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Abstract

Mecanum-wheeled robots can move in any direction and rotate at the same time. This
makes them useful in tight industrial and service spaces. But getting them to follow a
path accurately is not easy. Wheel-ground friction is nonlinear, the translational and
rotational dynamics are coupled and the motor drivers have limited bandwidth. A simple
fixed-gain controller can not handle these problems well.

In this thesis is presented an adaptive fuzzy gain-scheduled trajectory tracking con-
troller for the Mecabot2, a four-wheeled mecanum robot running under ROS2. The
controller works at the kinematic velocity level sending forward, lateral and angular ve-
locity commands, which are converted to individual wheel speeds using mecanum inverse
kinematics. A Mamdani fuzzy inference system replaces the fixed gains of a standard
kinematic controller. The gains are computed online from the current tracking error and
its rate of change, measured in the robot body frame. Three fuzzy systems run in parallel,
one per correction channel. Lyapunov stability analysis shows the tracking errors stay
bounded and converge asymptotically to zero.

Gazebo simulation tests on a circular path with correct parameterisation demonstrate
accurate trajectory tracking performance, confirming that the controller converges reli-
ably to the reference path. In this thesis, two common failure modes encountered during
development: an initialisation error from wrong trajectory centre parameterisation and
a phase-lag error from a logging timing mismatch between the odometry subscriber and
the controller startup. Both failure modes are diagnosed, explained and corrected. Prac-
tical tuning guidelines come out of both findings. Hardware validation on the physical
Mecabot2 platform is presented alongside the simulation results to assess real-world per-

formance.

Keywords: mecanum wheel, trajectory tracking, adaptive fuzzy control, Mamdani in-

ference, ROS2, Gazebo, holonomic mobile robot, Lyapunov stability.
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Introduction

1.1 Background: Ground Robots and Their Limita-

tions

Most ground robots and transport systems in use today rely on conventional wheels for
locomotion. A conventional wheel has one important kinematic restriction: it can only
generate traction in the direction of its spin axis. Motion in the perpendicular direction
is blocked by friction at the contact patch. As a result a robot that uses conventional
wheels must first rotate its heading before it can move in a new direction. Every narrow-
aisle task, precision docking operation and tight parking manoeuvre therefore requires a
sequence of rotations and forward moves instead of a direct path (Siegwart et al., 2011).

This constraint is acceptable in open environments where turning space is available.
In automated warehouses, hospital corridors, aircraft assembly halls and research labo-
ratories the situation is different. Spaces are confined, obstacles appear without warning
and the robot must reach precise positions at arbitrary orientations. Under these con-
ditions the inability to move sideways becomes a serious operational limitation (Dixon
et al., 2004; Moreno Caireta, 2019).

There are three families of devices that help overcome this limitation associated with
omnidirectional driving. Traditional steered (castor) wheels make use of the addition of a
motorised steering axis to every wheel but this solution is rather bulky and mechanically
complex. Passive Swedish omnidirectional wheels utilise a number of rollers mounted
perpendicularly to the wheel rim which allow for omnidirectional motion, though the
passive rollers reduce the effective contact area with the ground compared to conventional
wheels (Siegwart et al., 2011). Mecanum wheels, first described in a patent filed in 1972
and granted in 1975 by Bengt Erland Ilon of Sweden (Ilon, 1975) provide the optimal
compromise. They have the same motorised hub design as ordinary wheels but generate
planar omnidirectionality in full with three degrees of freedom using rollers with cylindrical
shape tilted at 45 degrees to the spin axis (Muir & Neuman, 1987; Siegwart et al., 2011).



1.2 The Mecanum Wheel: Operating Principle

Each Mecanum wheel consists of a fixed hub carrying a number of passive cylindrical
rollers the axes of which are inclined to the wheel spin axis by 45 degrees (Figure 1.1a).
In this way, when the hub rotates a roller can only transmit force along the line per-
pendicular to its axis. Thus, this force has longitudinal and lateral components which
can be decomposed in terms of the reference frame attached to the chassis. Then using
independent control over the speeds and directions of four wheels installed at the corners
of a rectangular chassis it is possible to obtain any desired combination of longitudinal,
lateral and rotational movements (Figure 1.1b) (Muir & Neuman, 1987).

It may be noted that this decomposition is linear and is already well researched (Muir
& Neuman, 1987; Siegwart et al., 2011). Namely the installation of two left-handed
and two right-handed wheels in an X-pattern allows obtaining any linear combination of
forces and consequently any type of movement: forward and reverse, lateral and in-place
rotation both clockwise and counterclockwise. All these types of motion constitute six
elementary modes of motion for Mecanum wheel platforms as illustrated in Figure 1.2.

