
Final Year Project Report

Motion Planning of a Mobile Robot
Using Model Predictive Control

Aray Zhaisanbek, Sanzhar Kuandyk

A thesis submitted in part fulfilment of the degree of

BSc in Robotics and Mechatronics

Supervisor: Dr. Matteo Rubagotti
Co-supervisors: Anuar Nurlybayev, Aruzhan Karekeshova

Department of Robotics and Mechatronics

Nazarbayev University

May 4, 2026



Table of Contents

Abstract . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3

1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 5

2 Background Research . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 6

2.1 Motion Planning for Mobile Robots . . . . . . . . . . . . . . . . . . . . . . . 6

2.2 Model Predictive Control (MPC) . . . . . . . . . . . . . . . . . . . . . . . . 6

2.3 SLAM and Navigation Systems in ROS 2 . . . . . . . . . . . . . . . . . . . . 6

3 Literature Review . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 7

3.1 MPC . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 7

3.2 DRL . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 9

3.3 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 10

4 Methodology . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 12

4.1 Phase 1: Knowledge Acquisition . . . . . . . . . . . . . . . . . . . . . . . . . 12

4.2 Phase 2: Code Review and Refactoring . . . . . . . . . . . . . . . . . . . . . 12

4.3 Phase 3: Simulation Environment Development . . . . . . . . . . . . . . . . 12

4.4 Phase 4: Real Robot Setup . . . . . . . . . . . . . . . . . . . . . . . . . . . . 13

4.5 Ethics Portfolio . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 14

5 Learning Portfolio . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 15

5.1 Key learning experiences . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 15

5.2 Skill acquisition . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 16

5.3 Future Learning goals . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 17

6 Simulation Environment and Hardware Setup . . . . . . . . . . . . . . 18

6.1 Simulation of the C4 Hall . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 18

6.2 Robot Operating System Reset . . . . . . . . . . . . . . . . . . . . . . . . . 19

7 System Design and Implementation . . . . . . . . . . . . . . . . . . . . 22

7.1 Software Architecture . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 22

7.2 MPC Integration and Enhancements . . . . . . . . . . . . . . . . . . . . . . 22

Page 1 of 35



8 Testing and Evaluation . . . . . . . . . . . . . . . . . . . . . . . . . . . . 24

8.1 Simulation Testing . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 24

8.2 Hardware Testing . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 25

9 Experimental Validation of Speed and Separation Monitoring (SSM) 27

9.1 Introduction to SSM . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 27

9.2 Experimental Methodology . . . . . . . . . . . . . . . . . . . . . . . . . . . . 27

9.3 Results and Statistical Analysis . . . . . . . . . . . . . . . . . . . . . . . . . 27

9.4 Discussion of Safety Parameters . . . . . . . . . . . . . . . . . . . . . . . . . 27

9.5 Implementation Recommendations . . . . . . . . . . . . . . . . . . . . . . . 28

10 Limitations . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 31

11 Conclusions and Future Work . . . . . . . . . . . . . . . . . . . . . . . . 32

Page 2 of 35



Abstract

Autonomous navigation in indoor environments requires robots to plan safe and efficient tra-
jectories while sharing space with humans and obstacles. Model Predictive Control (MPC)
has emerged as a powerful approach due to its ability to optimize motion over a predic-
tion horizon while incorporating system constraints. This project focuses on developing an
MPC-based navigation framework for Clearpath’s Jackal robot and preparing the necessary
simulation and hardware infrastructure for real-world deployment.

At the start of the project, the inherited system from a previous student group suffered from
severe limitations, including hardcoded paths, outdated dependencies, and malfunctioning
ROS 2 configurations. Furthermore, the robot’s operating system was outdated and incom-
patible with required drivers. To address these issues, we performed a full OS reset, installed
ROS 2 Humble, and configured LiDAR, SLAM Toolbox, and Nav2 packages. In parallel,
we built a high-fidelity Gazebo simulation of the C4 block hall and refactored the inherited
codebase to meet ROS 2 best practices.

The MPC controller now is fully functional and actively used during navigation. It generates
smooth control commands and successfully handles dynamic constraints. Additionally, the
perception system detects human positions and propagates them to the MPC controller,
enabling real-time trajectory adaptation.

With The MPC ready to be implemented on a real robot and maps of experimentation
environment available, experimentation can be carried out the next year.
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Chapter 1: Introduction

Autonomous mobile robots are increasingly deployed in environments such as hospitals, uni-
versities, warehouses, and industrial facilities. In such environments, motion planning plays a
critical role in ensuring safe, predictable, and efficient navigation among static infrastructure
and moving people. Traditional navigation approaches often struggle with dynamic obstacles,
system constraints, and the need for smooth, optimized trajectories.

Model Predictive Control (MPC) offers a powerful solution because it predicts future robot
states, optimizes motion over a finite horizon, and enforces constraints such as velocity limits
and collision avoidance. This makes MPC highly suitable for robots operating in crowded
indoor spaces where safety and smooth motion are essential.

This project aims to implement and evaluate an MPC-based motion-planning system for
the Clearpath Jackal robot within a realistic indoor environment. The project builds upon
the partially completed work of a previous student team. However, their system suffered
from significant issues: hardcoded file paths, outdated ROS 2 packages, broken launch files,
and a malfunctioning robot OS. These problems prevented meaningful progress toward MPC
implementation.

To overcome these limitations, we focused on:

• resetting and reinstalling the robot’s operating system with ROS 2 Humble,

• developing Gazebo simulation of the C4 corridor,

• refactoring the inherited simulation and control code,

• installing and configuring essential navigation packages.

The remainder of this report is organized as follows: Chapter 2 reviews relevant research
on motion planning and MPC. Chapter 3 presents the methodology adopted throughout the
semester. Chapter 4 describes the simulation environment and hardware setup. Chapter 5
details the system design and implementation. Chapter 6 reports testing and evaluation
results. Chapter 7 concludes the report and outlines future work.
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Chapter 2: Background Research

2.1 Motion Planning for Mobile Robots

Mobile robot navigation involves determining a collision-free path from the robot’s current
position to a goal position. Traditional approaches include graph-based planners (A*, D*)
and sampling-based planners (RRT, PRM). However, these methods often assume static
environments or do not fully incorporate robot dynamics.

