, vegeta-
tion, tree, roof, wall, fence, vehicles, people and so on — are remapped onto the eight
unified terrain classes used by the planner (unknown, hard_surface, bare_soil, grass,
gravel_rock, water, vegetation_obstacle, obstacle) through a fixed lookup table. This
remapping collapses perceptually distinct but functionally equivalent classes — for in-
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stance every man-made structure becomes obstacle — and keeps the class set aligned
with what the cost map actually requires.

Training is carried out at a resolution of 512 × 512 pixels with the AdamW optimizer,
a cross-entropy loss, light data augmentation (horizontal and vertical flips, 90◦ rotations,
brightness and contrast jitter) and an 80/20 train–validation split. The model is evaluated
through the pixel accuracy and the mean Intersection-over-Union (mIoU) on the validation
set, and the checkpoint achieving the best mIoU is retained.

4.2.2 Inference and Map Export

At inference time the target aerial image — in the present work a satellite frame of the
chosen area — is segmented, and the resulting label map is recolored with the fixed
eight-color palette of Table 4.2 and saved as semantic_map.png. Because a satellite
frame is far larger than the network input, the image is processed as a grid of overlapping
512 × 512 tiles: each tile is segmented independently, the per-class probabilities are
accumulated over the overlap regions, and the final label of every pixel is the arg-max of
the fused probabilities. This tiled scheme preserves fine detail that a single global down-
scaling would destroy. Figure 4.1 shows a representative input frame and the semantic
mask predicted from it; the input frame is stored already rotated and mirrored so that its
orientation matches the simulation reference frame.

The original number of classes (about twenty) was reduced to eight, because several
of them were not relevant to this work and were therefore merged directly into the obstacle
class.

1 function build_semantic_map(aerial_image)

2 // --- 1. Offline: fine-tune the segmentation network (run once)

3 data <- SemanticDroneDataset() // nadir RGB images + labels

4 data <- remap_classes(data, original_to_unified) // ~24 -> 8 terrain

classes

5 model <- SegFormer_b0(pretrained = "ADE20K", num_classes = 8)

6 for epoch = 1 : 30 do

7 model <- train(model, data, opt = AdamW, loss = cross_entropy)

8 keep_best(model, metric = mean_IoU) // on the 20% validation split

9 end

10

11 // --- 2. Online: segment the target aerial image

12 img <- imread(aerial_image) // RGB satellite/drone frame

13 prob <- zeros(num_classes, size(img))

14 for each tile (512 x 512, overlapping) in img do

15 logits <- model( normalize(tile) )

16 prob[tile] <- prob[tile] + softmax(logits) // fuse logits on overlaps
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17 end

18 class <- argmax_k prob // per-pixel terrain class

19 rgb <- recolor(class, palette) // fixed 8-color palette

20 save(rgb, "semantic_map.png") // read by generate_terrain_map

21 end

(a) Input aerial (satellite) image (b) Predicted semantic mask

Figure 4.1: Semantic segmentation of an aerial image by SegFormer model: the RGB
input frame (a) is segmented pixel-wise into the eight terrain classes (b).

The classifier on the MATLAB side is deliberately trivial — a nearest-color lookup in
RGB space — so that the whole perception stage lives in the Python module and can
be swapped without touching the simulator. In its current form this module is a proof of
concept: it runs offline, on a single satellite frame, and with a model trained on a modest
dataset, so the predicted mask still contains misclassified patches. This is acceptable
here precisely because the semantic map is only an input to the framework, and the con-
tribution of the thesis lies in the planning, coordination and dynamics layers that consume
it. A further limitation is that the dataset used, although very accurate for its own purpose,
does not contain enough images to train a model specialized in unpaved, off-road envi-
ronments; it would instead perform better on closer-range pictures of urban scenes. For
this reason the input was chosen as an image taken at a moderate distance from the
ground, to which a larger scale was then applied to enlarge it, so as to make the task
of the vehicles more challenging and longer. In any case, developing an AI able to in-
terpret satellite imagery is not one of the main goals of this thesis, since more suitable
solutions already exist that work with an on-board vehicle view rather than a top-down
one. To show that the perception module is not tailored to one specific frame, it was run
unchanged on a second, completely different aerial image. Figure 4.2 reports the input
and the resulting semantic map for this second area: although the scene has different
proportions of grass, gravel, vegetation and water — including an isolated pond absent
from the first frame — the network still produces a coherent eight-class map that the sim-
ulator can consume directly. This confirms that the pipeline is general with respect to the
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input map, and that the single frame used for the main mission was not hand-picked to
make the segmentation succeed.

(a) Input aerial image (AI generated) (b) Predicted semantic mask

Figure 4.2: Semantic segmentation of a second, different aerial image: the RGB input
frame (a) is segmented into the same eight terrain classes (b). The module is run with
no re-tuning, showing that it works on maps other than the one used for the main mission
and is not calibrated for a single frame.

4.3 Semantic Terrain Representation

The terrain is represented by a grid map. Each cell is assigned a semantic class, such
as hard surface, bare soil, grass, gravel, water, vegetation obstacle, or generic obstacle.
Alternative map layouts were also considered, such as a hexagonal-cell grid or a radial-
cell grid centered on the leader, which would allow a smoother planning; the classical
square grid, although slightly less precise, offers the best trade-off between quality and
cost. Each class is associated with physical and planning-related properties, as from
Table 4.2.
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Table 4.2: Semantic map classes: color legend, nominal friction, cell statistics on the
simulated terrain, A* planning base cost and obstacle flag.

Color Semantics (class) µ Cells (%) Cost Obstacle

(0, 0, 0)
unknown 0.50 0 (0.00) 100 No

(150, 80, 160)
hard_surface 0.85 20 741 (10.28) 1 No

(180, 100, 30)
bare_soil 0.55 1 735 (0.86) 10 No

(30, 110, 30)
grass 0.45 57 107 (28.32) 50 No

(120, 115, 90)
gravel_rock 0.60 0 (0.00) 30 No

(30, 60, 200)
water 0.10 0 (0.00) 106 Yes

(140, 165, 50)
vegetation_obstacle 0.30 21 243 (10.53) 200 No *

(240, 40, 100)
obstacle 0.00 100 840 (50.00) 106 Yes

Total – 201 666 (100.00) – –
* Despite its name, the vegetation_obstacle class is defined with obstacle = false in
default_classes(); it is therefore traversable, but heavily penalized by its base cost (200).
The nominal µ is the per-class value of default_classes(); the friction map applies a further
per-cell slope correction. Unknown cells carry the optimistic default friction and are penalized at
planning time through the cost_unknown overlay rather than through the base cost. The base cost
is the relative cost_per_class value used by the A* planner; the effective cell cost also includes
the semantic-boundary gradient and the slope penalty. Cell counts come from the nearest-color
classification of semantic_map.png resampled onto the 366× 551 planning grid.

These classes are only indicative: their precise definition is not critical to the present
work, because the perception stage that produces the semantic map — described in the
next section — is the component most readily replaced in a real deployment.
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Figure 4.3: Semantic terrain map used by the simulator. The color-coded image
semantic_map.png is resampled onto the planning grid; each color corresponds to a
terrain class of Table 4.2.

4.4 Terrain Geometry and Slope

The environment is treated as a 2.5D map: each cell has an elevation value — the 3rd
dimension — but the vehicle cannot, for obvious reasons, choose to navigate the map
along z, since this is a coordinate constrained to (x, y). The terrain slope is computed
from the elevation gradient:

sx =
∂z

∂x
, sy =

∂z

∂y
(4.1)

The slope magnitude is:

s =
√
s2x + s2y (4.2)

and the corresponding slope angle is:

θs = arctan(s) (4.3)

This information is used both for terrain traversability and for vehicle dynamic calculations.
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Figure 4.4: Terrain elevation of the simulated environment: a gently tilted base plane on
which randomly generated dunes and valleys are superimposed.
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Figure 4.5: Slope angle θs, in degrees, obtained from the elevation gradient. The black
contour outlines the obstacle regions.

4.5 Friction Map

The friction coefficient µ is assigned according to terrain class and corrected using local
terrain slope. A generic expression can be written as:
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µ(x, y) = µclass(x, y)− ksθs(x, y) (4.4)

where µclass is the nominal friction coefficient associated with the semantic class, and ks
is a slope-related penalty coefficient, a fictitious term that further penalizes the vehicle
when it crosses very steep terrain. Obstacle cells are assigned a negative or invalid
friction value and are treated as non-traversable by the planner.

Friction coefficient 7
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Figure 4.6: Friction coefficient µ assigned per cell from the semantic class and corrected
by the local slope. The black contour outlines the obstacle regions, which carry an invalid
friction value.

4.6 Known and Unknown Map

A central feature of the simulation is the distinction between the complete physical map
and the map known by the swarm. The complete physical terrain is the truth map of
Table 4.1; the portion of it that the swarm has actually discovered is the known map.

The known map is represented by a logical matrix:

K(x, y) =

1, if the cell has been observed

0, otherwise
(4.5)

Some examples of the known/unknown map can be seen in the replay snapshots of
Chapter 7.
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4.6.1 Map Discovery Model

Each vehicle is assumed to observe the environment within a circular visibility radiusRvis,
set to 30 m in all directions for the present project. A cell is considered visible from vehicle
i if:

(x− xi)
2 + (y − yi)

2 ≤ R2
vis (4.6)

The global known map is updated using a cumulative logical OR operation:

Kt+1 = Kt ∨ Vt (4.7)

where Vt is the set of cells visible at time t.
The known map is monotonic: once a cell has been observed, it remains known for

the rest of the simulation. The known map is not exchanged between the vehicles through
Simulink signals; it is updated at every step in a workspace shared by all of them, which
effectively represents the knowledge sharing among the vehicles.

4.7 Cost Map

The cost map is the representation on which the A* planner actually operates. It con-
denses all the terrain information into a single scalar value per cell: the higher the value,
the less desirable it is to drive a vehicle through that cell. It is built once, offline, by
build_cost_map from the semantic map and the slope map, and stored in map.cost_all.
The traversal cost of a cell is a property of the terrain, not of whether a vehicle has already
perceived it: the penalty for crossing grass, gravel or bare soil is identical regardless of
the order in which the cells are discovered, so there is no reason to rebuild the map at
every step. For the same reason the precomputed map deliberately does not encode
the known state, the unknown-cell penalty, or any friction term: these are applied per step
inside the planner, and at run time the only quantity that keeps changing is the perceived
fraction of the environment, i.e. the boolean mask map.known.

The routine build_cost_map assembles four contributions, in the order in which they
are applied in the pseudocode below: a base cost per semantic class cclass, read from
scenario.planning.cost_per_class and summarized in Table 4.2; a logarithmic gradient
across the boundaries between classes; a slope penalty; and a final obstacle override.
The base cost values are deliberately spread over several orders of magnitude, so that
the planner strongly prefers hard surfaces, tolerates soil and grass, and treats water and
solid obstacles as practically impassable.

1 function cost = build_cost_map(map, scenario) // computed ONCE, offline

2 // --- 1. base cost per semantic class (c_class)
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3 for each cell (i,j) do

4 c_base[i,j] <- cost_per_class( class[i,j] )

5 end

6 cost <- c_base

7

8 // --- 2. logarithmic gradient across class boundaries (band R_grad = 4

cells)

9 num <- 0 ; den <- 0

10 for each semantic class c do

11 d_c <- euclidean_distance_transform( class == c ) // distance, in cells,

from class c

12 w <- max( 0, (R_grad + 1 - d_c) / (R_grad + 1) ) // weight, decays with

distance

13 num <- num + w * log( cost_per_class(c) ) // blend in log-space:

costs span 1..1e6

14 den <- den + w

15 end

16 cost <- cost + ( exp(num/den) - c_base ) // signed correction (

good side +, costly side -)

17

18 // --- 3. slope penalty

19 cost <- cost + w_slope * max( 0, theta - theta_thr ) // theta_thr = 8 deg

, w_slope = 0.5

20

21 // --- 4. obstacle override (LAST: the blend must never reduce an obstacle)

22 cost[ obstacle ] <- cost_obstacle // 1e6

23 cost <- max( cost, 1 ) // numeric floor

24 end

The second contribution, the semantic gradient, makes the reference robust to small
tracking errors by smoothing the otherwise abrupt jumps in cost between adjacent classes,
everywhere except inside obstacles. For each cell the cost is blended in log-space with
the cost of the nearby classes, using a distance-weighted average over a band of radius
Rgrad=4 cells, where the distance to each class is obtained with a Euclidean distance trans-
form; a weight that decays linearly with distance gives full influence to the cell’s own class
and a vanishing influence at the edge of the band. The blend is performed in log-space
because the costs span several decades (1 to 106), and its result is added to the base
cost as a signed correction: it is positive on the good side of a boundary that borders an
expensive class, and negative on the expensive side adjacent to a cheap class. Crucially,
the obstacle override is applied after the blend, so the cost inside an obstacle is never
lowered. The net effect is a soft potential that gently pushes the vehicles towards the

39



Chapter 4. Off-Road Environment Modeling

center of the traversable corridors: even if the tracker overshoots the reference slightly,
the vehicle is biased to remain on easy terrain rather than drifting onto a costly class or
an obstacle border.

The map of Figure 4.7 is the only one stored, in map.cost_all, and it is never rebuilt
online. Later, at every replanning call, the planner routine swarm_planner_helper2 takes
a local copy of it and overlays the current perception before the A* search of the global
planner is run, taking into account the cells that the swarm has not yet observed, as
shown in Section 6.3. For a generic cell (x, y) the traversal cost is the sum of a semantic
contribution and a slope contribution; an unobserved cell, however, cannot expose its
real terrain properties and is therefore assigned a single fixed penalty:

C(x, y) =


Cunknown, if K(x, y) = 0

Csem(x, y) + Cslope(x, y), if K(x, y) = 1

(4.8)

where Csem is the cost associated with the semantic class of the cell — low for hard
surfaces, higher for grass or gravel, and practically infinite for obstacles and water — and
Cslope grows with the local slope angle θs, penalizing steep cells. The term K(x, y) is the
known-map mask of Equation (4.5): a cell that has not yet been observed (K = 0) does
not contribute its true semantic or slope cost, but the uniform unknown cost Cunknown =

103, a value far above the base class costs, so that the search prefers already-explored
corridors whenever one exists while the underlying terrain cost is left untouched.
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Figure 4.7: Cost map C(x, y) of the simulated environment, computed with the whole ter-
rain assumed known. Every cell carries the sum of its semantic and slope cost; obstacle
and water cells carry a practically infinite, no-go cost.

The cost map of Figure 4.7 is shown for the complete environment, that is withK(x, y) =
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1 on every cell. For this reason the Cunknown branch of Equation (4.8) never appears in
the figure: each cell displays its true semantic-plus-slope cost. The effect of the unknown
penalty can instead be observed indirectly in the replay snapshots of Chapter 7. In the
early stages of a mission most of the map is still unobserved and is therefore filled with
the uniform value Cunknown; not knowing where the obstacles are, the A* search finds no
reason to deviate and simply aims straight at the target. As the vehicles advance and
discover the terrain, the real per-cell costs replace the unknown value and the planned
path starts to bend around the obstacles that have become visible.

4.8 Terrain Compaction and Multi-Pass Effect

The map is updated to account for repeated vehicle passages. The local friction coeffi-
cient is modified in the area covered by the vehicle footprint. This provides a simplified
representation of terrain compaction or track formation, which are real and quantifiable
phenomena, addressable through higher-fidelity terramechanics models of greater com-
plexity. The update depends on:

• vehicle position;

• vehicle heading;

• footprint width;

• footprint length;

• compaction factor;

• maximum allowable friction coefficient.

The friction increase follows a multiplicative model applied at every passage over each
traversable cell:

µ(n) = min
(
µmax, α · µ(n−1)

)
(4.9)

where α is the compaction factor (α = 1.20 in this work) and n is the passage count.