Passive rollers
(45° inclination)

Hu\b\&
spin axj#
F, . .
, 3 O
Robot Net
body force
w (spin) [m [_RIR\
a) Single Mecanum wheel b) Four-wheel platform (top view
(a) Sing
(rollers at 45° to spin axis) (example: lateral motion to the right)

Figure 1.1: Mecanum wheel principle of operation. (a) An ordinary Mecanum wheel with
rollers inclined to the spin axis by 45°. It transmits force perpendicular to its rollers’ axis
which creates a resultant with both longitudinal and lateral components. (b) Top view
of a four-wheel configuration designed for lateral motion to the right: diagonally located
pairs of wheels are rotated in opposite directions so that lateral forces reinforce each other
and longitudinal ones compensate (Muir & Neuman, 1987).
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Figure 1.2: Six fundamental motion modes of a four-Mecanum-wheel platform: for-
ward, backward, lateral motion (left /right) and rotation (clockwise and counterclockwise).
Source: (Moreno Caireta, 2019).

1.3 Industrial and Service Applications

Due to their freedom of movement and simple design there has been a significant in-
crease in the use of Mecanum-wheeled robots in many different environments. AGVs with
Mecanum wheels align with loading docks to millimetre precision. Hospital robots move
around beds without disrupting the surrounding space. Research teams use them as test
beds for motion planning and formation control (Moreno Caireta, 2019; Siegwart et al.,
2011).

In logistics and warehousing Mecanum-wheeled forklifts carry loads into rack positions
that are not reachable by conventional trucks without wide turning aisles. In aerospace
manufacturing large omnidirectional AGVs transport fuselage sections and wing assem-
blies along assembly lines where turning space is very limited (Moreno Caireta, 2019).
These setups usually require the robot to go from one place to another without colliding
with any element of the environment including dynamic obstacles such as human workers

or other robots. Some of these applications are shown in Figure 1.3.

1.4 The Mecabot2 Platform and the ROS2 Context

The platform used in this thesis is the Mecabot2, a four-wheeled Mecanum robot devel-

oped and maintained in the Smart Systems laboratory at the University of Turku. The
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Figure 1.3: Some applications of Mecanum-wheeled platforms. Top left: KUKA KMR
QUANTEC AGYV in aerospace manufacturing. Top right: Mecanum-wheeled trans-
porters positioning a train body in an assembly hall. Bottom: Airtrax ATX3000
Sidewinder omnidirectional forklift. Source: Moreno Caireta (2019).

Mecabot2 is manufactured by Roboworks and runs on a 24V 6000 mAh lithium battery
pack. One Mecanum wheel is mounted at each corner of a steel chassis each independently
driven by a brushed DC gear motor. The onboard electronics stack visible in Figure 1.4
includes an NVIDIA Jetson Orin-based single-board computer running ROS2 Humble an
STM32-based motor driver board and supporting power electronics. The motor driver
handles low-level torque regulation internally and exposes only a velocity-command in-
terface (/cmd_vel) to the high-level ROS2 controller.

The Mecabot2 has four mecanum wheels one at each corner each driven by an inde-
pendent motor (Figure 1.4). Its STM32 motor driver handles torque internally and only
accepts velocity commands from above. The high-level controller has no access to torques
or currents (Siegwart et al., 2011).

This rules out backstepping and sliding-mode controllers. Both need direct torque
access (Dixon et al., 2004; Ha et al., 2019). The controller in this thesis works at the
velocity level instead. It sends body-frame velocity commands that the driver executes.
Velocity-level control works well for low-to-medium speed mecanum tracking and the
architecture transfers across platforms with the same wheel geometry (Fahmizal & Kuo,
2016; Lima et al., 2022). Model Predictive Control requires solving an optimisation
problem at every control cycle; which imposes a significant computational burden and

must be completed within the control interval (Moreno Caireta, 2019). On a platform



i 20VES A '\ \

]
g
EE
w |E
4B
g
H

Figure 1.4: The Mecabot2 platform used in this thesis. Top-left: Product overview
showing the three-tier aluminium chassis and four Mecanum wheels. Top-right: Top view
showing the 24V / 6000 mAh WHEELTEC battery pack and the Jetson Orin / STM32
electronics bay. Bottom-left: Side view showing internal wiring and motor driver board.

Bottom-right: Front view showing the Mecanum wheel arrangement and independent
motor mounts.

running at 20 Hz and sharing processor resources with other ROS2 processes, this cost may
be difficult to justify for the present application.The adaptive fuzzy controller developed
in this thesis operates entirely at the velocity level making it directly compatible with
the existing Mecabot2 interface and portable to other platforms sharing the same wheel
geometry.