2.2 Model Predictive Control (MPC)

Model Predictive Control is an optimization-based method widely used in robotics due to its
ability to predict future system behavior and incorporate constraints directly into the control
formulation. At each control step, MPC solves an optimization problem that minimizes a
cost function penalizing deviation from the desired trajectory and control effort. Constraints
on velocity, acceleration, and obstacle avoidance can be integrated explicitly.

Recent research highlights its success in mobile robot navigation, especially when combined
with collision avoidance frameworks such as the Velocity Obstacle paradigm. MPC is compu-
tationally intensive, but advances in numerical optimization and reduced prediction horizons
enable real-time performance on embedded systems.

2.3 SLAM and Navigation Systems in ROS 2

Simultaneous Localization and Mapping (SLAM) enables robots to construct an environment
map while estimating their pose. Tools such as SLAM Toolbox and Nav2 provide robust
implementations for 2D LiDAR-based mapping and navigation. These form the backbone of
modern mobile robot systems and serve as the baseline framework for integrating MPC.
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Chapter 3: Literature Review

3.1 MPC

According to paper [10] Model Predictive Control is an advanced control strategy used in
various applications, including robotics, to manage the behavior of dynamic systems. MPC
operates by predicting the future behavior of a system over a defined prediction horizon.
It uses a model of the system to forecast future states based on current inputs and states.
The goal is to determine the optimal control inputs that will drive the system towards a
desired state or trajectory while adhering to constraints. In MPC, the state of the system
is represented by a state vector x Rn, and the control inputs are denoted by u(t). The
control inputs are chosen from a convex set of input constraints U. A crucial aspect of MPC
is the formulation of a cost function that quantifies the performance of the control inputs.
This cost function typically includes terms that penalize deviations from desired states and
excessive control efforts. For instance, a common form is L(x,u)=xTQu+uTRu, where Q and
R are diagonal matrices that weigh the importance of state performance and actuator effects,
respectively. At each sampling time, MPC solves an optimization problem to find the control
inputs that minimize the cost function while satisfying the system’s constraints. This process
is repeated at each time step, allowing the controller to adapt to changes in the system or
environment.

To ensure stability, MPC often incorporates a terminal cost function F(x(T)) that penalizes
the terminal state, helping to keep the system within a stable region. In the context of
autonomous mobile robots, MPC can be combined with other techniques, such as artificial
potential fields, to handle trajectory tracking and obstacle avoidance. The robot can be
guided towards a virtual goal while avoiding collisions, demonstrating the versatility of MPC
in complex environments.

MPC offers several compelling advantages that make it particularly suitable for motion plan-
ning in mobile robots. One of its most significant strengths lies in its predictive capability: by
utilizing a system model to forecast future states, MPC can anticipate and respond to changes
in system dynamics or external disturbances, thereby optimizing performance over a specified
time horizon [10]. This forward-looking nature allows MPC to calculate control actions that
are not only responsive but also proactive, enabling more efficient motion planning even in
cluttered or densely populated environments [4]. Furthermore, MPC is highly flexible—it can
be tailored to a wide array of systems and applications by customizing cost functions to meet
specific performance goals, whether for trajectory tracking or obstacle avoidance [10]. In
addition, MPC supports real-time control, making it ideal for dynamic scenarios where rapid
and reliable decision-making is critical [14]. Unlike more simplistic planning approaches,
MPC can seamlessly integrate both the dynamic and kinematic constraints of mobile robots
into its computations, resulting in more accurate and reliable motion trajectories [14]. In ad-
dition to this MPC approach enables simultaneous control of state variables and trajectory
planning between obstacles. This integration allows the robot to navigate efficiently while
maintaining stability in the presence of both static and moving obstacles[4].

Despite its many advantages, Model Predictive Control (MPC) presents several challenges
that have been actively addressed in recent research. One of the primary concerns is its
computational complexity. Since MPC requires solving an optimization problem at every
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control step, it can be demanding in terms of processing power—especially in systems with
many states or when real-time decision-making is required, such as in autonomous mobile
robots [7][10]. To mitigate this, several studies propose innovative approaches. For instance,
[7] introduces a zero-order robust optimization (zoRO) scheme that avoids the need for ellip-
soidal sets in the optimization process, thus reducing computational demands. Similarly, the
use of Nonlinear MPC (NMPC) in [4] reformulates the problem within a nonlinear frame-
work, which allows for better handling of system dynamics without increasing computational
complexity. Paper [10] further improves efficiency by proposing an explicit MPC solution in
the form of a look-up table. This method allows pre-computed optimal control actions to
be stored and accessed in real-time, significantly reducing the processing load. Additionally,
the use of a discrete MPC framework with a structured prediction horizon enables efficient
updating of state measurements and control inputs during each sampling interval [10].

Another challenge of MPC is its sensitivity to disturbances. Since optimal control inputs
often lie near the boundary of constraints, even minor disturbances can cause constraint
violations, jeopardizing the robot’s safety. Paper [7] addresses this by proposing a robust
MPC formulation that models and propagates bounded process disturbances using ellipsoidal
sets. This enhances safety by ensuring that control actions remain valid even under uncertain
operating conditions.

MPC may also yield suboptimal control actions in the presence of disturbances. Although
the zero-order optimization scheme proposed in [7] is inherently suboptimal, the authors
demonstrate that it can still maintain convergence to the reference trajectory when obstacles
are absent. This shows that, for many practical applications, maintaining smooth and safe
trajectories is achievable even with simplified optimization schemes. Another limitation lies
in the dependence of MPC on an accurate system model. Inaccurate models can lead to poor
control performance, especially in tasks such as obstacle avoidance and path stabilization [4].
Paper [4] emphasizes this issue and proposes integrating stability and performance analyses
into the control system to determine appropriate parameter values, thus improving robustness
despite potential model inaccuracies.

Tuning the parameters of an MPC controller is also a nontrivial task. Incorrect tuning can
cause performance degradation or even instability. The authors of [4] provide a systematic
method for parameter tuning by analyzing the system’s stability and performance. They
establish mathematical criteria to guide the selection of optimal parameter values, which
enhances both the reliability and efficiency of the control system.