1 function map = update_friction_map(map, pose, width, length, alpha,

mu_max)

2 [x0, y0, psi] <- pose

3 for each cell (i,j) in map do // global to local frame

4 x_loc <- cos(psi)*(X[i,j]-x0) + sin(psi)*(Y[i,j]-y0)

5 y_loc <- -sin(psi)*(X[i,j]-x0) + cos(psi)*(Y[i,j]-y0)

6 end

7 mask <- |x_loc| <= length/2 AND |y_loc| <= width/2 AND

traversable
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Chapter 4. Off-Road Environment Modeling

8 mu[mask] <- min(mu_max, alpha * mu[mask])

9 visited_count[mask] <- visited_count[mask] + 1

10 end

Although the simulation campaign is reported later, Figure 4.8 already anticipates the
effect of this model on the results obtained after a complete swarm mission. It shows the
friction map once the three vehicles have reached the goal: the cells repeatedly traversed
by the swarm form higher-friction trails, while the rest of the map remains unchanged.
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Figure 4.8: Terrain compaction after a complete swarm mission — an anticipation of the
post-simulation results. (a) Final friction coefficient µ updated by update_friction_map:
the paths repeatedly traveled by the three vehicles appear as higher-friction trails. (b) Fric-
tion increment ∆µ = µfinal−µinitial, which is non-zero only on the cells actually traversed
by the swarm.

A ∆µ ellipse is present in Figure 4.8b because that is a part of the map that changes
over time, as explained in Section 7.1. This component is a simplified approximation and
can be extended in future work using the terramechanics models presented in 2.3.
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Vehicle Dynamics Model

The controllers designed in the following chapters can only be as effective as the vehicle
they act upon: they require a plant faithful enough to reproduce the dynamic effects that
actually constrain the motion — tire friction limits, load transfer, actuator saturation —
while remaining light enough to simulate a three-vehicle swarm at an acceptable com-
putational cost. This chapter presents the 8-DOF dynamic model adopted to meet this
trade-off, describing in turn its degrees of freedom and parameters, the tire model, the
roll and load-transfer dynamics, the electric motor map, the braking logic and the four-
wheel steering system. To provide evidence that the model behaves consistently and
returns physically meaningful signals, a set of quantities is logged as a function of time
and collected in Section 5.12; all the traces refer to the mission described in Section 7.2.

5.1 Role of the Vehicle Model

The vehicle model is used to evaluate the dynamic feasibility of the planned trajectories.
While a kinematic model may be sufficient for preliminary path planning, an off-road UGV
operating on variable terrain requires a more detailed representation of dynamics.
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Figure 5.1: Vehicle block, composed of Plant and Controller. Located at swarm_ph
ase_5/(Agent)/(Vehicle).

Figure 5.1 shows the plant studied in this section, which is a simplified representation
of the vehicle. Among the outputs, in addition to the values used to generate the plots
presented in this work, there is a set of signals sent to the controller. In the development
of a real controller, these signals would be replaced by measurements provided by on-
board sensors. The vehicle model adopted in this work is used to represent the dynamic
behavior of

• longitudinal motion;

• lateral motion;

• yaw dynamics;

• roll dynamics;

• wheel rotational dynamics;

• tire forces;

• vertical load transfer;

• terrain-dependent friction.
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Figure 5.2: The PLANT subsystem of the vehicle model. Located at swarm_phase_5/(Ag
ent)/(vehicle)/PLANT: the steering, powertrain and braking chains feed the 8-DOF
rigid-body and wheel dynamics that turn the commands into the vehicle motion.

The PLANT block represents the vehicle’s actual dynamic behavior, with outputs mea-
sured via on-board sensors. To ensure the highest possible fidelity to real-world behavior,
the Simulink time step for this block should be as close to infinitesimal as possible; this
involves actual dynamics, as the block does not emulate an ECU or electronic compo-
nents.

5.2 Degrees of Freedom

The vehicle model is the 8-DOF double-track model whose degrees of freedom were
detailed in Table 2.2: longitudinal, lateral and yaw chassis motion, roll motion, and the
rotational dynamics of the four wheels (FL, FR, RL, RR).

For the proposed off-road UGV swarm, an 8-DOF model offers an appropriate bal-
ance between physical fidelity and computational cost: unlike a kinematic or 4-DOF bi-
cycle model, it captures the left–right load transfer produced by lateral acceleration, side
slopes, and steering, which strongly affects the stability of small vehicles with a high cen-
ter of mass and a narrow track. By including roll and yaw dynamics, individual wheel
spin, tire slip, and vertical load transfer, it makes it possible to assess whether a terrain-
aware trajectory can actually be followed without excessive slip, instability, or unrealistic
commands, and it provides the wheel-level detail required by future terramechanics ex-
tensions such as BWR soil interaction. A higher-fidelity 14-DOF model, such as the one
in [3], would additionally describe pitch, heave, and suspension travel, but this complex-
ity is unnecessary for a first implementation of the swarm framework. It is worth noting
that the wheel-related degrees of freedom are not six free Cartesian coordinates but re-
duce, in practice, to vertical suspension travel and wheel spin, since steering is imposed
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as a control input and camber, toe, and wheel-center migration are constrained by the
suspension geometry.

In compact algorithmic form, the per-step update performed by the plant block is the
following: the inputs are δcmd, motor torque, interpolated road slope, while the outputs
are updated state (x, y, ψ, v, . . . ), wheel forces. For each of the four wheels the block
computes slip ratio σ and slip angle α, feeds them with the vertical load Fz, friction µ and
camber into the Pacejka ’96 model, and integrates the resulting forces into the 8-DOF
rigid body (longitudinal, lateral, yaw, roll and four wheel spins).

1 function state = vehicle_8DOF(delta_cmd, T_motor, slope)

2 foreach wheel in {FL, FR, RL, RR} do

3 [sigma, alpha] <- slip(wheel, state)

4 [Fx, Fy] <- pacejka96(sigma, alpha, Fz, mu, camber)

5 end

6 state <- integrate( newton_euler(Fx, Fy, slope), Ts )

7 end

xb

yb

zb

ϕ

ψ

θ

ωFRωRL

ωRR

Figure 5.3: Schematic representation of the 8-DOF vehicle model

5.3 Vehicle Geometry and Parameters

The main vehicle parameters are summarized in Table 5.1. In the code these parameters
are assigned through the function init_swarm_scenario().
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Table 5.1: Vehicle model parameters (8-DOF).

Symbol Value Unit Description
Geometry, mass and inertia
m 1300 kg Vehicle mass
L 1.5 m Wheelbase (a+ b)
a 0.6 m Distance from CG to front axle
b 0.9 m Distance from CG to rear axle
Tf 1.5 m Front track width
Tr 1.5 m Rear track width
hG 0.4 m Height of the center of gravity
Jz 1800 kg m2 Yaw moment of inertia
Ix 450 kg m2 Roll moment of inertia (sprung

mass)
g 9.81 m/s2 Gravitational acceleration
Roll dynamics
hRf 0.08 m Front roll-center height
hRr 0.12 m Rear roll-center height
hcr 0.304 m CG-to-roll-center distance
Kϕ 130000 N m/rad Total roll stiffness
Ksf 39000 N m/rad Front suspension roll stiffness
Ksr 39000 N m/rad Rear suspension roll stiffness
Kaf 26000 N m/rad Front anti-roll-bar stiffness
Kar 26000 N m/rad Rear anti-roll-bar stiffness
Cϕ 15000 N m s/rad Roll damping coefficient
Aerodynamics
Af 1.8 m2 Frontal area
Cx 0.28 – Aerodynamic drag coefficient
ρ 1.3 kg/m3 Air density
ha 0.4 m Aerodynamic center-of-pressure

height
tire
R0 0.317 m Unloaded wheel radius
Jns 0.8 kg m2 Wheel moment of inertia
Kv 2.90× 105 N/m tire vertical stiffness
Cp 500 N s/m tire vertical damping
Lx 0.055 m Longitudinal relaxation length
Ly 0.5 m Lateral relaxation length
KdF 0 rad/N Front lateral compliance-steer coeff.
KdR 0 rad/N Rear lateral compliance-steer coeff.
τF −0.1 deg Front static toe
τR 0.1 deg Rear static toe
γ0F 0 deg Front static camber
γ0R −0.39 deg Rear static camber
f0 0.0041 – Rolling resistance, constant term
f2 2.051× 10−7 s2/m2 Rolling resistance, quadratic term
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5.4 Wheel-Center Velocities and Slip Angles

The Velocità Mozzi subsystem transforms the planar body state (u, v, ψ̇) into the lon-
gitudinal and lateral velocity components of each wheel center, by applying the rigid-body
velocity transport from the center of gravity to the four wheel hubs:

uFL = u− ψ̇
Tf
2
, vFL = v + ψ̇ a, (5.1)

uFR = u+ ψ̇
Tf
2
, vFR = v + ψ̇ a, (5.2)

uRL = u− ψ̇ Tr
2
, vRL = v − ψ̇ b, (5.3)

uRR = u+ ψ̇ Tr
2
, vRR = v − ψ̇ b, (5.4)

where a and b denote the longitudinal distances between the center of gravity and the front
and rear axles, respectively, while Tf and Tr denote the front and rear track widths. The
effective steering angle at each wheel is obtained by superimposing three contributions
on the steering command δcmd: the static toe angle δ0 and a compliance-steer contribution
proportional to the lateral tire force, KdFy. This term accounts for the elastic rotation of
the wheel about the steering axis caused by the finite compliance of the suspension and
steering linkage:

δF• = δcmd,F + δ0,F +KdF Fy,F•, (5.5)

δR• = δcmd,R + δ0,R +KdR Fy,R•. (5.6)

The effective steering angle obtained in this way, together with the longitudinal and lateral
velocity components at the wheel hub, defines the tire slip angle:

α = δ − arctan

(
vcr
ucr

)
, (5.7)

where vcr and ucr are the lateral and longitudinal velocity components of the wheel center
expressed in the wheel reference frame.

The toe angle is the static angle δ0 between the wheel plane and the longitudinal axis
of the vehicle. According to the adopted convention, δ0 < 0 corresponds to toe-in, i.e.
convergent wheels. In the model, δ0,F < 0 and δ0,R = −δ0,F > 0 are imposed.

The effect on vehicle balance can be interpreted through the equivalent cornering
stiffness of the axle, Cα. A static toe angle preloads the tires of an axle with opposite
slip angles: during cornering, the inner and outer wheels operate at different values of α,
and, due to the progressive saturation of the Fy(α) characteristic, the useful net lateral
force of the axle changes. Toe-in tends to increase the effective Cα of the axle at small
slip angles, since the wheels oppose lateral deviation, whereas toe-out tends to reduce
it.
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By applying the understeer-gradient relation

Kus =
m

L

(
b

CαF
− a

CαR

)
, (5.8)

the resulting behavior can be inferred as follows:

Toe-in Toe-out

Front axle Kus ↓ Kus ↑
Rear axle Kus ↑ Kus ↓

Table 5.2: Effect of static toe on the understeer gradient Kus.

The adopted configuration, with front toe-in and rear toe-out, therefore shifts the ve-
hicle balance towards oversteer on both axles, favoring turn-in responsiveness over di-
rectional stability. This choice is particularly relevant in the considered operating environ-
ment, where rapid heading correction and maneuverability are prioritized.
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Figure 5.4: Simulink computation of the wheel-center velocities and tire slip angles: the
chassis states (u, v, r) and the per-wheel steering angles are combined to obtain the
velocity components at each wheel center and the slip angles αw fed to the tire model.
Located at swarm_phase_5/(Agent)/(vehicle)/PLANT/VEHICLE8DOF/VelocitaCen
triRuotaeAngolidiDeriva
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5.5 Tire–Terrain Interaction

The tire–terrain interaction is a central component of the 8-DOF vehicle model. It defines
the mechanism through which each wheel generates longitudinal and lateral forces as a
function of the local operating conditions, namely slip ratio, slip angle, vertical load and
terrain-dependent friction. Therefore, this subsystem provides the physical link between
the vehicle dynamics, the control inputs and the semantic terrain map.
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Figure 5.5: Tire–Terrain Interaction main architecture. Located at swarm_phase_5/(Ag
ent)/(vehicle)/PLANT/VEHICLE8DOF/InterazionePneumaticiTerreno/Pneumati

coFL; an identical structure is also present for the FR, RL and RR wheels.

while the first block calculates the slip using the formula

σ =


1− Vx

ωR
if ωR ≥ Vx (traction, σ ≥ 0)

ωR

Vx
− 1 if ωR < Vx (braking, σ < 0)

(5.9)

including through the use of ϵ to avoid division by zero, it is more interesting to briefly
analyze what happens in the other two blocks.

5.5.1 Tire Model

Tire forces are computed using a tire model dependent on slip angle, slip ratio, vertical
load, and friction coefficient. The terrain friction coefficient is obtained from the terrain
map and used to scale tire force generation.
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The generic dependency can be written as:

Fx = fx(σ, α, Fz, µ) (5.10)

Fy = fy(σ, α, Fz, µ) (5.11)

where σ is the longitudinal slip ratio, α is the slip angle, Fz is the vertical load, and µ
is the local friction coefficient.
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Figure 5.6: Main architecture of Pacejka Magic Formula contact forces block. Located at
swarm_phase_5/(Agent)/(vehicle)/PLANT/VEHICLE8DOF/InterazionePneumatici

Terreno/CalcoloFORZALATERALE&LONGITUDINALE(PneumaticoTerreno); an identical
structure is also present for the FR, RL and RR wheels.

5.5.2 Relaxation Length

The tire is not an instantaneous force transducer: the carcass possesses structural stiff-
ness ki and viscous damping, and the contact force is established only after the tread
has traveled a certain distance. The elastic component determines the relaxation length
Li (i = x, y), while the viscous component damps the transient.
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kr

kθ

kz

Figure 5.7: Schematic representation of tire elasticities: radial (kr), tangential (kθ), and
axial (kz).

The lag is modeled by a first-order differential equation in which the instantaneous
force Fi tracks the steady-state value Fi,Pacejka provided by the Magic Formula

τi Ḟi + Fi = Fi,Pacejka ⇐⇒ Fi = Fi,Pacejka − τi Ḟi, i = x, y. (5.12)

The time constant is the ratio of the relaxation length to the rolling speed, a value common
to both directions, since the phenomenon is governed by the distance traveled

τi =
Li
Vx
. (5.13)

Assuming the carcass stiffness ki is independent of forces, speed, and deformation, the
relaxation length is the ratio of the cornering stiffness Ci to the structural stiffness

Li =
Ci
ki
, Cx =

∂Fx
∂σ

∣∣∣∣
0

, Cy =
∂Fy
∂α

∣∣∣∣
0

. (5.14)

The ratio Fi/ki, on the other hand, represents the carcass deformation within the contact
patch, a quantity distinct from, and generally much smaller than, Li. In response to a step
input (driving torque for Fx, steering angle for Fy), the solution is an exponential function
that approaches an asymptote. Fi,Pacejka:

Fi(t) = Fi,Pacejka
(
1− e−t/τi

)
. (5.15)

The slope at the origin isFi,Pacejka/τi—inversely proportional to τi—and the corresponding
tangent intersects the asymptote exactly at t = τi. After 5τi, the force has reached 99.3%

of the steady-state value, and the transient phase is considered complete.
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Figure 5.8: Schematic representation of tire relaxation.
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Figure 5.9: tire force response to a step input: first-order exponential behavior with time
constant τi = Li/Vx. The tangent at the origin intersects the asymptote at t = τi; after
5τi, the transient is considered exhausted (99.3%).

5.6 Roll Dynamics and Load Transfer

Roll dynamics are relevant in off-road conditions because lateral slope, steering maneu-
vers, and transient lateral acceleration can modify the vertical load distribution.

A simplified roll equation can be expressed as:

Ixϕ̈+ Cϕϕ̇+Kϕϕ =Mϕ (5.16)

where Ix is the roll inertia, Cϕ is the roll damping coefficient, Kϕ is the roll stiffness,
and Mϕ is the roll moment.

The physical origin of this equation is illustrated by the free-body diagram of the sprung
mass in Figure 5.10. The body is free to rotate by the roll angle ϑ about the roll center
RC, and the distance between RC and the center of gravity G is denoted Hroll. The
inertial contributions may,G and maz,G, the weight mg and the roll-inertia couple IxGϑ̈
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are balanced by the elastic and viscous reaction Kϑ+Cϑ̇ of the suspension and by the
constraint forces Fy,RC and Fz,RC transmitted at the roll center.