ROS2 handles communication, parameters and simulation integration. Every tunable
value in the controller can be changed at launch without recompiling. Trajectory ge-
ometry, gain limits and velocity bounds are all set through a YAML configuration file.

Gazebo provides the simulation environment for validating the design before running on
real hardware.



Figure 1.5: The Mecabot2 in Gazebo under ROS2 Humble using the mecanum.urdf . xacro
description from the linorobot2 package. The robot spawns at the world-frame origin
(0, 0) with zero heading for all trajectory tracking experiments.

1.5 Why Trajectory Tracking is Hard

Accurate trajectory tracking on mecanum platforms is not straightforward. The kinematic
model assumes ideal rollers. Real rollers deform under load show friction that shifts with
heading and floor surface and vibrate as they contact the ground periodically (Moreno
Caireta, 2019; Siciliano et al., 2010). Most controllers in the literature ignore these effects.

Fixed-gain controllers have a separate problem. A gain set for smooth circular tracking
could respond too slowly to a sudden disturbance. Raise that gain and the robot could
overshoot when the error is already small and converging. The right gain depends on the
current error and a fixed gain cannot adapt to it.

Fuzzy inference handles this naturally: large error needs large gain and small converg-
ing error needs small gain and no explicit disturbance model is required. The output is
bounded and runs fast enough for real-time control on embedded hardware (Passino &
Yurkovich, 1998; Wang, 1994; Zadeh, 1965). Previous work on wheeled robots confirms
it works well in practice (Fahmizal & Kuo, 2016).

1.6 Scope, Objectives and Organisation

In this thesis, a velocity-level adaptive fuzzy gain-scheduled trajectory tracking controller
for the Mecabot?2 is designed, implemented and evaluated, positioning the work within the
broader family of intelligent kinematic controllers for mecanum robots. The specific con-

tribution is a practical ROS2-compatible implementation that combines Mamdani-style



online gain adaptation with a clean Lyapunov stability argument and that is validated
in both Gazebo simulation and on the physical hardware. The work involved deriving
the body-frame tracking error dynamics, proving baseline controller stability, designing a
Mamdani fuzzy gain scheduler with online adaptation, proving stability of the adaptive
system via Lyapunov analysis, implementing it in ROS2 and testing it in Gazebo on a
circular trajectory. Two failure modes found during development are also documented: a
trajectory initialisation error and a phase-lag instability. Both are common in mecanum
implementations and both receive practical fixes and tuning guidelines.

Performance is measured using root mean square position error:

1 N

RMSE,, = J T

{(fvﬁzk) - fo))Q + (v - y<’“))g] , (1.1)
k=1

computed over the N odometry samples recorded during each experiment.

Chapter 2 reviews the relevant literature. Chapter 3 covers the kinematic model and
controller design. Chapter 4 covers ROS2 implementation and Gazebo setup. Chapter 5
presents the simulation and hardware results. Chapter 6 summarises contributions and

identifies directions for future work.



Literature Review

This chapter reviews the research background most directly relevant to trajectory tracking
control of omnidirectional mobile robots, with particular emphasis on mecanum-wheeled
platforms and adaptive fuzzy control. The review is organised around five themes. First,
it discusses the modelling and kinematic properties of omnidirectional mobile robots.
Second, it examines the main control strategies used for trajectory tracking, including
classical kinematic control, robust nonlinear control, model predictive control, neural
control and disturbance rejection methods. Third, it focuses on fuzzy logic control and
adaptive fuzzy systems, since these form the main methodological basis of this thesis.
Fourth, it reviews the software and simulation infrastructure commonly used for robot
control development, especially ROS2 and Gazebo. Finally, it identifies the research gaps
that motivate the present work and positions this thesis within the current state of the

art.

2.1 Omnidirectional Mobile Robots

Wheeled mobile robots are often classified according to the motion constraints imposed
by their wheel configuration. Conventional differential-drive and car-like robots are non-
holonomic, meaning that they cannot instantaneously generate motion in all planar di-
rections. They must first rotate before translating in a new direction. This restriction
is manageable in open spaces but becomes a significant limitation in narrow, cluttered
or dynamically changing environments. For this reason omnidirectional mobile robots
have received increasing attention in logistics, service robotics, healthcare and industrial
transport (Dixon et al., 2004; Siegwart et al., 2011).