Finally, handling constraints and potential deadlocks in real-time is particularly difficult for
MPC in cluttered environments. In response to this, paper [14] offers an MPC-based mo-
tion planning strategy that uses the Velocity Obstacle (VO) paradigm. It detects deadlock
situations by evaluating the waypoint’s feasibility and adjusts the target location based on
proximity to the robot, ensuring continuous progress without violating safety constraints.
This approach does not require modifying the VO formulation, which maintains computa-
tional simplicity while improving trajectory feasibility and reducing conservativeness [14].

Through these varied strategies—ranging from novel optimization techniques to robust mod-
eling and intelligent constraint handling—recent research has significantly advanced the ap-
plicability of MPC for motion planning in dynamic and complex robotic environments.
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Figure 3.1: Advantages and Disadvantages of MPC methods with proposed solutions

3.2 DRL

What is DRL?

As the gap between the simplified simulation, based on which robot operates, and actual
surrounding conditions continue to widen, the working environment is becoming increasingly
complex for robots. As a result, traditional path planning methods, such as Probabilistic
Roadmap Method or Dynamic Window Approach, are no longer sufficient for motion planning
of mobile robots. [17]

Traditional path planning methods generally focus on static objects or oversimplify the model
of moving objects by considering them as stationary at particular moment of time [9]. How-
ever, the Deep Reinforcement learning (DRL) can learn to make optimal decisions without
having an environmental model, thus, making it highly adaptable to different environments.
[17]. Because of this, the DRL method is becoming more common for path planning of mo-
bile robots. Through DRL methods, mobile robots have an extensive interaction with the
surrounding environment. Due to this, robots, trained by DRL, do not need a map of the
environment in advance, they have robust learning capabilities and lower reliance on sensor
accuracy. [9].

Reinforcement Learning (RL) helps systems to learn from an interaction with a real world and
then find an optimal decision-making strategy. In this method ‘agent’ is a decision-maker,
while ‘environment’ is the surroundings of the mobile robot. [9]. The robot then receives a
feedback signal, which comes as a reward. This process trains the algorithm, which robot
then uses while operating. A mathematical framework is used (Markov Decision process),
where elements are S, A, R, and P: environments State, Action taken by the agent, Reward
value received by agent and state transition Probability.[9]. The state transition probability
is the probability of the system to state st+1 from st when action at is taken by the agent
when reward rt was obtained. Despite receiving instantaneous feedback at each step, the
main goal of DRL is to optimize the overall cumulative reward over the long period of time,
instead of immediate rewards.[9].

While path planning of mobile robots, devices such as sensors, cameras etc. may be utilized
to establish a connection with the surrounding environment. There are key elements in DRL
method: actions space, which consists of three types: discrete movement, which includes
basic maneuvers such as simple turns; continuous velocity, which includes angular and linear
velocities of the mobile robots; and motor speed; reward function, which trains the robot
to avoid obstacles(i.e., an RL agent can obtain a positive reward when the robot is getting
closer to a target or, an agent can obtain a negative reward when the robot collides with
the obstacle or gets too close to it); state space, which focuses on the position of the robot
in surrounding space, as well as its starting point, target and obstacles. When planning the
motion of the robot, it is necessary to define the above elements. [13].

Advantages of DRL

The DRL-based learning involves real-time interaction between the agent and environment.
Unlike the traditional motion planning methods, robots are not reliant on a simplified simu-
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lation, which often fails to consider working conditions. Also, RL agents can be trained with
a minimum amount of datasets. [11]. Since the DRL method focuses on feedback reward
learning, the requirement for a simulation etc. is minimal. Moreover, DRL-based training
is robust. For example, Soft Actor-Critic (SAC) algorithm has strong robustness, as it uses
stochastic sampling, due to which it can easily adjust to surrounding disturbances. [15] in
addition to this, SAC has strong exploration ability, as it can control the ratio of the max-
imum entropy to the reward, which helps an agent find an optimal solution with multiple
reward functions. As a result, a mobile robot can reach the target while avoiding obstacles
at the same time.

Disadvantages of DRL Traditional DRL algorithms have several issues. They can be improved
by integrating multiple algorithms.

DRL-based learning can face scalability issues. For Q-Learning (Rl algorithm), Q-value is
calculated based on the Bellman equation. [11]. Then it is used by an agent for path
planning. However, as the size of the environment increases, the memory complexity also
increases. However, this issue is not the case in Deep Q-Learning, as the Q-value is predicted
with a neural network, which can also be trained [5], however it also adds to the cost of
DRL-based training.

Another drawback of DRL-based training is slow convergence. The convergence time is high
for DRL-based path planning, as it takes a significant amount of time for the agent to learn
the task. This issue is especially critical when the working space increases. To reduce it,
agent can be pre-trained by a 2D simulator environment and use this training later when it
is interacting with a real life environment. [11]. Moreover, Intrinsic Curiosity Module (ICM)
can be used to accelerate the learning and allowing to quickly adapt to environment. [17].

Moreover, DRL method has low sample efficiency. DRL algorithms require a significant
amount of training samples before learning to complete task. Usage of ICM in the LI-PPO
algorithm can provide intrinsic reward, thus improving the efficiency.[17]

DRL-based training often has stability issues. Training process is often unstable, which makes
it prone to policy collapse or getting stuck in local optima. [17]. The issue can be resolved
by a 3D path planning in a limited observation space (LOS-PPO), however this solution is
costly. Also, Long-Short Term Memory (LSTM) networks can be used to address long-term
dependencies which leads to a more stable training[17].

In addition to this, there is a high complexity of training. Training the agent to avoid obstacles
can be very complex, especially in a dynamic environment, where obstacle locations are not
known in advance.

And finally, the cost of training, based on DRL, is usually high and requires a significant
amount of computational resources. In addition to this, solving the issues mentioned above
also come at high costs. However, it is addressed in [17], the proposed LI-PPO algorithm can
enhance the efficiency to reduce the computational costs of DRL based training.