Vertical load transfer affects tire force availability and therefore the dynamic behavior
of the vehicle. Figure 5.11 shows the corresponding axle free-body diagram. The roll
moment Mr and the force Fy,RC acting at the roll center, together with the roll-center
height HRC and the track width T , produce a lateral load transfer ∆Fz,lat that adds to or
subtracts from the static wheel loads Fz,st, increasing the vertical force on the outer wheel
and reducing it on the inner one.

Hroll

n̂

t̂

z

yGmay,G

mg +maz,G ≈ mg

IxG ϕ̈

ϕ, ϕ̇, ϕ̈

K C

RC

Kϕ+ Cϕ̇

Fy,RC

Fz,RC

k⃗

j⃗
i⃗

Figure 5.10: Free-body diagram of the sprung mass in roll motion. The body rotates by
the roll angle ϕ about the roll center RC; the suspension is modeled by the roll stiffness
K and the roll damping C.
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Figure 5.11: Free-body diagram of the axle. The roll moment Mr and the lateral force
Fy,RC at the roll center, the roll-center height HRC and the track width T determine the
lateral load transfer ∆Fz,lat on the two wheels.
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Figure 5.13: Simulink implementation of the roll dynamics and lateral load transfer: the
roll state (φ, φ̇) is integrated from the lateral acceleration through the suspension stiffness
and damping, and redistributes the vertical loads Fz between the left and right wheels.
Located at swarm_phase_5/(Agent)/(vehicle)/PLANT/VEHICLE8DOF/CalcoloForz
eNormali.

5.7 Double Track 3DOF Model

Figure 5.14 shows the double track vehicle model in the horizontal plane, described in
the body-fixed reference frame centered in the center of gravity G. Each tire exchanges
with the ground a longitudinal force Fx,i and a lateral force Fy,i, expressed in the wheel
reference frame rotated by the steering angle δi, while the aerodynamic drag Faero acts
along the longitudinal direction for sake of simplicity.
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Figure 5.14: representation of double-track model

Thanks to this free body diagram is possible to write the translation equation balance

ax =
1

M

[
(Fx,FL + Fx,FR) cos δF + (Fx,RL + Fx,RR) cos δR − (Fy,FL + Fy,FR) sin δF+

− (Fy,RL + Fy,RR) sin δR − 1

2
ρCxSfu

2sgnu

]
(5.17)

ay =
1

M

[
(Fx,FL + Fx,FR) sin δF + (Fx,RL + Fx,RR) sin δR+

+ (Fy,FL + Fy,FR) cos δF + (Fy,RL + Fy,RR) cos δR

]
(5.18)

And the rotation equation balance

ψ̈ =
1

Jz

{
Tf
2

[
(−Fx,FL + Fx,FR) cos δF + (Fy,FL − Fy,FR) sin δF

]
+

+
Tr
2

[
(−Fx,RL + Fx,RR) cos δR + (Fy,RL − Fy,RR) sin δR

]
+

+ a
[
(Fx,FL + Fx,FR) sin δF + (Fy,FL + Fy,FR) cos δF

]
+

− b
[
(Fx,RL + Fx,RR) sin δR + (Fy,RL + Fy,RR) cos δR

]}
(5.19)

Since the body frame rotates with the vehicle, it is not inertial and the acceleration of G
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must account for the rotation of the unit vectors τ⃗ and n⃗:

a⃗ = axτ⃗ + ayn⃗ =
(
u̇− ψ̇ v

)
τ⃗ +

(
v̇ + ψ̇ u

)
n⃗ (5.20)

so that, once ax, ay and ψ̇ are known from the equations of motion, the velocity compo-
nents of the center of gravity are obtained by integration:

u =

∫ (
ax + ψ̇ v

)
dt, v =

∫ (
ay − ψ̇ u

)
dt. (5.21)

5.8 Terrain Grade and Bank in Vehicle Coordinates

The terrain slope is initially expressed in the global frame as sx and sy and is called Grade
and Bank respectively. It is transformed into the vehicle body frame using the heading
angle ψ:

sx,b = sx cosψ + sy sinψ (5.22)

sy,b = −sx sinψ + sy cosψ (5.23)

The grade affects traction and required propulsion force, while bank affects roll equi-
librium and vertical load distribution.
As shown in Figure 5.15, the z-gradient information for each (x, y) coordinate on the map
is first read from a lookup table based on the vehicle’s position; it is then expressed in the
vehicle’s local reference frame using a rotation matrix that applies a rotation of ϕ.
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Figure 5.15: Simulink implementation of map gradient measuring. Located at swarm_ph
ase_5/(Agent)/(vehicle)/PLANT/get\_values/LookupTables.

5.9 SPM Motor Model

The vehicle is propelled by four identical in-wheel electric motors, one per wheel, each
connected to its wheel through a fixed reduction of ratio 10 : 1. For sake of simplicity
the transmission efficiency is considered 1. The machine is a SPM synchronous mo-
tor, a common choice for compact electric vehicles because of its high torque density
and efficiency. The rated quantities of each motor are a peak power of 7.5 kW and a
continuous power of 3.25 kW, with a peak torque of 15Nm and a nominal (continuous)
torque of 7.5Nm; at the vehicle level the four units therefore provide a total peak power of
30 kW and a total peak motor torque of 60Nm. Through the 10 : 1 reduction each motor
turns ten times faster than its wheel and the wheel torque is ten times the motor torque
(transmission losses neglected), so the peak torque available at each wheel is 150Nm.

59



Chapter 5. Vehicle Dynamics Model

5.9.1 Torque–Speed Characteristic

Like every electric machine, the motor exhibits two distinct operating regions, shown in
Figure 5.16. Below the base (or corner) speed the limiting quantity is the maximum torque
the machine can produce, so the torque envelope is flat: this is the constant-torque re-
gion. Above the base speed the limiting quantity becomes the maximum power, and the
available torque decays hyperbolically as T = P/ω: this is the constant-power (field-
weakening) region. Two envelopes are defined for each in-wheel unit: the peak envelope
(Tpeak = 15Nm, Ppeak = 7.5 kW), which the motor can sustain only transiently, and the
continuous envelope (Tnom = 7.5Nm, Pnom = 3.25 kW), set by the thermal limit. Fig-
ure 5.17 reports the corresponding power–speed curves.
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Figure 5.16: SPM motor torque–speed map of one in-wheel motor: torque delivered at the
motor shaft versus motor speed, for accelerator openings from 0 to 100%. The dashed
line is the continuous (thermal) torque envelope Tnom.
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Figure 5.17: SPM motor power–speed map of one in-wheel motor: mechanical power
delivered at the motor shaft versus motor speed, for accelerator openings from 0 to 100%.
The dashed line is the continuous power envelope Pnom.

5.9.2 Slip-Based Torque Cut-Off

The engine block does not feed the accelerator command directly to the motor map:
the driver request is scaled by a multiplicative factor produced by a PI regulator acting
on the wheel slip error e = σ⋆ − σ, where σ⋆ = 0.10 is the target slip and σ is the
measured longitudinal slip (Fig. 5.18). With gains Kp = 4 and Ki = 15, the PI output is
clamped to the interval [0, 1] and its integrator is initialized at unity, so at start-up the loop
is transparent and the full pedal command reaches the motor. While σ < σ⋆ the error is
positive, the output saturates at one and the anti-windup clamping prevents the integrator
from accumulating; as soon as σ exceeds the threshold the error becomes negative, the
factor drops below unity and the effective throttle, hence the requested motor torque, is
reduced until the slip returns to the admissible range. The scaled command drives the
second input of the motor map, whose first input is the motor speed reconstructed from
the wheel angular velocity through the gain gear_ratio · 60/(2π); the map output is finally
multiplied by the gear ratio to yield the wheel torque Cm.
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Figure 5.18: Simulink implementation del blocco motore e del cutoff mediante un control-
lore PI. Located at swarm_phase_5/(Agent)/(vehicle)/PLANT/ENGINE.

The plots of the driving torques for each wheel are shown in Figure 5.19. Comparing
these with Figure 6.19 and Figure 5.30, it can be seen that while the throttle is at 100%
opening, the torque drops into the flux-weakening region because the angular velocity
of the wheels is increasing. Furthermore, the cut-off action on vehicle ID1 is visible at
certain moments.
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Figure 5.19: Driving torque at each wheel for vehicles 1, 2 and 3.

5.10 Wheel Rotational Dynamics

Figure 5.20 shows the free-body diagram of a single wheel and the adopted torque sign
convention. The wheel is subjected to the driving torque Tm, the braking torque Tb, as-
sumed positive but acting in the opposite direction with respect to the driving torque, the
longitudinal tire force Fx, the vertical load Fz, and the rolling-resistance effect associated
with the longitudinal offset ∆x of the normal reaction. For each wheel, the simplified
rotational balance implemented in the model is written as

Jw ω̇ = Tm − Tb − FxR0, (5.24)
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where Jw is the wheel rotational inertia, ω is the wheel angular velocity and R0 is the
effective rolling radius. The equation is integrated to update the wheel speed ω, which is
then used to compute the longitudinal slip ratio.

V

ω

Cm

Cf
Irω̇

Fx

Fz∆x

Rr

Rc

Figure 5.20: free body diagram of the single wheel

All of this is represented schematically in Simulink using the block in Figure 5.21
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Figure 5.21: Simulink implementation of the wheel free body diagram. Located at swar
m_phase_5/(Agent)/(vehicle)/PLANT/VEHICLE8DOF/DinamicaRotazionaleRuot

e(EBD\&ABS)/DinamicaRuotaFL; an identical block is also present for the FR, RL and
RR wheels.

Sensors regulating braking — specifically EBD and ABS, discussed in detail in Sec-
tion 5.10.1 and 5.10.2 — are connected to the wheels; the effects of these systems are
shown in Section 5.12.

64



5.10. Wheel Rotational Dynamics

5.10.1 EBD

The effect of the EBD block is fairly intuitive: the braking effort commanded to each wheel
is distributed in proportion to the vertical load Fz available at that wheel. As a result, both
under straight-line braking and while cornering, a larger share of brake pressure is sent
to the wheels that can actually sustain more braking force.

This follows directly from the fact that the longitudinal force Fx transmitted to the
ground, and hence the deceleration it produces, depends on Fz: the higher the verti-
cal load, the higher the peak Fx the tire can generate. This dependency is clearly visible
in the Fx-σ curves obtained from Pacejka’s Magic Formula, shown qualitatively for two
values of Fz in Figure 5.22.

Fx

σ

Fz ↑

Figure 5.22: Qualitative trend of Fx as a function of the slip σ, for different values of Fz.

To formalize this idea, for each wheel i ∈ {FL, FR,RL,RR} the maximum friction
force it can locally sustain is estimated as

gi = µiFz,i,

where µi and Fz,i are respectively the estimated friction coefficient and the vertical load
at wheel i. Summing this quantity over the four wheels gives the total braking capacity
currently available to the vehicle,

G =
∑
i

gi =
∑
i

µiFz,i;

a saturation block is placed on G to prevent division by zero whenever all four wheels
are close to zero load, for instance during a wheel lift-off event. The share of the overall
braking capacity attributable to wheel i is then simply

ξi =
gi
G

=
µiFz,i∑
i µiFz,i

,
∑
i

ξi = 1,
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and it is precisely this weight that is used to split the driver’s overall braking demand
among the four wheels: the brake torque coefficient assigned to wheel i is

Cf,i = 1.5 ξi (%brake).

The logic of the subsystem, shown in Figure 5.23, is therefore to redistribute the total
braking demand%brake in proportion to the friction force each wheel can actually sustain,
so that more loaded or higher-grip wheels receive a correspondingly larger share of the
braking torque.
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Figure 5.23: Simulink implementation of the EBD. Located at swarm_phase_5/(Agent)
/(vehicle)/PLANT/VEHICLE8DOF/DinamicaRotazionaleRuote(EBD\&ABS)/Dinami

caRuotaFL/EBD; an identical block is also present for FR, RL and RR.

The constant gain of 1.5, with units of Nm/%brake, is what converts the scaled per-
centage braking demand into the actual brake torque Cf . Its value follows directly from
the input and output ranges chosen for the model: the extreme, full-braking value of the
accelerator/brake signal was set to −500, while the maximum admissible brake torque
per wheel was set to 750 Nm, five times the maximum drive torque per wheel. The ratio
between these two extreme values, 750/500, is exactly 1.5, which is the gain applied at
the output of the subsystem.

5.10.2 ABS

The braking logic adopted here is a simplified surrogate for an anti-lock braking system
rather than a faithful reproduction of one. It keys the three operating modes (apply, hold,
release) directly to the wheel slip, switching to release once the slip drops below σrel

and holding the previous demand throughout the intermediate band down to σhold. This
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formulation is convenient in simulation, where the slip is readily available from the vehicle
model, but it departs from how a physical controller operates.

A production ABS does not act on real slip at all, since slip presupposes knowledge
of the absolute vehicle speed, which cannot be measured directly on a braking vehicle
and would itself have to be estimated. Instead it monitors the angular acceleration of
each wheel, obtained by differentiating the wheel speed signal. A release is triggered
when the wheel decelerates too sharply, typically beyond about −100 rad/s2, signaling
incipient lock; the brake pressure is then held and re-applied once the wheel spins back
up past a positive acceleration threshold. The decision variable is therefore the angular
acceleration of the wheel rather than the slip, which makes the scheme independent of
any vehicle-speed estimate.

The two formulations also differ in their temporal behavior. A real ABS operates as a
limit cycle, modulating each wheel at roughly 8 to 15Hz with markedly asymmetric phase
durations: the release phase is very short, on the order of 20 to 50ms, after which the
controller returns to apply and attempts to build brake pressure again. The logic used
here reacts at every sample but imposes no such cycle. If the slip settles inside the hold
band it remains there indefinitely, whereas a physical controller would leave that state
and re-enter the apply phase to keep probing for additional braking effort.
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Figure 5.24: Simulink implementation of the ABS. Located at swarm_phase_5/(Agent)
/(vehicle)/PLANT/VEHICLE8DOF/DinamicaRotazionaleRuote(EBD\&ABS)/Dinami

caRuotaFL/ABS; an identical block is also present for FR, RL and RR.

The pseudocode for the ABS_logic function is as follows

1 function [target, flag] = fcn(brakes_in, slip, last_brake)

2 for i = 1 : num_wheels do

3 if slip[i] <= SLIP_RELEASE then // SLIP_RELEASE = -0.20

4 target[i] <- 0 ; flag[i] <- 2
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5 else if slip[i] <= SLIP_HOLD then // SLIP_HOLD = -0.12

6 target[i] <- last_brake[i] ; flag[i] <- 1

7 else

8 target[i] <- brakes_in[i] ; flag[i] <- 0

9 end

10 end

During the mission, the ABS did not engage for vehicles 1 and 3, whereas it activated for
vehicle 2, as shown in Figure 5.25.
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Figure 5.25: ABS flag report for each wheel of Vehicle 2: flag 0 = off, flag 1 = hold, flag
2 = release.

In a real mission on deformable terrain, the ABS thresholds would need to be recal-
ibrated so that the system activates at higher slip values. Under these conditions, the
longitudinal slip is also expected to oscillate within a wider range, since the tire–terrain
interaction is less regular and the available friction varies more significantly than on rigid
terrain.

5.11 4WS

Given the type of terrain, which will be very difficult to traverse in a real-world environment,
it is advisable to equip the vehicles with a 4WS system. Each agent does not steer the
front axle alone: the steering command produced by the path tracker is distributed to both
axles, so that the rear wheels also contribute to following the planned path. The two steer
angles are linked to a common steering input δ by two transmission ratios,

δ1 = K ′
1 δ, δ2 = K ′

2 δ, (5.25)
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where δ1 and δ2 are the front and rear steer angles, l = a+ b is the wheelbase, and a, b
are the distances of the center of gravity from the front and rear axles. The front ratio is
always positive, K ′

1 > 0, so the front wheels reproduce the steering input; the sign of the
rear ratio K ′

2 instead selects the steering phase. A negative ratio, K ′
2 < 0, steers the rear

wheels opposite to the front (out-of-phase), while a positive ratio, K ′
2 > 0, steers them in

the same direction (in-phase). This distribution is realized in the block of Figure 5.26.
The role of the two ratios is read directly from the steady-state response of the single-

track model. The yaw-rate and curvature gains depend on the difference K ′
1 −K ′

2,

r

δ
=
V

l

K ′
1 −K ′

2

1 +KV 2
, (5.26)

1

Rδ
=

1

l

K ′
1 −K ′

2

1 +KV 2
, (5.27)

where V is the forward speed, r the yaw rate, R the turn radius and K the stability
(understeer) factor; setting K ′

1 = 1 and K ′
2 = 0 recovers the classical front-steering

bicycle model. Out-of-phase steering makes K ′
1 − K ′

2 larger and therefore raises the
curvature, lateral-acceleration and yaw-rate gains: the vehicle turns on a tighter radius
and reacts more promptly to the input. This is the behavior sought at low speed and in
tight maneuvers, where a small turning radius and high agility matter most.

The sideslip-angle gain keeps the explicit dependence on both ratios,

β

δ
=
b

l

[
K ′

1 +K ′
2

a

b
− mV 2

l

(
aK ′

1

bC2

− K ′
2

C1

)]
1

1 +KV 2
, (5.28)

with m the vehicle mass and C1, C2 the cornering stiffnesses of the front and rear axles.
In a front-only vehicle the sideslip angle β grows increasingly negative with speed, so
the rear of the body swings towards the outside of the corner. In-phase rear steering
introduces a positive contribution that opposes this term and drives β towards zero. At
high speed this becomes the dominant requirement: keeping the body aligned with its
velocity vector suppresses the rear-end slip and damps the yaw response, so that a lane
change is executed in a stable and predictable way rather than as a rotation about the
center of gravity.

The two regimes are complementary, and the rear ratio is scheduled with speed to ex-
ploit both, moving from a negative low-speed value to a positive high-speed value through
a logistic (sigmoid) blend,

K ′
2(V ) = K ′

2,lo +
(
K ′

2,hi −K ′
2,lo

)
σ(V ), σ(V ) =

1

1 + e−(V−Vc)/∆V
, (5.29)

with K ′
2,lo = −0.4, K ′

2,hi = 0.3, crossover speed Vc = 10 m/s and transition width ∆V =

2.22 m/s. The sigmoid provides a bounded, monotonic and continuously differentiable
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reversal of phase across Vc, so that K ′
2 → −0.4 at low speed (out-of-phase, agility) and

K ′
2 → 0.3 at high speed (in-phase, stability), with no abrupt change in the rear steer

angle. The front ratio is reduced only mildly with speed,

K ′
1(V ) = 1− 0.3 min

(
V

Vsat
, 1

)
, Vsat = 28 m/s, (5.30)

decreasing from 1 at standstill to 0.7 above Vsat, which partially compensates the growth
of the yaw-rate gain with speed in (5.26).

The constants in (5.29) and (5.30) were chosen empirically, so that the resulting steer
angles stay within the physical range of the steering actuators over the whole operating
speed range. A closed-form tuning, for instance from the constant-yaw-rate-gain criterion,
would require the cornering stiffnesses C1, C2 of the tires on the actual off-road terrain:
reliable Pacejka coefficients for off-road tires are not available and cannot be obtained
from tire suppliers, so the analytical route is not viable and the parameters are fixed by
simulation instead.
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Figure 5.26: Simulink implementation of the 4 Wheel Steering system. Located at swar
m_phase_5/(Agent)/(vehicle)/PLANT/VEHICLE8DOF/4WS.

The plots of the wheel steering delta are shown below in Figure 5.27, to be compared
with Figure 6.14.
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(d) Wheel steering angles — Vehicle 2
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(f) Wheel steering angles — Vehicle 3

Figure 5.27: Steering-wheel command and wheel steering angles for each wheel of ve-
hicles 1, 2 and 3.

5.12 Vehicle Dynamics Results

The mission is now examined from the vehicle-dynamics side.
The plots are mutually consistent: an increase in ω is matched by an increase in ucr

as well. The time variation of Fz, together with the fact that it differs across all four wheels,
confirms the effectiveness of the 8-DOF model.

The slip values always remain between −0.2 and 0.2, thanks to the cutoff of Sec-
tion 5.9.2: regarding traction (σ > 0), for Vehicle 1 the slip rises between 20 and 25 s, and
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the cutoff can be seen acting on the same vehicle at the same instants, reducing Cm in
the plot of Figure 5.19.

At t = 15 s the effect of the obstacle-brake block is visible, which acts on Vehicles 2
and 3: its effect can be seen in Figure 6.9. Indeed, at that instant (t = 15 s, as established
in Section 7.1), for Vehicles 2 and 3 one can observe a jump in Fx, a load transfer in Fz,
and an increase in the absolute value of the slip σ.

As for braking, on the other hand, Figure 5.25 shows the effect of the ABS on Vehicle 2:
in the same instants in which the plot of Figure 5.25 is non-zero, the slip is seen to reach
a value of about −0.2 without ever exceeding it. For Vehicle 3, instead, the slip varies
within a range that is entirely acceptable for this type of simulation.
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(a) Longitudinal wheel-center velocity ucr ID1
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(b) Lateral wheel-center velocity vcr ID1
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(c) Longitudinal wheel-center velocity ucr ID2
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(d) Lateral wheel-center velocity vcr ID2
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(e) Longitudinal wheel-center velocity ucr ID3
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(f) Lateral wheel-center velocity vcr ID3

Figure 5.28: Longitudinal and lateral wheel-center velocity components for vehicles 1, 2
and 3.
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(b) Lateral tire force Fy — ID1
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(d) Lateral tire force Fy — ID2
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(e) Longitudinal tire force Fx — ID3
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(f) Lateral tire force Fy — ID3

Figure 5.29: Longitudinal and lateral tire forces for vehicles 1, 2 and 3.
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(a) Wheel angular velocities ω — ID1
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(b) Wheel slip angles α — ID1
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(c) Wheel angular velocities ω — ID2
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(d) Wheel slip angles α — ID2
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(e) Wheel angular velocities ω — ID3
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(f) Wheel slip angles α — ID3

Figure 5.30: Wheel angular velocities and wheel slip angles for vehicles 1, 2 and 3.
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(a) Longitudinal slip ratio — Vehicle 1
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(b) Tire vertical force Fz — Vehicle 1
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(c) Longitudinal slip ratio — Vehicle 2

0 5 10 15 20 25 30 35 40
t [s]

0

1000

2000

3000

4000

5000

6000

F z [N
]

FL
FR
RL
RR

(d) Tire vertical force Fz — Vehicle 2
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(e) Longitudinal slip ratio — Vehicle 3
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(f) Tire vertical force Fz — Vehicle 3

Figure 5.31: Wheel longitudinal slip ratios and tire vertical forces Fz for vehicles 1, 2 and
3.
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Chapter 6

Path Planning, Swarm Control and
Speed Governance

6.1 Overview

This chapter describes the control systems that enable the UGV swarm to navigate the
map autonomously. The navigation architecture combines dynamic leader election, global
path planning, formation generation, path tracking, and speed reference management.
The results and plots here also refer to the simulation shown in 7.2. With reference to
Fig 3.2, the following sections will analyze the operation of the Planner and the controllers
within the Vehicle subsystem.

6.2 Dynamic Leader Election and Followers Ranking

The leader role is not assigned statically: at every supervisory step a ranking mechanism,
executed identically on every agent, elects as leader the vehicle currently best placed
to reach the goal. The elected leader computes a global path toward the goal, while
the followers receive target positions defined relative to the leader and generate their
own local paths toward these targets. At every supervisory tick each agent executes, in
order, two decision blocks — the ranking described in this section and the path planner
of the following sections. They share an identical input/output contract: they read the
shared_bus and write to the agent’s own bus. This slow task carries every decision that
does not need the fast integration rate, keeping the high-frequency loop light.

The philosophy is simple: the agent that is best placed to reach the goal should lead.
Leadership is therefore not hard-wired but earned each tick from a performance score
that blends two normalized terms with fixed weights,

sk = Wdist
dk

maxj dj
+Weta ẼTAk, Wdist = 0.70, Weta = 0.30, (6.1)
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where dk is the distance of agent k from the goal and the second term is the radial ETA
— the time-to-goal dk/vrad,k obtained by projecting the agent’s velocity onto the line of
sight to the target. The ETA is considered reliable only if the closing speed exceeds
V_RAD_EPS = 0.2m/s; it is normalized by the largest valid ETA in the fleet and saturated
at ETA_BAD_NORM = 2, so that a stalled, lateral-moving or receding vehicle receives a
moderate — not infinite — penalty and the ETA term can never overwhelm the 70/30

weighting. A vehicle driving straight at a nearby goal scores low (good); sorting the scores
in ascending order yields the ranking, with rank = 1 denoting the leader. To suppress
frequent role chatter, a hysteresis band is applied: a ranking that differs from the previous
one is committed only if the gap between the two best scores exceeds a fraction HYST_FRAC

= 0.20 of the runner-up score; otherwise the previous ranking is held (persistent state).

1 function ranking = classifica(bus, goal)

2 // --- 1. distance and radial ETA of every agent

3 for k = 1 : num_vehicles do

4 d[k] <- || goal - pos[k] ||

5 u_los <- (goal - pos[k]) / d[k] // unit line-of-sight

6 v_rad <- dot( vel[k], u_los ) // closing speed

7 if v_rad > V_RAD_EPS then // V_RAD_EPS = 0.2 m/s

8 eta[k] <- d[k] / v_rad ; valid[k] <- true // radial ETA

9 else

10 valid[k] <- false // stalled, lateral or receding

11 end

12 end

13

14 // --- 2. normalized weighted score (low = better)

15 for k = 1 : num_vehicles do

16 d_norm <- d[k] / max(d)

17 if valid[k] then

18 eta_norm <- min( eta[k] / max_valid(eta), ETA_BAD_NORM ) // cap = 2

19 else

20 eta_norm <- ETA_BAD_NORM // moderate, non-infinite penalty

21 end

22 score[k] <- W_DIST * d_norm + W_ETA * eta_norm // 0.70 / 0.30

23 end

24

25 [sorted, idx] <- sort(score, 'ascend')

26 new_rank <- ids(idx)

27

28 // --- 3. hysteresis: commit a different order only on a clear gap

29 if new_rank == prev_rank then
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30 ranking <- new_rank

31 else if | sorted(2) - sorted(1) | < HYST_FRAC * sorted(2) then

32 ranking <- prev_rank // near-tie: chatter guard

33 else

34 ranking <- new_rank ; prev_rank <- new_rank

35 end

36 end
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Figure 6.1: The classifica MATLAB Function block inside Agent.slx. located at sw
arm_phase_5/(Agent): inputs are the broadcast ValuesBus and the goal position; the
output ranking vector is shared with the planner gate, the collision check and the path
trackers.

Figure 6.2 reports the ranking signal logged during a representative mission. Only
the signal computed on board vehicle 1 is shown, because the three vehicles produce
identical ranking signals: every agent runs the same classifica routine on the same
broadcast state and therefore reaches the same ordering. Computing the ranking inde-
pendently on every vehicle, rather than only on the leader, is a deliberate design choice
in view of a future communication model with latency and packet loss. Should a vehi-
cle lose contact with the leader, it would still know its own ranking and could elect itself
leader. Having two leaders is far preferable to having one leader and a vehicle that no
longer knows where its leader is: in the worst case the two leaders each run their own
A* — expensive computationally, but the swarm keeps advancing and no vehicle is left
behind.
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Figure 6.2: Swarm ranking logged on board vehicle 1 during a representative mission;
the ranking signals of the three vehicles are identical.

6.3 Global Planner

The global planner produces the route the elected leader follows toward the mission goal.
It runs the A* algorithm on the precomputed cost map of Section 4.7 — updated accord-
ingly to what has been explored — scoring every node through f(n) = g(n)+h(n), where
g(n) is the accumulated terrain cost defined by that map and h(n) is an admissible esti-
mate of the residual distance to the goal. Planning is centralized on a single agent — only
the vehicle holding rank == 1 runs the search, the others derive their reference from the
formation logic — and it is carried by the slow planner task rather than the fast integration
loop, so its cost is decoupled both from the swarm size and from the plant rate.

The planner is wrapped by the SwarmPlannerMATLAB Function block (Fig. 6.3), whose
input and output ports are bound to the fixed vehicle slots id1, id2, id3, because Simulink
requires ports of fixed size and order.

80



6.3. Global Planner

VEHICLEPLANNER

ValuesBus

goal

ranking

Ranking

1

dati	from	vehicles

2 comm	from	leader

1

plot	data

2

comm	to	followers

3

data	out

ValuesBus

id

ranking

PlannerOutBusSingle

goal_flag

pct_known

SwarmPlanner

vehicle
planner

ValuesBus

id

ranking

total_values
accel&sterzo
wheel_data

h_err
psi_err

obs_flag
hold_flag
mu_next
uk_ratio

ABS_flag
v_ref_raw
v_ref_fil

Vehicle

GOAL

ID

id

Bus

my_planner_data

select_path

1

2

*,	3

STOP

plotsingle
ranking

<com_from_1>

<com_from_2>

<com_from_3>

PlannerPath

pct_known

PlannerPath

psi_err
heading_err
WheelData
AccelSterzo
values

obstacle_brake_flag
hold_flag
mu_next
unknown_ratio
ABS_flag
v_ref_raw
v_ref_filteredFigure 6.3: The SwarmPlanner MATLAB Function block, located at swarm_phase_5/(Ag

ent): inputs are the broadcast ValuesBus, the id of the vehicle and the position in the
ranking; the outputs include a flag which stops the Simulink simulation, pct_known which
is the observed cells, and the planned trajectories for leader and followers.

Leadership, however, is dynamic: the vehicle holding rank == 1 changes from tick to
tick (Section 6.2), so the block must route the search to whichever vehicle is currently the
leader, and not blindly to id1. It does so in three steps. A rank-1 gate first lets only the
elected leader run the search — a vehicle whose own id differs from ranking(1) returns a
neutral, zero-path bus. The leader then calls swarm_planner_rank_to_id, which reorders
the three fixed-slot states into ranking order so that the planner always receives the leader
as its first argument; on return, the rank-ordered output buffers are scattered back onto the
fixed id1/id2/id3 slots by write_rank_slot_to_id_slot. The very same remap governs
the follower references: should the ranking change between two ticks, the path-to-vehicle
assignment follows automatically, with no special case inside the planner.

1 function out_bus = SwarmPlanner(values_bus, self_id, ranking) // Simulink

block, fixed id1/id2/id3 ports

2 out_bus <- neutral_bus // zero paths, mu_next = 1

3 if ranking(1) ~= self_id then return end // rank-1 gate: only the

leader plans

4 states_id <- read_fixed_slots(values_bus) // states in fixed id order:

id1, id2, id3

5 buf_id <- swarm_planner_rank_to_id(states_id, ranking, L, N_REPLAN)

6 out_bus <- unpack_to_id_slots(buf_id) // id1/id2/id3: path + mu_next +

unknown_ratio

7 end

8

9 function buf_id = swarm_planner_rank_to_id(states_id, ranking, L, N_REPLAN)

10 states_rank <- states_id( ranking, : ) // reorder so the leader is the

first argument
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11 buf_rank <- swarm_planner_helper2(states_rank, L, N_REPLAN) // plan in

ranking order

12 buf_id <- scatter_rank_to_id(buf_rank, ranking) // map each rank

back to its id slot

13 end

The helper function is so structured: the reordered call lands in swarm_planner_helper2,
the routine that performs the actual work. Reading the shared map and scenario from
the model workspace, it:

(i) refreshes the shared perception — each of the three vehicles marks a disc of radius
Rvis as known and compacts the soil under its footprint, through update_friction_map,
modeling the multipass stiffening of µ towards µmax;

(ii) forms the per-step cost map by copying map.cost_all and overlaying the unknown-
cell penalty from Table 4.2;

(iii) runs the A* search, astar_path, for the leader — but only once every N_REPLAN= 2

ticks (0.2 s at the 0.1 s planner rate, tunable in swarm_phase_5/(Agent)/SwarmPl

anner), reusing the last valid path in between;

(iv) de-stairs the raw grid path with a shape-preserving spline, smooth_path_spline

(pchip);

(v) builds the follower references from the rigid formation offsets, make_follower_path,
falling back to select_local_heading when the direct ray is blocked;

(vi) emits the look-ahead telemetry, mu_next and unknown_ratio, consumed by the speed
governor.