3.3 Discussion

The comparison between Model Predictive Control (MPC) and Deep Reinforcement Learning
(DRL) shows strengths and limitations for motion planning in mobile robotics, emphasizing
the importance of selection based on context in which robot is being used.
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MPC demonstrates strong performance in structured and moderately dynamic environments,
where an accurate system models are available. Its predictive nature and ability to handle
constraints makes it useful for tracking trajectory and avoiding obstacles when system dy-
namics is known. Moreover, MPC’s real-time decision-making and optimization-based control
allow for precise and interpretable adjustments of robots behaviour during operation [10][14].
However, its reliance on model accuracy and high computational demand restricts its appli-
cations in highly unpredictable or large-scale environments. Recent studies propose several
solutions to address these issues, such as explicit MPC with precomputed control laws [10], ro-
bust MPC using ellipsoidal sets [7], and nonlinear MPC formulations that capture real-world
dynamics better [4]. Nevertheless, fine-tuning MPC parameters and maintaining stability
under disturbances remain open challenges that require further automation and adaptation
strategies.

In contrast, DRL is great in environments, where dynamics are challenging to model or always
changing. Its ability to learn directly from interactions with the environment gives it superior
adaptability, especially in unstructured and uncertain domains [9][17]. DRL eliminates the
need for a predefined model, allowing robots to learn robust policies through trial-and-error.
Algorithms like Soft Actor-Critic (SAC) have strong robustness and exploration capabilities,
allowing robots to operate effectively in a surroundings with moving obstacles and noisy sen-
sor data [15]. However, DRL faces significant challenges, including high sample inefficiency,
slow convergence, and unstable training processes. These issues become more evident as
the complexity of the task increases. To address them, approaches such as Intrinsic Curios-
ity Module (ICM), LI-PPO, and LSTM-based architectures have been proposed to improve
stability and efficiency while training [17]. However, still, the training cost and resource in-
tensity of DRL remain a critical issue to its real-time deployment. When comparing both
approaches, it becomes evident that MPC offers interpretability, constraint satisfaction, and
safety guarantees, making it suitable for applications requiring formal performance guarantees
and deterministic behavior. DRL, on the other hand, provides flexibility and generalization
in environments where model-based approaches would not be applicable. While MPC is more
mature and stable, DRL is more useful in dealing with unexpected scenarios.. A promising re-
search direction is the integration of the two: hybrid frameworks that use MPC for short-term
planning and DRL for long-term decision-making could potentially deploy the strengths of
both methods. For instance, DRL could be used to adaptively tune MPC parameters online
or predict optimal trajectories that MPC can follow in real-time.

Further improvements in both control methods are necessary to make them more suitable
for real-world mobile robots. For MPC, these include enhanced real-time solvers, adaptive
model identification, and better robustness to disturbances. For DRL, future work should
focus on improving sample efficiency and stability during training.

Overall, while neither approach is universally superior, understanding their complementary
characteristics enables more informed selection and innovative hybrid strategies for advanced
motion planning systems.
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Chapter 4: Methodology

The project was completed in four major phases, combining software reconstruction, simula-
tion development, and hardware preparation.

4.1 Phase 1: Knowledge Acquisition

We began by studying ROS 2 Humble, Nav2, TF2, RViz, and Gazebo. We also reviewed MPC
literature, explored its mathematical foundation, and gained basic proficiency in C/C++ to
understand and modify ROS packages.

4.2 Phase 2: Code Review and Refactoring

The inherited simulation framework contained extensive hardcoding of paths, robot names-
paces, and configuration parameters. These caused build failures and prevented portability.
We addressed these issues by:

• replacing hardcoded values with parameter files,

• reorganizing the workspace into a clean ROS 2 structure,

• updating outdated ROS APIs,

• modularizing launch files to improve readability and maintenance.

4.3 Phase 3: Simulation Environment Development

Using floor measurements of the C4 corridor, we created a Gazebo world that reflects real
hall dimensions. The simulation integrates:

• Jackal robot model with LiDAR, IMU, and odometry plugins,

• physical properties such as lighting and friction,

• textures and geometry matching the real space.

This environment serves as a safe platform for validating navigation algorithms before de-
ploying them to hardware. During this phase, the primary objective was to establish a stable
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simulation environment using ROS 2 Humble, Gazebo, and the Clearpath simulator packages.
However, multiple integration issues were encountered.

Initially, conflicts arose due to mixing apt-installed Clearpath packages located in /opt/ros/humble
with source-built versions in the overlay workspace. This resulted in build failures and in-
consistent package resolution. The issue was resolved by removing conflicting apt packages
and rebuilding the workspace from source to ensure version consistency.

Further complications occurred during the colcon build process due to missing dependen-
cies (e.g., yolo msgs), which required restructuring the workspace and ensuring proper build
order.

After resolving the simulation errors encountered during earlier stages of development, the
focus of the work shifted toward enhancing the capabilities of the MPC framework. Specifi-
cally, the MPC formulation was extended to handle a greater number of dynamic constraints
simultaneously, enabling more robust interaction with moving agents in the environment. In
parallel, an updated formulation of the SSM parameters was incorporated into the controller,
improving the system’s ability to account for human–robot safety distances in dynamic sce-
narios.

Given these substantial modifications to both the environment and the control architecture,
a comprehensive retuning of the MPC’s constant parameters was performed.

As a result, the simulation environment can now be launched reliably, and full integration be-
tween the perception modules, navigation stack, and MPC controller has been achieved. The
system operates in a stable manner, providing a consistent foundation for further evaluation
and experimentation.

4.4 Phase 4: Real Robot Setup

Initially, the robot was fully non-operational due to outdated libraries, incompatible ROS 2
installations, broken TF frames, and missing device drivers. RViz would not run, and core
sensor topics were unavailable.

To resolve this, we:

• reset the robot’s Ubuntu OS,

• installed ROS 2 and Nav2,

• configured SLAM Toolbox and LiDAR drivers,

• set up DDS networking between laptop and robot.

As a result, robot can now be operated using joystick and a laptop as its hardware. In
addition to this, robot can navigate in an environment with Nav2 navigation framework.
Moreover, Jackal is able to draw an accurate map of a surrounding environment using SLAM
(Simultaneous Localization and Mapping).
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4.5 Ethics Portfolio

The goal of this project is to implement the simulated MPC in the real world, tune it by
taking into consideration the real environment’s conditions (specifically constraints), so that
the JACKAL robot will avoid any obstacles (including dynamic ones such as humans) dur-
ing its operation. Of course, therefore, the experimentation phase will involve robot-human
interaction. Involving humans in an experiment raises ethical and legal considerations about
physical safety, human-subject participation, and data protection. Being intended for ware-
house usage, the JACKAL weighs 17 kg and can carry 20 kg, and capable of moving at 2m/s,
its collision with humans might result in an injury. Resolving this issue comes at a cost of
time: robot will be set not to move at its max speed near humans. The experiment will
involve only people who consented to take part, and the experimentation phase will start
with testing with fixed obstacles, then obstacles resembling human presence and only then
with real humans. A minimum-distance abort rule will be defined before the beginning of
human trials, and breach of that threshold will immediately halt experiments and trigger
MPC revision. Experiments will always be conducted in presence of a supervisor who will
perform an emergency stop if needed. This is consistent with the international guidelines
such as ISO 13482 and ISO 15066, which are specified on reducing risk in human-robot in-
teraction. Experiments will involve interaction with people from the lab, i.e. our capstone
team members and possibly other students/Ras who work with the Jackal.