The flat buffer it returns is exactly what swarm_planner_rank_to_id scatters back to
the fixed ID slots. Finally, the planner emits two look-ahead signals per vehicle for the
speed governor:

• mu_next, the friction of the first known cell on the path beyond 0.9Rvis (defaulting to
a conservative 0.3 when no value is available);

• unknown_ratio, the fraction of unknown cells inside a frontal box (side ≈ 2.29Rvis)
aligned with the vehicle heading.

These let the governor slow down ahead of low-grip patches and unexplored terrain.

1 function planner_out = swarm_planner_helper2(states_rank, L, N_REPLAN) //

states_rank(1) = leader
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2

3 // --- 1. shared perception (vision + soil compaction), all 3 vehicles

4 for i = 1 : num_vehicles do

5 mark_known( map.known, pos[i], R_vis ) // disc of perceived cells

6 map.mu <- update_friction_map( map.mu, footprint[i] ) // mu -> mu_max

7 end

8

9 // --- 2. per-step cost map = precomputed map + unknown overlay

10 cost_local <- map.cost_all // local copy, no rebuild

11 cost_local[~map.known] <- cost_unknown // 1e3 (>> base class costs)

12

13 // --- 3. A* for the leader, every N_REPLAN = 2 ticks; else reuse last path

14 if replan_due then

15 raw_path <- astar_path( pos_leader, goal, cost_local, map, scenario )

16 leader_path <- smooth_path_spline( raw_path, ds = 1 [m], 'pchip' ) // de-

stair

17 end

18

19 // --- 4. follower references: rigid formation in the leader frame

20 R <- rot( psi_leader )

21 for i = 2 : num_vehicles do

22 p_target <- pos_leader + R * offset_body[i] // rigid formation target

23 if ray_free( pos[i] -> p_target, map, step = 4 [m] ) then

24 follower_path[i] <- segment( pos[i] -> p_target, ds = 1 [m] )

25 else // direct ray blocked

26 theta <- select_local_heading( pos[i], p_target, map )

27 follower_path[i] <- ray( pos[i], theta, len = min(d, lookahead), ds = 1 [m]

)

28 end

29 end

30

31 // --- 5. look-ahead telemetry for the speed governor

32 for i = 1 : num_vehicles do

33 mu_next[i] <- mu( first known cell on path beyond 0.9*R_vis )

34 unknown_ratio[i] <- (#unknown cells in frontal box) / (#cells in box)

35 end

36 end
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6.3.1 The A* Search

Operationally, the search runs on a grid downsampled to grid_res_m= 4m, coarser than
the native map because the planner does not need meter-level detail. It maintains, over
the grid cells, the best known cost-to-come g and the priority f = g + h, together with
an open set of frontier cells and a closed set of settled ones. Each iteration extracts the
open cell of least f , closes it, and relaxes its 32 neighbors through Eqs. (6.2)–(6.3): a
neighbor is opened, or re-opened, whenever the candidate g improves on its stored value,
and the current cell is recorded as its parent. The loop terminates when the goal cell is
extracted — the route is then rebuilt by following the parent pointers back to the start — or,
defensively, when the open set empties (goal unreachable) or the cap max_iter= 5×104

is reached. Because the step cost already embeds both the terrain and the unknown-cell
penalties, the returned polyline is the minimum-cost route across the perceived map, not
merely the shortest one.

1 function path = astar_path(start, goal, cost, map, scenario)

2 downsample grid to grid_res_m ; locate start, goal cells (s, t)

3 g(:) <- +inf ; g(s) <- 0 ; f(s) <- heuristic(s, t) // octile distance

4 open <- { s }

5 while open not empty do

6 a <- argmin over n in open of f(n) // cheapest frontier cell

7 if a == t then return reconstruct(parent, t) end // goal reached

8 move a from open to closed

9 for each of the 32-neighbors b of a do

10 if b in closed or out_of_bounds then continue end

11 ds <- grid_res * sqrt(di^2 + dj^2) // true Euclidean step

length

12 g_try <- g(a) + ds * 0.5 * ( cost(a) + cost(b) ) // average of the

two cell costs

13 if g_try < g(b) then

14 parent(b) <- a ; g(b) <- g_try ; f(b) <- g_try + heuristic(b, t)

15 open <- open + { b }

16 end

17 end

18 if iter > max_iter then return empty end // safety cap = 5e4

19 end

20 return empty // open exhausted: unreachable

21 end
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Move cost. A* explores by expanding, from the current cell a, a set of reachable neigh-
bors b; reaching b through a accumulates the running cost-to-come

g(b) = g(a) + c(a, b), (6.2)

and the candidate is retained only if this g(b) improves on any value found earlier. The
move cost c(a, b) is the geometric length of the step multiplied by the average of the two
cell costs it connects,

c(a, b) = ∆
√
∆i2 +∆j2︸ ︷︷ ︸

step length

· 1
2

(
Ca + Cb

)︸ ︷︷ ︸
mean cell cost

, (6.3)

with ∆ the (downsampled) grid resolution and (∆i,∆j) the index offset of the move.
Averaging the departure and arrival costs charges a move for both the cell it leaves and
the cell it enters: stepping from a cheap cell onto an expensive one already costs the
mean of the two, so the planner feels a boundary one cell early instead of only upon
arrival. Note that the cost averaging, unlike the gradient calculated in Section 4.7, is not
performed logarithmically but is a standard average; this further discourages movement
toward very high-cost cells (obstacles), as their cost values will heavily dominate the
result.

Extended neighborhood. On a plain 8-connected grid the reachable headings are
quantized to multiples of 45◦, which forces the raw path into coarse staircases. To widen
the set of headings the search can express, the neighborhood is extended from the eight
axial and diagonal moves to a set of 32 moves, adding knight-like jumps up to (±3,±3)

(Fig. 6.4). Since the step length in Eq. (6.3) uses the true Euclidean offset
√

∆i2 +∆j2,
longer jumps are charged in proportion and none is implicitly favored by the discretiza-
tion. The extra moves add eight heading families — approximately 18.4◦, 26.6◦, 33.7◦,
56.3◦, 63.4◦, 71.6◦ and their mirrors — so the polyline can follow oblique corridors far
more closely before it is smoothed.
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n

8-connected moves (axial & diagonal)

knight-like moves, up to (±3,±3)

current cell n

Figure 6.4: Extended A* neighborhood evaluated when the current cell n is expanded.
Beyond the eight axial and diagonal steps (8-connected), the search also considers
knight-like jumps reaching up to (±3,±3), for 32 candidate moves in total. Each move is
charged its true Euclidean length in Eq. (6.3), so the richer heading set reduces staircas-
ing without biasing the search toward longer jumps.

In this way, for the same number of cells, the total cost decreases because the path
is shorter, but above all, more linear and offering a wider range of heading choices, as
shown in Figure 6.5.

start

finish

classic A* (8 neighbors)

start

finish

16-neighbors

start

finish

32-neighbors

Figure 6.5: Comparison between classic, 16-neighbors and 32-neighbors A* path plan-
ning algorithm.
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Heuristic. The heuristic adopted is the octile distance,

h(n) = ∆
(
max (|di|, |dj|) +

(√
2− 1

)
min (|di|, |dj|)

)
, (6.4)

where ∆ is the grid resolution and (di, dj) the index distance to the goal. The octile
distance is admissible on the plain 8-connected grid; with the extended knight-like moves
it can slightly overestimate the residual cost, so strict optimality is knowingly traded for
the finer heading resolution of the extended neighborhood.

The complete routine — the shared perception refresh, the unknown-cost overlay, the
periodic A* search, the smoothing and the follower references — is summarized below.

6.3.2 Path Smoothing

The path returned by A⋆ is a holonomic, grid-constrained, piecewise-axial polyline made
of unit steps along the extended neighborhood: its heading changes in discrete jumps
and its curvature is, strictly, undefined at the vertices. A vehicle cannot follow such a
reference cleanly, because the steering command is proportional to the path curvature
and would contain spikes at every vertex. The polyline is therefore smoothed and re-
sampled before it reaches the path tracker, which improves the curvature continuity of
the reference, the tracking accuracy, the smoothness of the steering command and the
compatibility with the vehicle dynamics.

The smoothing is performed in three stages by smooth_path_spline: a coarse uniform
re-sampling at an intermediate arc-length step Lres, a number n of Laplacian smoothing
passes with the two endpoints held fixed, and a final uniform re-sampling at the tracker
step ds.

1 function path = smooth_path_spline(path_in, ds_out)

2 if rows(path_in) < 3 then return path_in end // too short to

smooth

3 // --- 1. coarse uniform resample (intermediate scale)

4 p <- resample_uniform(path_in, L_resample) // L_resample = 6 m

5 if rows(p) < 3 then return resample_uniform(path_in, ds_out) end

6 // --- 2. Laplacian smoothing: n_iter passes, endpoints anchored

7 n <- rows(p)

8 for it = 1 : n_iter do // n_iter = 10

9 p_new <- p

10 for i = 2 : n-1 do // interior points only

11 p_new[i] <- 0.50*p[i] + 0.25*p[i-1] + 0.25*p[i+1] // [1/4 1/2 1/4] mask

12 end

13 p <- p_new // p[1], p[n] never move

14 end
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15 // --- 3. fine uniform resample for the path tracker

16 path <- resample_uniform(p, ds_out) // ds_out = 1 m

17 return path

18 end

19

20 function q = resample_uniform(path, ds)

21 s <- cumulative_arclength(path) // s[1] = 0 ... s[

end] = L

22 s_new <- 0 : ds : L (+ append L if truncated)

23 q <- interp1(s, path, s_new, "linear") // arc-length

parametrized

24 return q

25 end

Both re-sampling stages are parametrized by arc length. Given the input vertices
{pj}, the cumulative length sk =

∑k−1
j=1∥pj+1 − pj∥ is computed and the curve is linearly

interpolated at the uniform stations s = 0, ds, 2ds, . . . , L, with L = sN the total length.
This produces evenly spaced points and decouples the sampling density from the irreg-
ular spacing of the grid path.

The core of the routine is the Laplacian pass. At each iteration every interior point is
replaced by the weighted average of itself and its two neighbors,

p
(k+1)
i = 1

4
p
(k)
i−1 +

1
2
p
(k)
i + 1

4
p
(k)
i+1 = p

(k)
i + λ

(
p
(k)
i−1 − 2 p

(k)
i + p

(k)
i+1

)
, λ = 1

4
, (6.5)

while the first and last points are never moved. The term in brackets is the discrete
second derivative of the curve along its index, so (6.5) is one explicit Euler step of the dif-
fusion (heat) flow ∂p/∂τ = ∂2p/∂s2 applied to the curve. High-spatial-frequency content,
namely the grid staircase, decays fastest under this flow, while the low-frequency shape
of the route is preserved; the fixed endpoints act as Dirichlet boundary conditions, so the
start and goal positions are reproduced exactly at every replan.

Repeating the [1
4
, 1
2
, 1
4
] kernel is equivalent to convolving the curve with a Gaussian

whose standard deviation, measured along the path, grows with the number of passes,

σ ≈
√
2nλ Lres =

√
n
2
Lres. (6.6)

Here σ is the effective smoothing length: features shorter than σ are removed, longer
ones are kept. With the values used in this work, Lres = 6m and n = 10, this gives
σ ≈ 2.2Lres ≈ 13m, which erases the meter-scale staircase of the A⋆ grid while leaving
the tens-of-meters geometry of the route untouched.

Equation (6.6) also dictates how the three parameters are tuned. The number of
iterations n is the main smoothing knob, but it cannot be increased freely: Laplacian
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smoothing is also a curve-shortening flow, so each pass contracts the path slightly to-
wards the straight chord between the anchored endpoints, cutting corners and pulling
the reference towards the inside of the turns. Too many iterations therefore round off the
corners that A⋆ introduced to clear the obstacles and reduce the clearance; n = 10 is the
compromise between a smooth reference and fidelity to the planned route. The interme-
diate step Lres enters (6.6) linearly and, in addition, sets a lower bound on the curvature
radius of the output, which cannot be tighter than about Lres; it is set to 6m so that the
minimum radius stays within the turning capability of the vehicle. The diffusion weight λ
is the per-iteration step of the explicit scheme and must satisfy λ ≤ 1

2
for stability: above

this value the update overshoots and oscillates instead of smoothing, so it is fixed at the
safe value 1

4
and the smoothing strength is regulated through n alone. The tracker step

ds only sets how finely the smooth curve is sampled and is kept at 1m, independent of
the smoothing strength: the coarse scale Lres removes the grid wiggles, the fine scale ds
re-densifies the curve for accurate tracking.

6.3.3 Leader–Follower Formation and Path-Planning

The leader — the vehicle currently elected by the ranking mechanism — follows the global
path toward the mission goal. Each follower is assigned a desired offset in the leader
body frame, so that the whole formation reorganizes consistently whenever the leadership
changes.

The global target of follower i is:

pi,target = pL +R(ψL)oi (6.7)

where:

• pL is the leader position;

• ψL is the leader heading;

• oi is the desired formation offset;

• R(ψL) is the rotation matrix.

In the simulations reported in this work, a line formation is adopted. The offsets are
expressed in the leader body frame, with the positive longitudinal axis pointing forward
along the leader heading and the lateral axis pointing to the left. The vehicle holding rank
1 is assigned the leader position, while the vehicles holding ranks 2 and 3 are placed
behind it along the longitudinal direction:
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Table 6.1: Formation offsets expressed in the leader body frame.

Rank Role Offset oi = [xL, yL]
T

1 Leader [0, 0]T m
2 First follower [−10, 0]T m
3 Second follower [−20, 0]T m

leader

follower 1

follower 2

10m

20m

Figure 6.6: Swarm formation selected for the simulation: the two followers trail the leader
along the body longitudinal axis with a 10m and 20m longitudinal spacing, respectively.
The formation is tunable in init_swarm_scenario.

Other formation geometries can be implemented by modifying the offset matrix de-
fined in init_swarm_scenario. For formations that are not purely longitudinal, such as
triangular, diamond or circular arrangements, it is also advisable to adapt the MATLAB
Function block responsible for writing the ranking, described in Section 6.2. In that case,
the ranking should not only determine which vehicle is the leader, but also assign the
remaining vehicles to the appropriate formation slots, for example left, right or rear po-
sitions, so that the geometric interpretation of each offset remains consistent when the
leadership changes.

The followers do not plan: each follower is assigned a target point obtained by apply-
ing its rigid formation offset, expressed in the leader body frame and rotated by ψleader,
to the current leader position. The reference handed to the tracker is simply the straight
segment from the follower to this target, re-sampled at 1m: since the segment is re-
generated at every planner tick, its straightness never accumulates error. Before being
accepted, the direct ray is checked for obstacles by sampling the traversability grid every
4m; if it is blocked, an obstacle-free probe direction is chosen by select_local_heading

and the local path is rebuilt along that heading, again re-sampled at 1m and limited to
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the local look-ahead length. The resulting reference is handed to the same tracker used
by the leader.

6.3.4 Follower Path Planning

Although in principle every agent could run its own planner, in the proposed architec-
ture the followers do not plan on board. The whole planning effort is centralized on the
leader: the vehicle currently elected (rank == 1) is the only one that executes the A⋆

global search, and in the same supervisory call it also builds a reference path for each
follower. These follower paths are written on the shared_bus and broadcast to the swarm,
so that each follower simply receives its reference as an input signal and hands it to the
same tracker used by the leader. A follower therefore never runs a search itself; it only
consumes the path computed for it by the leader. This choice keeps the followers com-
putationally trivial and, more importantly, makes the planning cost independent of the
swarm size, since the search is run once per replanning cycle regardless of how many
followers are present.

The reference of follower i is generated in two steps by the routine make_follower_path.
First, the relative goal is computed: the desired formation offset oi, expressed in the
leader body frame, is mapped to the world frame through the leader pose, giving the
target point pi,target = pL+R(ψL)oi already introduced above. Second, rather than con-
necting the follower to this target with a blind straight segment — which could cut across
an obstacle — the routine asks select_local_heading for a direction that is locally free,
and lays the reference along it.

The function select_local_heading implements a simple fan (or beam) test. Starting
from the direct bearing θ0 that points from the follower towards its relative goal, it gen-
erates a set of candidate headings spread symmetrically around θ0 within a maximum
half-span. The candidates are examined in order of increasing deviation from θ0, so that
the heading eventually retained is always the one closest to the ideal direction. For each
candidate the routine casts a straight ray of length equal to the follower–target distance
and checks, cell by cell on the obstacle mask, whether that segment is collision-free. The
first ray that does not intersect any obstacle cell is accepted and its heading returned; if
no candidate is free, the direct bearing is kept as a fallback. The selected heading then
defines a straight reference segment, resampled at a constant 1m arc-length, exactly as
for the leader path.

1 function follower_path = make_follower_path(i, p_leader, psi_leader, pos_i,

map, scenario)

2 // --- 1. Relative goal: formation offset mapped into the world frame

3 o_i <- scenario.formation.offset[i] // desired offset, leader

body frame
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4 p_target <- p_leader + rot(psi_leader) * o_i // p_{i,target} = p_L + R(

psi_L) o_i

5

6 // --- 2. Direct bearing and distance from the follower to its target

7 theta_0 <- atan2(p_target.y - pos_i.y, p_target.x - pos_i.x)

8 d <- norm(p_target - pos_i)

9

10 // --- 3. Choose a locally obstacle-free heading around theta_0

11 theta <- select_local_heading(pos_i, theta_0, d, map, scenario)

12

13 // --- 4. Lay the reference along the chosen heading, resample at 1 m

14 p_reach <- pos_i + d * [cos(theta), sin(theta)]

15 follower_path <- resample_segment(pos_i, p_reach, ds = 1 [m])

16 return follower_path

17 end

1 function theta = select_local_heading(pos, theta_0, d, map, scenario)

2 span <- scenario.formation.fan_half_span // max deviation, e.g. 60 deg

3 N <- scenario.formation.fan_samples // number of rays, e.g. 13

4 step <- span / floor(N / 2)

5

6 // candidates ordered by increasing deviation: 0, +step, -step, +2*step,

...

7 for delta in [0, +step, -step, +2*step, -2*step, ..., +span, -span] do

8 theta_c <- theta_0 + delta

9 p_end <- pos + d * [cos(theta_c), sin(theta_c)]

10 if is_segment_free(pos, p_end, map) then // straight ray vs obstacle mask

11 return theta_c // first free heading wins

12 end

13 end

14 return theta_0 // fallback: keep the direct bearing

15 end

The helper is_segment_free walks the straight segment from the follower to the can-
didate end point and returns false as soon as it meets a cell flagged as an obstacle in map,
and true otherwise. The mechanism is illustrated in Figure 6.7: the follower must reach
the relative goal defined by the leader, but an obstacle lies in between. The candidate
rays aimed near the direct bearing (dashed) all cross the obstacle and are discarded;
the first ray that clears it (solid) is selected, and the follower reference is built along this
direction.
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obstacle

θ0
(direct)

sel
ect

ed
he
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ing

fan

Follower

Leader ψL

pi,target (relative goal)

oi

candidate headings (blocked)

Figure 6.7: Local-heading selection performed by select_local_heading. The follower
must reach the relative goal pi,target = pL + R(ψL)oi assigned by the leader, but an
obstacle lies on the way. Candidate straight headings are fanned out around the direct
bearing θ0; the ones that cross the obstacle (dashed) are rejected, and the first collision-
free heading (solid) is retained as the follower reference direction.

6.4 Obstacle Emergency Braking

The planner keeps the reference path away from obstacles and the governor slows the
vehicle ahead of unknown terrain, but neither layer guarantees that a newly discovered
obstacle right on the current path is dealt with before impact. A last line of defense
therefore runs at the plant rate, independently of both: at every step each vehicle scans
a frontal corridor as wide as its own footprint (plus a small lateral margin) on the known
obstacle map. The scan starts at the vehicle nose — a dead zone prevents the vehicle
from detecting itself — and extends for the kinematic braking distance plus a safety buffer,

Dcheck = min

(
dnose + dsafe +

v2

2 abrake
, dmax

)
, (6.8)

so that the look-ahead automatically grows with the speed. If any cell of the corridor is
simultaneously known and obstacle, the flag commands a hard braking (80% of the brake
authority) that overrides the throttle channel. Unknown cells deliberately do not trigger
the brake — caution towards the unexplored is the governor’s job through vunknown — and
cells outside the map borders are ignored. The intervention instants are logged by the
obstacle-braking flag analyzed in Figure 6.9).

1 function flag = obstacle_brake(x, y, psi, v, map)

2 flag <- 0

3 D_check <- min( d_nose + d_safe + v^2 / (2*a_brake), d_max )

4 for s = d_nose : ds : D_check do // scan from the

nose forward
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5 for l = -w/2 : ds_lat : +w/2 do // corridor =

footprint width

6 p <- body_to_global(x, y, psi, s, l)

7 if known(p) and obstacle(p) then // only KNOWN

obstacles brake

8 flag <- 1 ; return

9 end

10 end

11 end

12 end
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Figure 6.8: EmergencyBrake MATLAB fcn block. Located at swarm_phase_5/(Agent)
/(vehicle)/CONTROLLER/EmergencyBrake.
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(a) Obstacle brake flag — Vehicle 2
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(b) Obstacle brake flag — Vehicle 3

Figure 6.9: Obstacle brake flag for vehicles 2 and 3. When the flag is equal to 1, the
braking command is fixed to % = −400, corresponding to 600 Nm of brake torque at
each wheel before EBD and ABS modulation.

6.5 Anti-U-Turn Guard

A subtle failure mode of the leader–follower scheme emerges at leadership changes.
When a vehicle is demoted from leader to follower, its new formation target can momen-
tarily lie behind it; the same happens to a follower whose target is overtaken during a
transient. A naive tracker would command a U-turn towards the target and, since the for-
mation reference moves with the leader, the maneuver can re-arm repeatedly, leaving the
vehicle spinning in place. Heading-based detection of this condition (“the goal is behind
me”) proved unreliable: while the vehicle rotates, the goal-behind flag toggles at every
half-turn.

The adopted guard, applied to followers only, reasons instead on the path tangent:
the target position is projected onto the direction of the final segment of the assigned
path, giving a signed longitudinal coordinate srel that is invariant to the vehicle rotation.
An overshoot is declared when srel < −1m while the vehicle is within 8m of the target
— the distance gate prevents arming on targets that are legitimately far behind, e.g. right
after a leadership swap across the formation. While the guard is active the vehicle does
not attempt the U-turn: its reference is replaced by a short straight stub, 6m ahead along
the current heading, so that it keeps moving and waits for the situation to resolve. The
guard is released by the first of three conditions: the target is confirmed ahead (srel >
+1m) for 0.3 s; the target keeps moving away for 2 s (the leader is driving off, waiting
is pointless); or a maximum waiting time proportional to the distance of the new leader,
twait = 2 dL/max(vL, 0.5), capped at 12 s, expires. After release, a 4 s cooldown prevents
immediate re-arming mid-maneuver; the current leader always bypasses the guard.

1 function path_out = anti_uturn_guard(path_in, pose, ranking)

2 if self == ranking(1) then return path_in end // leader: pass-through
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3

4 t_hat <- tangent( last_segment(path_in) ) // final path direction

5 s_rel <- dot( target - pos, t_hat ) // signed longitudinal coord

6 overshoot <- ( s_rel < -1 [m] ) and ( || target - pos || <= 8 [m] )

7

8 if not guard and cooldown == 0 and rising_edge(overshoot) then

9 guard <- true // arm the guard

10 t_wait <- min( 2 * d_leader / max(v_leader, 0.5), 12 [s] )

11 end

12

13 if guard then

14 if (s_rel > +1 [m] for 0.3 s) or (moving_away for 2 s) or (waited > t_wait)

then

15 guard <- false ; cooldown <- 4 [s] // release

16 else

17 path_out <- straight_stub(pos, heading, 6 [m]) // hold: no U-turn

18 end

19 end

20 end
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Figure 6.10: Detail of PathRoleAntiUTurn Simulink block. Located at swarm_phase_5/
(Agent)/(vehicle)/CONTROLLER.

The AntiUTurn MATLAB function block activates if the follower starts in a position
beyond the leader, or if it reaches a dead end, so to a point on the map with obstacles on
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three sides—and needs to make a U-turn.

6.6 Path Tracking

Each vehicle tracks its assigned path through a look-ahead steering controller that com-
bines a curvature feed-forward term with a feedback term acting on two geometric errors:
the cross-track error and the heading error. At every step the tracker computes the clos-
est path point, a look-ahead point, the two tracking errors, the local path curvature and
the resulting steering command.

The look-ahead point is selected at a curvilinear distance Ld ahead of the path point
closest to the vehicle. The look-ahead distance is scheduled with the vehicle speed and
saturated within a fixed range,

Ld = clip(Ld,0 + kv |v|, Ld,min, Ld,max) , (6.9)

where Ld,0 is the base look-ahead distance, kv a velocity-dependent gain, and Ld,min,
Ld,max the lower and upper bounds. A longer look-ahead at higher speed yields a smoother,
more anticipatory steering action, while a shorter look-ahead at low speed keeps the
tracking tight.

6.6.1 Path Tracker

The lateral controller is driven by two quantities, both evaluated with respect to the path
point closest to the vehicle, pc = (xc, yc), and to the local path heading θp, defined as the
orientation of the path tangent at that point.

The cross-track error ecte is the signed lateral distance between the vehicle position
p = (x, y) and the path. It is obtained by projecting the position offset onto the unit vector
n̂ = (− sin θp, cos θp) normal to the path:

ecte = (p− pc) · n̂ = −(x− xc) sin θp + (y − yc) cos θp. (6.10)

It is expressed in meters. Its sign encodes the side of the path on which the vehicle
lies: with the adopted convention a positive value indicates a displacement to the left of
the path tangent and a negative value to the right, while ecte = 0 corresponds to a vehicle
lying exactly on the path.

One refinement applies to the leader only: since its reference is regenerated by the
A* planner at every replan, the projection point used for ecte is the look-ahead point rather
than the closest point. Evaluating the lateral error further along the path filters the lateral
jumps introduced by consecutive replans and lets the controller converge; the followers,
whose formation reference is smooth, use the closest point.
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The heading error ψe is the angular misalignment between the path tangent and the
vehicle heading ψ:

ψe = wrap(θp − ψ), (6.11)

where the operator wrap(·) maps the angle to the interval (−π, π], so that ψe is always
the smallest rotation that aligns the vehicle heading with the path tangent. It is expressed
in radians. A positive ψe means that the vehicle must rotate counter-clockwise to become
parallel to the path, and ψe = 0 means that the vehicle is already aligned with it.

6.6.2 Steering Law

The steering command blends a curvature feed-forward term, which anticipates the ge-
ometry of the path, with a feedback term that regulates the two tracking errors to zero:

δcmd = arctan(Lκ)︸ ︷︷ ︸
feed-forward

−Ky ecte −Kψ ψe︸ ︷︷ ︸
feedback

, (6.12)

where L is the wheelbase, κ the local path curvature estimated over a short window
of waypoints, and Ky, Kψ the feedback gains on the cross-track and heading errors,
respectively. Unlike the Stanley controller, the feedback term does not depend on the
vehicle speed: on loose off-road terrain and at the low speeds considered in this work,
a speed-dependent gain would weaken the steering action exactly where grip and con-
trollability are most critical. A dead-band on ecte, ψe and κ suppresses residual steering
jitter on nearly straight segments, and the command is finally saturated at the maximum
admissible steering angle δmax.

Although the feedback term is purely proportional in both errors, it does not reduce to
a simple proportional law on the cross-track error: the heading error supplies an implicit
derivative action. For a vehicle traveling at speed v, the cross-track error evolves as
ėcte ≈ v sinψe ≈ v ψe for small angles, so ψe is, up to the factor v, the time derivative
of ecte. Penalizing ψe therefore penalizes the rate at which the vehicle approaches or
departs from the path: it damps the response and prevents the cross-track error from
overshooting and oscillating around zero. The feedback term −Ky ecte − Kψ ψe thus
behaves as a PD controller on the cross-track error, which is why an explicit integral and
derivative action, as in a full PID, is not required for path tracking.

6.6.3 Tracking Algorithm

Inputs: pose (x, y, ψ, v), path. Outputs: δcmd, κnext, goal_flag.
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1 function delta_cmd = path_tracker(pose, path)

2 i_near <- argmin_i || path(i) - pos || // closest point

3 i_tgt <- advance(i_near, arc_length = L_d) // look-ahead point

4 if self == ranking(1) then // leader: project ahead,

5 e_cte <- signed_lateral_error(pos, path, i_tgt) // filters A* replan jumps

6 else // followers: smooth reference,

7 e_cte <- signed_lateral_error(pos, path, i_near) // project on closest

point

8 end

9 psi_e <- wrap( heading(path) - psi )

10 kappa <- mean_curvature(path, window = 12)

11 kappa_next <- max |kappa| over the window // to the speed governor

12

13 delta_ff <- atan(L_wb * kappa) // feed-forward

14 delta_fb <- -K_y*e_cte - K_psi*psi_e // feedback (Stanley-like)

15 delta_cmd <- delta_ff + delta_fb

16

17 if |e_cte| < e_dead and |psi_e| < psi_dead and |kappa| < kappa_dead then

18 delta_cmd <- 0 // dead-band: no chatter

19 end

20 delta_cmd <- clip(delta_cmd, -delta_max, +delta_max)

21 end
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Figure 6.11: Detail of PathTracker MATLAB fcn block. Located at swarm_phase_5/(Ag
ent)/(vehicle)/CONTROLLER.

99



Chapter 6. Path Planning, Swarm Control and Speed Governance

6.6.4 Low-Pass Filter

As shown in Figure 6.13, the cross-track error of the leader, which in this mission is always
ID1 as can be seen in Figure 6.2, is fairly large. The cross-track error ecte is here defined
as the signed lateral distance between the vehicle position and the reference path. With
this kind of path tracking, and in this kind of environment, difficult and traveled at low
speed, a good cross-track error would fall within 0.4–0.5m.

For the followers, tracking the path planned as described in Section 6.3.4 turns out to
be fairly benign. Their reference path, which is essentially a straight segment towards a
formation point offset from the leader, changes at each step only as much as the relative
position of the follower and its leader changes; its variation between two consecutive
control steps therefore scales with the relative speed of the two vehicles and the fixed
time step,

∥∆pref∥ ≈ ∥vL − vF∥Ts, (6.13)

so the reference evolves smoothly and the steering command it produces is smooth as
well.

For the leader the situation is more involved. Although the path-smoothing stage
applied to the A⋆ output, described in Section 6.3.2, makes the path curved enough to be
followed by a ground vehicle with realistic dynamics, it does not remove the underlying
limitation of A⋆, which is a purely geometric planner. A⋆ treats the vehicle as a holonomic
point mass: it knows only the vehicle position on the map and ignores its heading and
its non-holonomic constraints. As a consequence the first planned steps can start from
one side of the vehicle, or even in the direction opposite to its current heading. Such a
change in the plan occurs whenever the vehicle finds more favorable terrain to travel or
an imminent obstacle to skirt. The fact that the cross-track error reaches values up to
about four times the vehicle track width follows only from this reference re-planning: it
does not mean that the vehicle is heavily oscillating about a stable, linear path.
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Figure 6.12: Holonomic versus non-holonomic planning over a favorable-terrain corridor
(gray). The holonomic planner treats the vehicle as a point mass and ignores its cur-
rent heading: the resulting path leaves the vehicle at an angle and forces it to oscillate.
The non-holonomic planner accounts for the heading and the steering limits, so the path
leaves the vehicle tangentially and turns towards the goal with bounded curvature.