Video or motion data from the experiment may be recorded. These recordings may identify
participants; therefore they should be treated as protected research data. The access to this
data will be available only to the research team, and the data itself will only be used for
research purposes. Storing raw video is preferred for technical completeness even though
anonymized trajectories would reduce privacy risk; this trade-off is justified by restricting
access and clearly informing participants of retention and purpose.

Besides ethics and legality, the project has sustainability and social responsibility implica-
tions. Development of warehouse obstacle avoiding robots may take over certain jobs but
also decrease the risk of human injury or even death in a warehouse environment. From a
sustainability perspective, improving robot navigation in a warehouse may improve efficiency
in logistics in the long term. Conducting our research with consideration of all ethical and
legal issues can help to achieve this without unnecessary harmful costs.

From an ethical point of view, the goal of the project is to avoid causing harm and consider the
social implications of deploying such systems in the real world. Though these considerations
do not limit results a project can achieve, they come at a cost: reducing speed of operation at
the cost of time. Including ethical consideration into design methodology, we make sure that
the project maintains alignment with both ethical principles and accepted safety practices in
human-robot experimentation.
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Chapter 5: Learning Portfolio

5.1 Key learning experiences

5.1.1 Technical challenges

During this phase of the Capstone project, we encountered several technical issues. The most
challenging one was the reconstruction and stabilization of a broken robotics pipeline. The
system that we received from last year’s capstone project was not fully functional as it con-
tained hardcoded file paths, outdated ROS2 packages, broken launch files and incompatible
dependencies. This made us rebuild the entire ROS2 environment from scratch.

Another issue that we encountered was the instability of the ROS2 environment. Conflicts
between app installed packages and source-built workspaces, missing dependencies, package
detection errors and broken environment sources caused failures during build. In addition
to this, the simulation in Gazebo was faulted, as we encountered failures during controller
activation (robot did not accept velocity commands), timing inconsistencies in control loops,
transform synchronization errors and the most significant one: robot ignoring obstacles (pass-
ing through walls, moving unrealistically and etc.).

Issues were encountered with hardware as well. Our Jackal robot was initially unusable, as it
had outdated drivers, broken TF tree, missing sensor topics and Rviz was not launching. This
required us to perform full reset and reinstallation, which was a completely new experience
for our team.

Integration components like Nav2, SLAM and MPC were also challenging due to real-time
synchronization problems, nodes not communicating properly and etc.

5.1.2 What we didn’t know initially

At the beginning of the project:

• We did not understand how ROS2 environments and overlays work

• We did not know how package conflicts (apt vs source) affect builds

• We had never performed a full robot OS reset and setup

• We did not understand controller lifecycle management in ROS2

• We did not know how to debug TF tree and timestamp mismatches

• We had no experience debugging distributed robotic systems

• We assumed that if nodes launch successfully, the system should work (which was incorrect)
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5.1.3 How we learned

Our learning process included active use of documentation, particularly of ROS2 Humble,
guides for Nav2 and SLAM Toolbox, Gazebo and Clearpath resources. We also reviewed
Clearpath simulation packages and intensively study previous team’s codebase.

In addition to this, practice significantly impacted our learning process. Rebuilding workspaces
multiple times, removing conflicting packages and frequent testing of components helped us
to understand the working process. The guidance we received from our supervisor and his
RAs also helped us a lot.

5.1.4 Learning progress

After almost a year working on our project, we can now systematically debug ROS2 sys-
tems, starting from environment, then moving on to packages, nodes, topics and controllers.
We understand how ROS2 communication works. While initially we could not figure why
we encountered failures during running, now we can identify and fix dependence and build
conflicts. During our work, we successfully managed to restore ROS2 environments, resolve
package conflict issues, build an operational Gazebo simulation and bring the JACKAL to
an operational state.

5.2 Skill acquisition

5.2.1 Technical Skills

Technical Skills

• ROS2 Navigation Stack (Nav2): Gained solid understanding of mapping, localization, and
planning modules. Learned to configure and launch different navigation nodes. We reached
confident level.

• ROS2 Architecture: we acquired deep understanding of ROS2 communication, environmen-
tal sourcing and system structure. We applied this knowledge while debugging Nav2, TF,
controller communication issues. We reached confident level.

• C++ Programming: Improved proficiency by reading and modifying ROS2 packages and
controller plugins written in C++. We reached working level, not of a professional developer,
but enough to work on our project.

• Model Predictive Control (MPC/NMPC): Understood its mathematical foundation and
how it predicts robot trajectories while respecting constraints. We reached confident level.

• ACADOS Solver: Learned how it enables real-time optimization in robotics control loops.
We reached working level.

• Simulation Tools: Became proficient in Gazebo and RViz for visualization, debugging, and
testing robot behavior virtually. We reached confident level.

• SLAM Mapping and Sensor integration: Learned how to use SLAM Toolbox in ROS2 to
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generate maps using LiDAR data and save them for localization. We reached confident level.

• Hardware Operation: Learned to safely operate the Jackal UGV, test motion commands,
and monitor real-time sensor feedback.

5.2.2 Soft skills

Soft Skills • Teamwork and Collaboration: We divided responsibilities effectively — one
focusing on ROS2 integration, the other on theoretical understanding and documentation.
Regular synchronization meetings helped maintain progress.

• Independent Learning: We often faced technical challenges without direct answers and
learned to research, test, and validate solutions independently.

• Time Management: Balancing simulation debugging, ROS learning, and report writing
required careful planning and prioritization.

• Technical Communication: We practiced documenting our experiments clearly so that our
supervisor and future teams can easily replicate or extend our work.