The problem that follows is that the steering command δ sent to the wheels is as
nervous as the cross-track error that drives it. Re-tuning the controller does not help, be-
cause it is the reference itself that moves rather than the tracking that is poorly tuned. To
attenuate this, a second-order low-pass filter is placed on the steering command through
the transfer function

H(s) =
1

0.04 s2 + 0.4 s+ 1
=

1

(1 + 0.2 s)2
. (6.14)

This is a critically damped filter (ζ = 1) with a double real pole at s = −5 rad/s, that is a
natural frequency ωn = 5 rad/s and a low-frequency group delay

td ≈ 2τ = 2 · 0.2 = 0.4 s. (6.15)

It therefore delays the steering by only about 0.4 swhile strongly limiting the high-frequency
content injected by the re-planning. A switch is placed upstream of the transfer function
so that the filter is enabled only on the leader vehicle; the followers, whose reference is
already smooth, receive the unfiltered command.

6.6.5 Path Tracking Error Results

This section reports a preliminary analysis of the heading-related tracking errors logged
for the three vehicles of the swarm. The data come from a single representative run and
are meant to illustrate the qualitative behavior of the tracker; the campaign results are
reported in the following sections.
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(c) Cross-track error vehicle 3

Figure 6.13: Cross-track error ecte logged for the three vehicles during a representative
mission; each panel is a rectangular time plot for one vehicle.
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Figure 6.14: Heading tracking error ψe for the three vehicles during the same mission.
Each plot is overlaid with the heading angle ψ and the steering-wheel angle, so the error
can be related to the vehicle motion.

Figures 6.13 and 6.14 display a clear and consistent pattern: the followers track their
reference very accurately, while the leader exhibits a much larger and oscillatory error.

The two followers keep their cross-track error within a few centimeters and their head-
ing error close to zero for almost the entire mission. This is an important result, because it
confirms that the steering controller itself is sound: the curvature feed-forward combined
with the proportional–derivative feedback on ecte and ψe follows the reference accurately
whenever that reference is stable.
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The leader behaves differently, and its larger error must not be read as a failure of the
controller. The leader is the only vehicle that executes the global planner, and it therefore
tracks a reference that is regenerated at every replanning step. Because the planner is
grid-based, two consecutive plans can differ, so the path followed by the leader is not
temporally stationary. Part of the leader error is thus a genuine tracking transient, and
part is simply the cross-track error being evaluated against a reference that shifts at each
replan. The followers, in contrast, track a smooth formation reference derived from the
leader’s smoothed path, which is far more stable; this is precisely why their error stays
small.

This asymmetry is amplified by the deliberately conservative operating conditions
adopted in this work: a high cruise speed combined with a small perception radius forces
the planner to refresh its path frequently, and a frequently refreshed grid-based refer-
ence is intrinsically less smooth. The elevated leader error is therefore expected in this
regime; reducing it is mainly a matter of choosing an adequate replanning rate — slow
enough to give the tracker a stationary reference, fast enough to remain safe with re-
spect to the perception horizon — rather than of retuning the tracker, whose quality is
already demonstrated by the follower response. Furthermore, A*, as implemented in this
work, is isotropic; it has no knowledge of the vehicle’s heading, minimum turning radius,
speed, available braking power, or any other physical parameter. Significant heading
errors arise because A*, operating internally to the vehicle, generates an optimal path
(post-smoothing) that may exit from the side of the vehicle. For this reason, as previously
explained, the issue was mitigated by applying a low-pass filter to the controller’s out-
put, ensuring that commands based on cross-track and heading errors are not followed
literally.

The steering activity that generates these errors is documented below: the heading
histories of the three vehicles and the corresponding steering-wheel commands.
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Figure 6.15: Heading angle ψ and steering-wheel command δ for vehicles 1, 2 and 3.
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6.7 Speed Reference Governor

The speed reference governor limits the desired speed according to dynamic, environ-
mental, and mission-related constraints.

The final reference speed can be expressed as:

vref = min (vmax, vrollover, vgoal, vunknown, vLTR) (6.16)

where:

• vmax is the global maximum mission speed;

• vrollover =
√
ay,roll/|κnext| is the cornering limit from the static roll-over bound

ay,roll = ηroll g Ttrack/(2hG)− g | sin θlat| (ηroll = 0.80), evaluated on the look-ahead
path curvature κnext and corrected for the lateral road bank θlat;

• vgoal =
√

2 beff max(dgoal − rgoal, 0) is the braking-distance limit to the goal, with
an effective deceleration beff = min(ηbrake µnext g cos θ + g sin θ, bmax) that ac-
counts for the look-ahead friction and the longitudinal slope;

• vunknown = max(vmax (1− 0.6 runknown), vmin) is a linear penalty on the unknown
ratio ahead, floored at vmin = 1m/s so that the swarm keeps exploring instead of
stalling;

• vLTR is a staged cut driven by the lateral load-transfer ratio computed from the four
vertical tire loads: the speed is cut to 0.7V above LTR = 0.65 and to 0.4V above
LTR = 0.80, acting as an early roll-over precursor.

The load-transfer ratio that drives the staged cut is computed from the four vertical
loads as

LTR =
|(Fz,FL + Fz,RL)− (Fz,FR + Fz,RR)|
Fz,FL + Fz,RL + Fz,FR + Fz,RR

. (6.17)

A friction-circle limit vµ =
√
amax
lat (µnext)/|κnext|, with a reserve subtracted for longi-

tudinal control, is also computed; in the current implementation it is excluded from the
committed minimum, the cornering envelope being entrusted to the roll-over bound (the
two nearly coincide at nominal grip), while the look-ahead friction µnext still shapes the
envelope through the braking term beff .
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Table 6.2: Main speed governor constraints.

Constraint Effect
Rollover risk Limits lateral acceleration on the upcoming

curvature, corrected for road bank.
Braking to goal Ensures the vehicle can stop within the goal

distance, aware of look-ahead friction and
slope.

Unknown terrain Linear speed cut with the unknown ratio
ahead, floored at 1m/s.

Load transfer Staged cut on the measured LTR (0.7V
above 0.65, 0.4V above 0.80).

Global limit Mission-level maximum speed vmax.

The complete governor law, including the asymmetric rate limiter applied downstream
of the binding constraint, is summarized in the following pseudocode.

1 function v_ref = speed_governor(v_max, kappa_next, mu_next, d_goal,

unknown_ratio, Fz, ...)

2 v_mu <- sqrt( a_lat_allowed(mu_next) / |kappa_next| ) // friction

circle (monitor only)

3 v_roll <- sqrt( a_roll_safe(T_track, h_CG, bank) / |kappa_next| )

4 v_goal <- sqrt( 2 * b_eff(mu_next, slope) * max(d_goal - r_goal, 0) ) //

brake to goal

5 v_unk <- max( v_max * (1 - 0.6 * unknown_ratio), v_min_explore ) //

floor 1 m/s

6 v_ltr <- staged_cut( LTR(Fz) ) // 0.7V above 0.65, 0.4V

above 0.80

7

8 v_raw <- min( [v_max, v_roll, v_goal, v_unk, v_ltr] ) // binding

constraint

9

10 // rate limiter on the rise only: climb gently, drop immediately

11 if v_raw > v_ref_prev then

12 v_ref <- min( v_raw, v_ref_prev + a_up * Ts ) // a_up = 3 m/s^2

13 else

14 v_ref <- v_raw // immediate

decrease

15 end

16 v_ref <- clip(v_ref, 0, v_max)

17 end

The asymmetric rate limiter (gentle acceleration, prompt deceleration) and the final satu-
ration guarantee a smooth yet conservative reference, which the longitudinal MPC con-
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troller then tracks through the throttle and brake command.
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(f) Look-ahead friction µnext — ID3

Figure 6.16: Unknown ratio runknown and look-ahead friction coefficient µnext for each
vehicle, used to compute vunknown and vgoal.

108
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6.8 Longitudinal Velocity Control via Model Predictive
Control

6.8.1 Motivation

The longitudinal velocity loop was first closed with a PID acting on the velocity error. This
worked, but two structural limitations kept surfacing. The controller is purely reactive:
a change in the resistance to motion, such as a slope transition, produces a velocity
error first and a correction only afterwards. Moreover, the actuator limits live outside the
controller, enforced by downstream saturation blocks, so whenever the vehicle operates
near those limits the integrator winds up and tracking degrades.

The PID was therefore replaced by an MPC, which removes both problems at the root.
The actuator constraints become part of the optimization itself, so the controller never
plans a command it cannot deliver, and the resistive force enters the prediction model
as a measured disturbance: the controller reacts to a slope when the slope appears, not
when the velocity error does.

1v_ref

3v_actual

1 Out_xi

2 %	accel

3 brakes

2 F_res

4hold_flag 	>	0
+
+

5emergency_flag

	>	0
	>	0

MPC mv

mo

ref

md

ext.mv

ymax

v_actual
accel_prev

F_res
F_md

6
mv_real

%	accel

Figure 6.17: Detail of Throttle & Brake subsystem. Located at swarm_phase_5/(Ag
ent)/(vehicle)/CONTROLLER/Throttle\&Brake.

6.8.2 Prediction Model

The MPC relies on an internal model of the plant to generate predictions. The longitudinal
dynamics are described by the force balance on the equivalent translating mass:

meff v̇ = Ftrac − Fres (6.18)

wheremeff accounts for the rotational inertia of the wheels referred to the translational
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degree of freedom:

meff = m+
4 Jwheel

R2
0

(6.19)

The traction force at the wheel is related to the throttle opening ξ [%] through the motor
map. Linearizing, Ftrac ≈ kv ξ, with the combined motor–transmission–wheel gain

kv =
τg kξ
R0

(6.20)

where τg is the gear ratio,R0 the rolling radius, and kξ the motor torque per unit throttle
percentage. The slope kξ is taken from the constant-torque plateau of the motor map, so
the linear gain implicitly assumes that peak torque is available at every speed; the validity
of this assumption at high speed is discussed below. The resistive force collects rolling
resistance, the gravitational slope component, and the flux-weakening correction term:

Fres =
(
f0 + f2 v

2
)
mg +mg sin θ + Ffw (6.21)

Choosing the velocity as the state (x = v), the throttle as the manipulated variable
(u = ξ [%]) and the resistive force as a measured disturbance input (d = Fres), the
continuous-time state-space model is

ẋ = Ax+Bu u+Bd d, y = C x (6.22)

with the scalar matrices of a first-order, single-state system:

A = 0, Bu =
kv
meff

, Bd = − 1

meff

, C = 1 (6.23)

The negative sign of Bd reflects the fact that the resistive force opposes the motion.
The continuous model is discretized via zero-order hold at the MPC sampling time Ts =
0.03 s, yielding the discrete-time model used internally for prediction.

The term Ffw in (6.21) compensates for the main limit of the linear input gain. Above
the base speed the motor enters flux weakening (Figures 5.16 and 5.17), and the torque
actually delivered for a given ξ falls below the value that kv, built on the peak-torque
plateau, attributes to it. The deficit between the torque the internal model expects and
the torque the envelope makes available is converted into an equivalent force at the wheel
and injected through the measured-disturbance channel as an additional resistive term,
so that the prediction model subtracts what the real motor cannot provide. This compu-
tation is carried out in the md_fluxweak MATLAB Function block, upstream of the MD
port.
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Cost Function

At each sampling instant t, given the current velocity measurement v(t) and the current
resistive force Fres(t), the MPC solves the following quadratic program over a prediction
horizon of p steps:

min
ξ0,...,ξm−1

p−1∑
k=0

[
q
(
vk − vref

)2
+ r∆ (∆ξk)

2 + ru ξ
2
k

]
(6.24)

where vk are the predicted outputs, vref the filtered velocity reference, and ∆ξk =

ξk−ξk−1 the control increment. The tracking weight q sets how aggressively the reference
is followed. The move-suppression weight r∆ penalizes abrupt throttle changes, playing
inside the optimization the role that a rate limiter would play outside it. The weight ru on
the absolute throttle value is set to zero: climbing a sustained slope requires a sustained
throttle opening, and penalizing it would introduce a systematic tracking offset.

Penalizing ∆ξ rather than ξ produces an implicit integral action: the control law con-
verges to whatever constant throttle drives the steady-state velocity error to zero, without
an explicit integrator term.

Constraints

The actuator limits are imposed directly inside the QP at every step of the control horizon
of m steps:

ξmin ≤ ξk ≤ ξmax, k = 0, . . . ,m− 1 (6.25)

with ξmin = −500% and ξmax = +100%. The positive range is the throttle opening;
the negative range is mapped downstream to the brake actuator, and the asymmetry
reflects the fact that the braking torque available at the wheel is five times the peak drive
torque. No rate constraint is imposed on ∆ξ. For an autonomous UGV there is no comfort
argument for one, and the only physical delays involved, brake actuation and motor torque
build-up, are negligible on the time scales of the simulation. A rate limiter used in earlier
experiments was removed for this reason: it slowed the braking response without any
physical justification.

The controller also reads back, through the ext.mv port, the command actually ap-
plied to the plant, which can differ from the optimal one computed by the QP because
of the downstream overrides — the slip-based cut-off, the ABS logic and the emergency
brake. Feeding the true input back keeps the state estimator consistent with what the
plant really received, avoiding the wind-up that would arise from assuming the optimal
command was applied.
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6.8.3 Low-Pass Filter on the Velocity Reference

The velocity reference vref generated by the planner exhibits rapid fluctuations arising
from the path-following logic. Fed directly to the controller, each local fluctuation is in-
terpreted as a permanent reference change and produces an aggressive, bang-bang
switching of the throttle command.

A first-order low-pass filter is therefore inserted upstream of the MPC reference port:

Gf (s) =
1

τf s+ 1
, τf = 1 s (6.26)

The filter is implemented as a State-Space block rather than a Transfer Fcn block,
because the latter enforces zero initial conditions. The controllable canonical realization,
obtained via tf2ss, is

Af = −1, Bf = 1, Cf = 1, Df = 0 (6.27)

and the matrices are assigned by the function make_vref_filter().
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Figure 6.18: Filtering of reference speed: the transfer function receives v_ref_raw and
gives v_ref_fil as output. Located at swarm_phase_5/(Agent)/Vehicle(vehicle)
/CONTROLLER

The block initial condition is set to scenario.vehicle8.velstart, so the filter starts
at the correct value and introduces no transient at t = 0. The MPC then tracks the
trend of the reference and rejects the local fluctuations, at the cost of a lag of about one
second on reference changes, which is acceptable because the planner never commands
instantaneous velocity steps.
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6.8.4 Parameter Tuning

The quantities monitored were the tracking RMSE on the filtered reference, the ampli-
tude and regularity of the command ξ(t), and the behavior at slope transitions, where the
quality of the measured-disturbance feedforward becomes visible. The deployed config-
uration, reported in Table 6.3, favors reactivity. The tracking weight is high (q = 1000) and
the move suppression moderate (r∆ = 1), enough to keep the command regular without
slowing the braking response. The control horizon is kept deliberately much shorter than
the prediction horizon (m = 4 against p = 30): on a first-order plant, letting m approach
p with a small move-suppression weight collapses the optimization into a deadbeat law,
and the resulting command is needlessly nervous; the gap between the two horizons re-
stores the coupling between successive moves. Reference preview is not used, because
in deployment only the filtered reference is available and the future trajectory of the raw
one cannot be reconstructed. The reference is therefore held constant over the predic-
tion window, so lengthening p brings no anticipation benefit; p = 30 steps (0.9 s) proved
sufficient.

Steady-state accuracy is not entrusted to the horizon but to the estimator. The persis-
tent velocity error caused by the mismatch between the first-order internal model and the
8-DOF plant, which lumps together brake-force distribution, tire grip and the neglected
drivetrain dynamics, is treated as an output disturbance. The internal model is augmented
with a near-integrating output-disturbance channel,

Gd(s) =
20

s+ 0.05
,

driven by white noise, and the measurement-noise variance on the velocity output is set
low (0.01), so that the estimator attributes the prediction innovation to the disturbance
rather than to the sensor. The disturbance estimate drifts until the predicted output
matches the measurement, and the optimizer responds by commanding the additional
throttle or brake needed to cancel the offset. This is integral action on the tracking error,
but delivered through the constrained QP rather than by a free integrator: the estimate is
shaped by the same actuator limits that bound the command, so the unbounded accumu-
lation of classical windup cannot occur. A pure integrator 1/s was deliberately avoided
as disturbance model: on a plant that is itself an integrator it renders the augmented
state unobservable and the Kalman design fails, while the slow pole at −0.05 restores
observability and keeps the corrective action nearly as strong.

A second mechanism acts on the output side. A soft upper bound on the predicted
velocity is set at run time to the current reference through the ymax port, with MaxECR =

10−3, which makes the constraint nearly hard. Where the disturbance model corrects
the tracking error after it appears, the output ceiling prevents the optimizer from planning
trajectories above the reference in the first place. The two mechanisms are not redundant,

113



Chapter 6. Path Planning, Swarm Control and Speed Governance

since they address different failure modes: model-mismatch windup the first, overshoot
above vref the second, and removing either degrades the response.

Table 6.3: MPC parameters used in the simulation

Parameter Symbol Value
Sampling time Ts 0.03 s
Prediction horizon p 30 steps (0.90 s)
Control horizon m 4 steps
Tracking weight q 1000
Move suppression r∆ 1
Absolute throttle ru 0.0
Throttle bounds [ξmin, ξmax] [−500, +100]%
Rate constraint ∆ξ unconstrained
Output soft ceiling ymax soft, MaxECR = 10−3

Output disturbance Gd(s) 20/(s+ 0.05)
Estimator meas. noise – 0.01
Nominal velocity v0 5m/s
Reference filter τf 1 s

6.8.5 MPC Results

Figure 6.19 reports, for each vehicle, the actual speed against the raw and filtered ref-
erence produced by the governor of Section 6.7, and the corresponding throttle/brake
command ξ generated by the MPC. The plots are logged from a representative mission:
for each vehicle, the left panel shows the speed tracking and the right panel the com-
mand.
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(b) Throttle/brake command ξ — Vehicle 1
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(c) Vehicle speed — Vehicle 2
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(d) Throttle/brake command ξ — Vehicle 2
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(e) Vehicle speed — Vehicle 3
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(f) Throttle/brake command ξ — Vehicle 3

Figure 6.19: Vehicle speed and throttle/brake command ξ produced by the MPC for ve-
hicles 1, 2 and 3.
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Chapter 7

Mission Replay

While Section 5.12 analyzes the logged signals and physical quantities quantitatively, this
chapter documents the simulated missions in visual form. Two sequences are reported.
Figure 7.6 shows, for the same mission and the same instants, the internal state of the
planner: the raw A* polyline, the smoothed spline, the path actually traveled and the
progressive extent of the discovered area. Figure 7.9 finally repeats the experiment on
a different semantic map with a different goal, with no change to the model or to the
controller parameters. Each frame is reproduced at large scale, two per page, so that the
terrain classes, the formation geometry and the planned paths remain readable.

7.1 Runtime Obstacle Event

The replays reported in this chapter unfold, by default, on a map that stays fixed for the
whole mission. To exercise the reactive layer of the architecture — and, in particular, to
show that the collision checker works in practice — a controlled runtime event was added
to the reference scenario: at t = 15 s a rigid elliptical obstacle is spawned on the map,
as if a tree or a boulder suddenly dropped onto the path. The event is deterministic and
well localized in space and time, so that its effect can be isolated cleanly in the logged
signals instead of being confounded with the normal evolution of the mission.

The obstacle is injected directly inside swarm_phase_5.slx, as it is visible in 3.1 by
a dedicated MATLAB Function block, MapEventInjector, driven by the model Clock; an
adjacent Display block shows the fired flag switching from 0 to 1 at the trigger instant,
giving an immediate visual confirmation while the simulation runs. The block invokes the
routine apply_map_event as an extrinsic function, so the map mutation executes once, in
interpreted MATLAB, exactly at the event time.
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Figure 7.1: MapEventInjector MATLAB fcn block: Digital Clock provides simulation
times, the generated event is shown with a flag in Display block. Located at swarm_ph
ase_5.

The ellipse (semi-axes 18×4m, oriented at−30◦) is stamped onto the perceived world
as a class-8 rigid obstacle. A subtle but essential detail concerns the cost map: since it is
precomputed only once in init_swarm_scenario (Section 4.7) and never rebuilt online, the
routine must explicitly override map.cost_all on the affected cells to cost_obstacle= 106;
without this override the A* search would happily plan straight through the freshly created
obstacle. The obstacle is deliberately not revealed everywhere at once (MAKE_KNOWN =

false): the swarm discovers it through the usual visibility radius — the realistic case — so
that only cells already explored react immediately. A fire-once latch (persistent applied)
guarantees the event is applied a single time, and the pre-event semantic background,
together with the trigger instant, is recorded so that the replay renderer can switch the
map background at t = 15 s.

1 function fired = MapEventInjector(t)

2 coder.extrinsic('apply_map_event')

3 fired = apply_map_event(t)

4 end

5 function fired = apply_map_event(t)

6 if event already applied or t < T_EVENT then

7 return // fires at T_EVENT = 15 s

8 end

9 E <- cells inside the obstacle ellipse

10 mark E on the map as an impassable obstacle // terrain, semantics and

cost updated together

11 publish the updated map to the running simulation

12 mark event as applied ; fired <- 1

13 end

This single event is the direct cause of the throttle reduction observed on vehicles 2
and 3 at t ≈ 15 s: as the newly spawned obstacle enters their perception, the collision
checker intervenes and the two give-way followers ease off the accelerator, exactly as
the safety logic is meant to do. It is important to note that if the map contains such in-
stances of vehicle failure—resulting in the spawning of obstacles—one must necessarily
reduce speed or accept the risk of losing a vehicle, perhaps compensating by increasing
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the swarm size. Yet, this represents the very trade-off offered by the swarm and the core
objective of this entire study: if a vehicle fails, the swarm continues regardless. The sec-
ond vehicle keeps moving because, in a simulation, vehicle failure is not typically factored
in. In a real-world environment involving vehicle-to-vehicle communication, however, a
vehicle is excluded from the ranking if no data is received from it or if it fails to move within
a certain timeframe (indicating it has become stuck or broken down).

7.2 Planner State and Map Discovery

Figure 7.6 reports the planner state at the same instants of the previous sequence: each
frame overlays the raw A* polyline, the smoothed spline actually handed to the tracker and
the path traveled so far, together with the extent of the area discovered by the swarm. The
early frames show the path aiming straight at the goal through the still-unknown region; as
the terrain is discovered, the plan bends around the obstacles that have become visible.
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Figure 7.6: Mission replay — A* planner state (raw path, smoothed spline, traveled path
and discovered area).

7.3 Replay on a Different Map

To verify that the dynamic leader election of Section 6.2 behaves as intended on a different
terrain, the ranking signal logged during this mission is shown in Figure 7.7. As before,
the three vehicles produce identical signals — each agent evaluates the same radial-ETA
score on the same broadcast state — so only the signal of one vehicle is reported.

The point of interest is the contrast with the first scenario of Section 7.2. There, the
vehicle best placed at the start kept the lowest radial ETA for the whole mission, the
rank-1 assignment never changed, and the leader was effectively fixed. On this map the
situation evolves differently: at some stage the leading vehicle’s closing speed onto the
goal drops — for instance because it must detour around an obstacle — while another
agent gains a more direct line of sight and reaches a lower ETA. The ranking re-orders and
the lead passes to a different vehicle, as the switch of the rank-1 trace in Figure 7.7 makes
visible. The hysteresis band keeps the handover clean: it occurs once, when the ETA gap
between the two best candidates exceeds the threshold, without any chattering around
the crossing. This is exactly the behavior the mechanism of Section 6.2 was designed to
produce, and the formation reorganizes consistently around the new leader, confirming
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7.3. Replay on a Different Map

that role assignment, formation generation and re-planning all respond correctly to the
change of leadership.
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Figure 7.7: Swarm ranking logged on board one vehicle during the mission on the second
map; the signals of the three vehicles are identical. Unlike the first scenario, the rank-1
assignment switches during the mission, so the leader changes.

To show that the framework is not tuned to a single scenario, the very same swarm
— with no change to the model, the controllers or their parameters — was run on a
different semantic map, the one of Figure 4.2, with a different goal location. The frames
of Figure 7.9, sampled at t = 0, 30 and 60 s, show the three vehicles progressing across
the new terrain and reaching the new target: the simulator accepts an arbitrary input map
and goal, and the model was not calibrated for the first scenario.

125



Chapter 7. Mission Replay

0 100 200 300 400 500
x [m]

0

50

100

150

200

250

300

350

400

y 
[m

]
Full map + trajectories   (t = 0 s)

ID1
ID2
ID3
Goal

(a) t = 0 s

0 100 200 300 400 500
x [m]

0

50

100

150

200

250

300

350

400

y 
[m

]

Full map + trajectories   (t = 30 s)

ID1
ID2
ID3
Goal

(b) t = 30 s

126



7.3. Replay on a Different Map

0 100 200 300 400 500
x [m]

0

50

100

150

200

250

300

350

400

y 
[m

]

Full map + trajectories   (t = 60 s)ID1

ID2
ID3
Goal

ID1

(a) t = 60 s

Figure 7.9: Replay on a different map — semantic map with the trajectories of the three
vehicles.
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Chapter 8

Critical Discussion, Conclusion and
Future Work

8.1 Interpretation of the Results

The simulation results should be interpreted by considering the interaction between plan-
ning, map discovery, control, and vehicle dynamics. A successful mission requires more
than reaching the goal: the trajectory must be dynamically reasonable, the known map
must evolve consistently, the followers must remain coordinated, and the speed profile
must respect terrain and safety constraints.

The use of a dynamic vehicle model exposes information that a purely kinematic
model could not reveal, in particular the speed limitations due to tire friction, the roll-
related stability concerns, the actuator saturation, the transient behavior during steering,
and the mismatch between the planned path and the dynamically feasible motion.

8.2 Engineering Trade-Offs, Contributions and Limita-
tions

The project involves several trade-offs:
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Table 8.1: Main engineering trade-offs.

Choice Advantage Limitation
A* planner Simple and inter-

pretable
Not incremental

Shared global map Easy cooperation Idealized communica-
tion

8-DOF vehicle model Acceptable dynamic
realism

Not complete for un-
even real test

Model Reference ar-
chitecture

Modular and reusable Requires careful pa-
rameter management

Semantic terrain costs Easy to tune Approximate physical
meaning

The main achievements on which the original contributions of this work rest are:

• a semantic off-road terrain map and its progressive update during the mission;

• terrain-aware path planning with A* and the generation of smoothed, trackable
paths;

• a leader–follower formation strategy with dynamic, ranking-based role assignment;

• the integration of the planning and coordination layers with an 8-DOF vehicle dy-
namics model;

• a modular Simulink architecture based on Model Reference;

• a replay visualization and quantitative analysis framework.

The main limitations of the current work are the following.

• The perception of each vehicle is modeled as a circular visibility region, an idealized
sensor footprint.

• Communication is idealized through a single shared workspace, with no range limit,
latency, or packet loss.

• The generative AI module responsible for image recognition was trained on a database
that was not specifically optimized for this task. Furthermore, it cannot estimate the
terrain elevation, which is instead assumed and randomly generated.

• Path planning uses A* with periodic replanning. The search is direction-agnostic
and carries no steering penalty, so the first segment of a path may leave the vehicle
sideways: a planner conceived for kinematic systems is here applied to a dynamic
vehicle.
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• The treatment of the unknown map relies on heuristic cost penalties rather than on
a probabilistic terrain model.

• The tire is described by Pacejka coefficients calibrated on a road tire, with a nominal
radius and a tread that is not an off-road one. A representative off-road tire would
behave very differently, and reliable coefficients for it are not available.

• The steering command is low-pass filtered only on the leader output: the leader os-
cillates while the followers’ reference changes little. Filtering the path itself, locally,
would be a cleaner solution.

• The EBD and ABS logic reads quantities that cannot be measured on a real vehicle,
such as the vertical loads Fz and the wheel slip σ. Their behavior is therefore ideal,
free of the latency and of the measurement and computation errors of a real system.

• Terrain deformation is represented by a simplified update (a uniform increase of µ)
rather than by a full terramechanics model.

• The follower obstacle avoidance is a greedy, memoryless heading fan. This is the
classic local-minimum weakness of reactive, potential-field-like methods, known
since the critique of Koren and Borenstein; here it is mitigated by stacked safety
layers (U-turn detection, collision check, motor cutoff) rather than removed.

• Vehicle failure management has not yet been implemented, partly because the
signals are assumed to be perfect. Instead, if a vehicle gets stuck in the terrain or
crushed by an obstacle, it will drop to the bottom of the rankings and be treated as
the worst of the followers.

8.3 Future Work

Several developments can extend the present framework.

• Replace the periodic A* replanning with D* Lite, or another incremental planner,
reusing previous planning information when new map data becomes available; the
choice should be supported by the literature and by a discussion of its advantages
in partially known and time dependent environments;

• Furthermore, as explained in Section 6.6.4, a search algorithm is required—whether
A* or otherwise—that is inherently non-holonomic and accounts for the vehicle’s
physical constraints, such as its turning radius and inertia when changing direction;
an example of its development can be found in [50];
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• Assign each agent its own local map and let the agents exchange information
through a communication model that includes range, latency, and packet loss, mov-
ing towards a genuinely decentralized swarm;

• Add vehicle-failure management: detect the failure and propagate a failure flag
between the planner and the vehicles, so that a follower takes over the planning
role using the map accumulated up to that point;

• Replace the simplified terrain update with a BWR terramechanics model (sinkage,
soil compaction, rolling resistance, traction limits), with per-wheel sinkage and ele-
vation differences instead of a uniform µ, and visualize the soil compaction left after
each passage;

• Extend the simulation to a larger number of agents (>50) and more extensive maps,
thereby allowing for the swarm to split into smaller clusters. The larger map and
longer mission durations would enable the implementation of an exploration versus
exploitation logic; this helps local cluster leaders determine whether to head for the
goal or explore the map to provide greater certainty for clusters traversing the area
later. Such logic, which is complex, would not have been effectively demonstrated
in the current work, as it was developed using an overly small map;

• Introduce torque vectoring, electronic stability control, and a realistic ABS. The four
independent in-wheel motors already allow an asymmetric left–right torque distri-
bution, which generates a direct yaw moment at the wheels that actively assists
the steering — a capability particularly valuable on loose off-road terrain, where
the steer angle alone often saturates the available lateral grip. The traction con-
trol would then no longer merely cut the motor torque when a wheel slips (Sec-
tion 5.9.2), but redistribute it across the wheels to help the vehicle turn.

• Extend the perception module beyond the present offline, single-frame proof of
concept towards continuous, on-line semantic segmentation trained on a larger
dataset, and add probabilistic obstacle and class priors for the unexplored cells, so
that the cost function can anticipate, for example, the likely extent of an obstacle
from its class.

• Extend the dynamics to a 14-DOF model and add a per-wheel slope and elevation
disturbance, for instance on the gravel class to emulate stones, rather than a single
global slope.

• Make the controller deployable on real hardware: the coder.extrinsic and evalin

constructs used here are valid only for desktop simulation and are not compatible
with code generation, so they must be converted before the controller can run on a
real ECU.
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• Exploit the known motor efficiency map to plan energy-optimal routes, in addition
to terrain-optimal ones.

• Inflate the obstacles with a safety margin, or segment them conservatively already
at the perception stage, so that the follower planner — which currently sees only a
binary obstacle occupancy — preserves clearance.
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