5.2.3 System Integration

Our major learning outcome was an understanding of how all components interact as a single
system. Sensors, SLAM, Nav2, Controller are all connected and should be operational for a
robot to operate. TF connects all coordinate frames and it is important for the timing to
be consistent across all nodes. Failure at even one of those layers can cause failure for entire
system. System integration was the most important and the most challenging step we had
to overcome.

5.3 Future Learning goals

For future learning beyond our Capstone project, we would want to achieve next goals:

• Full MPC integration: stabilize the control pipeline and ensure real-time performance.

• System Optimization: Work on reducing latency in real-time NMPC computation and
improving the overall robustness of the system.

• Broader Human-aware navigation experiments: extend the scale of simulation to different
environments and much larger presence of dynamic obstacles (humans) to further validate
SSM constraints.

• Soft Skills: Continue improving project coordination, communication, and presentation
skills, especially for the final demonstration and defense.
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Chapter 6: Simulation Environment and

Hardware Setup

6.1 Simulation of the C4 Hall

We reconstructed the 4th-floor corridor of Block C4 using precise measurements. The Gazebo
world includes:

• accurately scaled walls and corridors,

Figure 6.1: pgm file of the C4 coridor.

• realistic lighting and materials,

• a Jackal model with simulated LiDAR, IMU, and wheel encoders.

This environment allowed us to test SLAM, navigation, and controller behavior without
risking hardware damage.
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Figure 6.2: Gazebo simulation of the C4 hall.

6.2 Robot Operating System Reset

The real Jackal robot required a full OS reset due to broken dependencies. We installed:

• Ubuntu with ROS 2 Humble,

• Nav2 and SLAM Toolbox,

• LiDAR and sensor drivers.

In addition to the robot-side reset, a partial reconfiguration of the ROS 2 environment on
the development laptop was necessary. This was caused by inconsistencies in environment
sourcing, conflicting overlays, and incompatible Python dependencies introduced during in-
tegration of perception and MPC components. As a result, the system initially failed to
correctly recognize the ROS distribution, and several core tools (e.g., ros2 doctor) were
unavailable.

Furthermore, integration of the YOLO-based perception pipeline and the MPC controller
required careful management of Python libraries such as NumPy, PyTorch, and Ultralytics.
Version mismatches led to runtime errors (e.g., missing modules and incompatible APIs),
which directly affected the perception-to-control pipeline.

To restore a stable and consistent environment, the following corrective actions were per-
formed:

• Reinstallation and verification of system-wide Python dependencies to ensure compat-
ibility (e.g., aligning numpy, torch, and ultralytics versions)

• Re-sourcing the ROS 2 underlay environment: /opt/ros/humble/setup.bash

• Cleaning the workspace by removing build, install, and log directories to eliminate
corrupted build artifacts

• Resolving package conflicts and rebuilding message packages (such as yolomsgs) sepa-
rately before full workspace compilation
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Figure 6.3: Gazebo simulation of the C4 hall.

• Rebuilding the workspace using colcon build --symlink-install to maintain proper
linkage between packages

• Verifying package availability and controller integration using ros2 pkg list and run-
time testing

Additionally, adjustments were made to ensure correct interaction between the perception
modules and the MPC controller, including validation of detected object data flow and con-
sistency of runtime environments across nodes.

After completing these steps, the ROS 2 environment was successfully stabilized. All required
packages were correctly detected, the build process became reliable, and the full system -
including perception, navigation, and MPC could be launched and executed without critical
errors.
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Figure 6.4: Rviz simulation of the C4 hall with moving robot and Nav2 path.
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Chapter 7: System Design and Implementation

7.1 Software Architecture

The system architecture was significantly revised to ensure stability, modularity, and com-
patibility across all components. The final architecture includes:

• a ROS 2 Humble workspace with modular and decoupled packages,

• parameterized launch files supporting simulation,

• the Nav2 stack as the global navigation framework,

• a custom Model Predictive Control (MPC) controller for local trajectory optimization,

• integration with a perception pipeline (YOLO-based human detection),

• consistent Python environment aligned across all ROS nodes (NumPy, PyTorch, Ultr-
alytics).

Special attention was given to resolving dependency conflicts in Ubuntu and Python environ-
ments. Inconsistent versions of numpy, torch, and ultralytics previously caused runtime
failures in perception nodes. These were resolved by enforcing compatible versions and clean-
ing redundant installations from both system and user-level paths.

7.2 MPC Integration and Enhancements

The MPC module was fully integrated as a replacement for the default Nav2 local planner.
The controller operates by:

• subscribing to odometry and robot state estimates,

• predicting future states over a finite time horizon,

• optimizing control inputs (linear and angular velocities),

• enforcing dynamic and safety constraints during optimization.

Compared to the initial design, the MPC implementation was extended with:

• an increased number of dynamic constraints handled simultaneously,

• integration of updated Safety Separation Margin (SSM) equations,

• improved parameter tuning to match the updated system dynamics and environment,

• partial coupling with perception outputs (human detection data from YOLO).
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7.2.1 MPC Integration: Current Status

The MPC controller package (mpc low) has been successfully compiled, integrated, and de-
ployed within the navigation stack. The system can be launched reliably, and the interaction
between Nav2, Gazebo simulation, and the MPC controller is stable during execution.

During the development process, several runtime issues were encountered, primarily related to
timing constraints and system performance. These included missed control loop deadlines and
occasional Behavior Tree timing warnings. To address these issues, the control frequency was
reduced to 5 Hz, which ensured consistent and stable controller execution without overloading
the system.

Additional tuning of MPC parameters was performed to improve overall behavior, including
adjustments to velocity limits, constraint handling, and cost function weights. These changes
resulted in smoother navigation and more reliable controller performance in dynamic scenar-
ios.

The perception system is fully operational and correctly detects humans in the environment
using the YOLO-based pipeline. The detected positions are successfully transformed and
propagated to the MPC module, where they are incorporated into the control framework.
Debugging confirmed that the human position data is consistently received and utilized within
the MPC solver, ensuring proper interaction between perception and control components.

Overall, the MPC controller operates as intended, and the previously observed errors have
been resolved. The system has evolved from an unstable prototype into a fully functional
and integrated navigation framework, providing a solid foundation for further improvements
in robustness, safety, and real-time performance.
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Chapter 8: Testing and Evaluation

8.1 Simulation Testing

The system was validated through a series of simulation experiments in Gazebo and RViz.
The following aspects were successfully verified:

• correct spawning of the robot in the C4 corridor environment,

• proper functioning of LiDAR and IMU sensors,

• successful initialization and operation of the Nav2 navigation stack,

• correct visualization and data flow in RViz.

8.1.1 Simulation Testing: Current Observations

Extensive simulation testing was conducted to evaluate the stability and performance of the
fully integrated system. The robot model consistently spawns in the simulation environment,
and all required nodes launch without critical errors.

During earlier stages of development, several runtime warnings were observed, including
control loop timing issues and occasional transform inconsistencies. These were systematically
addressed through environment cleanup, dependency alignment, and controller tuning. In
particular:

• Control loop instability was resolved by adjusting the controller frequency to 5 Hz

• Timing and synchronization issues within Nav2 were mitigated through parameter tun-
ing

• Package and dependency conflicts affecting runtime behavior were eliminated

Following these improvements, the system demonstrates stable and reliable operation. The
following components are fully functional:

• Gazebo simulation launches consistently

• Robot description, sensors, and TF tree operate correctly

• Nav2 stack performs global planning without failures

• MPC controller executes reliably during navigation

The simulation environment is now considered both structurally and dynamically stable under
MPC control.
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Figure 8.1: Simulation testing: obstacle avoidance with MPC in Gazebo

8.1.2 Simulation Testing: Obstacle Avoidance

Dynamic obstacle avoidance was evaluated by introducing one static and two moving hu-
man actors into the simulation environment. The robot, controlled by the MPC-based local
planner, successfully adapts its trajectory in real time to avoid collisions.

The perception system detects human positions and propagates this information to the MPC
controller, allowing it to incorporate dynamic constraints during optimization. As a result,
the robot demonstrates safe navigation behavior in the presence of moving obstacles.

8.2 Hardware Testing

Previously, the robot that the project focused on was malfunctioning and could not be oper-
ated. After resolving the hardware problems, the Jackal robot can finally be operated with
the joystick and a laptop used as its hardware.

In addition to this, robot can operate while navigating with Nav2. The SLAM (Simultaneous
Localization and Mapping) issues were resolved, and currently JACKAL robot can draw the
map of the surrounding environment in Rviz correctly.

However, there is a build failure during an attempt to launch MPC on the robot. Nav2
framework does not launch when the namespace we work on, j100 0001, is configured in the
YAML file. As a result, without Nav2 testing MPC was not possible.
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Figure 8.2: Map of the lab room drawn with SLAM before

Figure 8.3: Map of the lab room drawn with SLAM after
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Chapter 9: Experimental Validation of Speed

and Separation Monitoring (SSM)

9.1 Introduction to SSM

Speed and Separation Monitoring (SSM) is a critical safety function for autonomous mobile
robots that ensures a protective separation distance is maintained between the robot and
any obstacles or personnel. Since this project involves a Jackal robot, weighing 17 kg and
capable of carrying up to 20 kg load, it is important to ensure that possible harmful collision
with human is avoided, while maximizing the speed and efficiency of the robot. This chapter
details the empirical braking tests performed on the Jackal to define the safety parameters
required for autonomous navigation.

9.2 Experimental Methodology

To carry out the experiment, specific script was written that, once run, waited for short
period of time to allow the user to move away from the robot to a safe distance, run the
robot at a given speed, give a command to stop, measure the distance covered AFTER the
command was given until the complete stop and record it for later analysis. The robot
was commanded to various linear velocities (v) ranging from 0.5 m/s to 1.5 m/s. Upon
reaching a steady-state velocity, a zero-velocity command (0.0 m/s) was given. The stop-
ping distance was calculated by measuring the displacement from the EKF-filtered odometry
(/j100 0001/platform/odom/filtered topic in the ROS2 system of the robot) between the
timestamp of the stop command and the moment the robot reached a complete halt.

9.3 Results and Statistical Analysis

The experimental results demonstrate a clear correlation between velocity and braking per-
formance. Table 9.1 summarizes the data across the trial sets.

9.4 Discussion of Safety Parameters

The maximum stopping distance observed at 1.0 m/s was approximately 0.1692 m. While
the robot can operate at 1.5 m/s, the experimental data reveals a significant increase in
variance (Standard Deviation of 0.113 m) and a maximum stop distance of 0.3427 m.
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Table 9.1: Braking Performance Summary Across 20 Trials per Speed
Velocity (m/s) Average Dist. (m) Max Dist. (m) Std. Dev (m)

0.5 0.0121 0.0229 0.0066
0.6 0.0414 0.0674 0.0199
0.7 0.1040 0.1232 0.0150
0.8 0.0844 0.1501 0.0559
0.9 0.1019 0.1643 0.0487
1.0 0.1514 0.1692 0.0125
1.5 0.2000 0.3427 0.1015

The Hokuyo LiDAR utilized in this project has a measurement uncertainty (Zd) of ±6 mm.
When operating at 1.0 m/s, the sensor uncertainty represents only 3.5% of the total stopping
distance, indicating that the safety system is limited by physical inertia rather than sensor
precision. Including the maximum distance is essential since the safe distance should be
based on the worst-case scenario that can occur. Considering the standard deviation is
important to decide at which the robot should operate; low variance ensures that robot’s
stopping distance is unlikely to deviate from the average braking distance. Results suggest
that stopping distance at linear velocity of 1.0 m/s has second lowest variance, after linear
velocity of 0.5 m/s.

9.5 Implementation Recommendations

Based on the results, 1.0 m/s is established as the maximum operational velocity. At
this velocity, robot is fast enough to operate efficiently and less likely to deviate from the
calculated stopping distance. To implement the SSM logic, the Protective Separation
Distance (Sp) is defined as follows:

Sp = Ss + Zd + Sbuffer (9.1)

For a velocity of 1.0 m/s:

• Ss (Max Stopping Distance): 0.1692 m

• Zd (LiDAR Uncertainty): 0.006 m

• Sbuffer (Safety Margin): 0.075 m (approx. 30% of total)

Final SSM Configuration: The robot is programmed to trigger a Hard Stop whenever an
object is detected within a 0.25 meter (250 mm) radius. This distance provides a robust
safety envelope that accounts for the worst-case physical braking observed while maintaining
the agility required for indoor navigation.

While this distance is necessary for a Hard stop, the implementation of Model Predictive
Control requires to optimize robot motion by varying robot’s speed and trajectory when
encountering an obstacle rather than stopping completely as in traditional motion planning
methods. This distance will remain as a safety measure, in case robot will not be able to find
an optimal trajectory and the collision is inevitable if movement is continued.
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However, for a MPC based motion planning, it is necessary to optimize the motion trajectory
and robot’s speed based on the distance to the obstacle in real time. To implement it, it is
necessary to take into consideration SSM constraints formulated in ISO/TS 15066. ”Their
imposition ensures that, assuming that the human can move at any time in any direction
with a fixed maximum speed vh, a collision with the manipulator cannot happen while the
latter is in motion.” (Nurbayeva et al., 2023).

The SSM constraints take the following form:

v̄h(Tdr +
vi
āi
) + viTdr +

vi
2

2āi
+ ϵs ≤ dih, i ∈ Nr

where v̄h = 1.6m/s is the assumed maximum human moving speed, which was set to be
the most optimal value when testing the simulation, Tdr = 0.2s is the time of detection and
reaction, set to be twice as great as the sampling time, which is set to be 0.1 s, vi is the
robot speed, a variable that MPC will be able to set in accordance with these constraints,
āi = 2.94m/s2 maximum robot deceleration, derived from previous experiment, ϵ = 0.006m
is the uncertainty of LiDAR sensor and dih is the distance between the edges of the robot’s
and human’s spheres.

Using distance between the centers of the human and the robot is more convenient for compu-
tational solving rather than using the distance between the spheres. The following formula:

dih min
j∈Nh

{dij − (Rr,i +Rh,j)}

where Rr = 0.25m and Rh = 0.25 are radiuses of robot and human spheres respectively.
Rearranging the equation gives us:

v̄h(Tdr +
vi
āi
) + viTdr +

vi
2

2āi
+ ϵs +Rr +Rh ≤ d

where d is the distance between centers of human and robot spheres and equals to:

d =
√
(xi − xh)2 + (yi − yh)2

The problem with this formulation is that the ACADOS package that is used for computation
in MPC uses derivative of the function. The square root function (9.1) approaches 0 when
x approaches zero, in this region of the curve derivative will approach infinity, which can
destabilize the ACADOS solver. The plausible solution is to square both sides of the equation.
Rearranging the equation into polynomial form and squaring both sides give:

((
1

2āi
)v2i + (Tdr +

v̄h
āi

)vi + (v̄hTdr + ϵ+Rr +Rh))
2 ≤ (xi − xh)

2 + (yi − yh)
2

By implementing these constraints, MPC will be able to vary the speed of the robot to
ensure obstacles are avoided and safe motion trajectory is chosen.

Another issue with the SSM configuration was the computation involving odd powers of vi.
For robot manipulators, velocity is computed using differential kinematics, in which, square
root must be avoided as well. As a result, in a case study discussed in [19], approximation was
used instead of directly implementing constraints. In 9.2, The red curve shows the allowed
maximum velocity, while the black curve shows the calculated velocity due to approximation.
As it can be observed, it is lower than the red curve, meaning that robot had to operate at
a velocity lower that what SSM constraints could allow.

However, in our case, we are able to implement these SSM constraints directly, since the
velocity of the robot is the control variable and is imposed based on those constraints.

As a result, less conservative SSM configuration is implemented in this MPC.
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Figure 9.1: Square root function graph

Figure 9.2: Velocity modulation profiles for the four controllers considered in the case study
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Chapter 10: Limitations

Unfortunately, we could not carry out experiments on JACKAL robot due to technical issues
we are still facing with the robot. Despite complete restoration of the ROS2 environment,
installation of all necessary packages and setup, we faced namespace troubles. We encountered
build failure when configuring namespace in a YAML file (a human-readable language, which
allows humans to control robot behaviour). This failure does not allow Nav2 to operate, and
since Nav2 is the main framework used for navigation, MPC can not be launched as well.
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Chapter 11: Conclusions and Future Work

This project successfully achieved the integration of MPC-based navigation framework for
the Clearpath Jackal robot within a ROS 2 Humble simulation environment. Throughout
the development process, significant effort was dedicated to resolving system-level issues,
stabilizing the software architecture, and ensuring compatibility across all components.

Key accomplishments of this work include:

• Refactoring and stabilizing the inherited codebase

• Creating a realistic C4 corridor simulation environment in Gazebo

• Restoring and configuring the ROS 2 environment on both the robot and development
machine

• Resolving dependency conflicts in Ubuntu and Python libraries (NumPy, PyTorch,
Ultralytics)

• Successful compilation and full integration of the MPC controller package, including
an increased capacity to handle multiple dynamic obstacles and the integration of an
updated Safety Separation Monitoring formulation

• Establishing a stable interaction between Nav2, MPC, and simulation

• Integration of a YOLO-based perception pipeline for human detection

All major issues encountered during earlier stages such as simulation launch failures, package
inconsistencies, controller instability, and missing dependencies have been resolved. The
system can now be launched reliably, and the robot operates correctly within the simulated
environment.

The MPC controller is fully functional and actively used during navigation. It generates
smooth control commands and successfully handles dynamic constraints. Additionally, the
perception system detects human positions and propagates them to the MPC controller,
enabling real-time trajectory adaptation.

Simulation experiments demonstrated that the robot is capable of navigating toward a goal
while avoiding collisions with moving obstacles. This confirms the effectiveness of the inte-
grated perception–control pipeline and the applicability of MPC for dynamic environments.

While the system is now stable and operational, several aspects can be further improved.
Future work will focus on:

• Enhancing real-time performance and increasing control loop efficiency

• Further tuning MPC cost functions and safety constraints (e.g., SSM parameters)

• Improving robustness in more complex and crowded dynamic scenarios

• Extending validation to real-world experiments on the physical Jackal robot
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• Performing quantitative evaluation of navigation performance and safety metrics

Overall, the project has progressed from an unstable and partially functional setup to a fully
integrated and operational navigation system. The developed framework provides a solid
foundation for further research and development in safe and intelligent robot navigation in
dynamic environments.
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