Among omnidirectional drive solutions the mecanum wheel remains one of the most
practical and widely adopted options. The concept introduced by Ilon (1975) makes
it possible to achieve full planar mobility by using passive rollers mounted at an angle
around each wheel rim. In a four-wheel X-configuration the platform can produce forward,

lateral, diagonal and rotational motion through appropriate wheel speed combinations.



This mechanical simplicity combined with the ability to move sideways without steering
explains why mecanum robots have become common in indoor applications where turning
space is limited (Moreno Caireta, 2019).

The kinematic modelling of mecanum robots was placed on a rigorous foundation by
Muir and Neuman (1987), whose Jacobian-based approach remains central in the field.
Their work showed that the mapping between wheel angular velocities and body-frame
velocities can be expressed in a compact linear form dependent on wheel radius and
chassis dimensions. This linear structure is very important. It means that a high-level
controller only needs to specify three body-frame velocity targets forward speed, lateral
speed and yaw rate and the inverse kinematics will compute the four individual wheel
commands with modest computational cost. On embedded platforms where the low-level
driver exposes only velocity inputs this kinematic simplicity is a clear advantage (Ortiz
Hernéndez & Rosas Almeida, 2024). It also means the mapping is invertible, which allows
odometry to be derived from wheel encoder readings using the pseudoinverse of the same
matrix.

Later work extended this ideal kinematic model to account for more realistic effects
such as roller compliance, surface variation, wheel slip and friction anisotropy. Taheri et
al. (2015) provided a detailed kinematic model for four-mecanum-wheeled platforms and
validated the forward and inverse kinematic equations against experimental results across
eight motion directions. While the ideal kinematic model assumes no wheel slip, in prac-
tice the contact interaction between the rollers and the floor generates disturbances that
are non-negligible even in controlled indoor settings showing up as direction-dependent
tracking offsets and occasional velocity variations when a roller transitions between loaded
and unloaded contact (Moreno Caireta, 2019; Siciliano et al., 2010). Textbooks such as
those by Siegwart et al. (2011) and Siciliano et al. (2010) also note that although mecanum
wheels provide full planar mobility in theory, they do not automatically guarantee accu-
rate dynamic behaviour under real contact conditions. The gap between the ideal kine-
matic model and real hardware performance is therefore an important motivating factor
for adaptive control approaches that can compensate online without requiring an explicit
model of every disturbance source.

This distinction between ideal kinematics and imperfect real motion is especially im-
portant for trajectory tracking. In theory a mecanum robot can follow arbitrary pla-
nar velocity commands. In practice roller-ground interaction, chassis vibration, actuator
bandwidth, uneven load distribution and wheel slip phenomena introduce model mis-
match. The robot may therefore lag behind the reference, overshoot in one direction or
show different performance in the longitudinal and lateral channels. This is one reason
why purely fixed-gain controllers often perform well only in a narrow operating regime.

The dynamic description of mecanum robots further clarifies this issue. The full

planar dynamics include inertial effects, Coriolis-type coupling between translational and
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rotational motion and damping effects associated with friction and drag (Rojas & Forster,
2006; Siciliano et al., 2010). The Coriolis coupling is of particular note: it introduces
a cross-dependence between the forward and lateral velocity channels through the yaw
rate, so that even a purely kinematic controller must account for this coupling in its
stability analysis. At low speed many studies justify reducing the dynamic model to a
kinematic one for controller design, especially when the hardware interface exposes only
velocity inputs. However, even when the kinematic approximation is valid for the nominal
motion, unmodelled disturbances remain. These disturbances motivate the use of robust
or adaptive control methods that can adjust their corrective action online instead of
relying entirely on an accurate plant model (Huang et al., 2025; Wu & Karkoub, 2022).
In summary, the literature on omnidirectional robot modelling establishes three im-
portant points for this thesis. First, mecanum robots are especially attractive when lateral
mobility is required in confined spaces. Second, their velocity-level kinematic model is
sufficiently simple and well understood to support practical controller design. Third, real
trajectory tracking performance is strongly affected by unmodelled contact and friction

effects, making adaptive feedback strategies particularly relevant.

2.2 Trajectory Tracking Control for Wheeled Mobile
Robots

Trajectory tracking is the problem of forcing a robot to follow a desired time-parameterised
reference path. Unlike path following, which only requires the robot to converge to a geo-
metric curve, trajectory tracking requires the robot to be at the correct place at the correct
time. This makes the problem more demanding because it couples geometric accuracy
with timing consistency. For omnidirectional platforms, trajectory tracking typically in-
volves simultaneous control of forward velocity, lateral velocity and yaw rate, all while
respecting actuator limits and maintaining stability (Dixon et al., 2004; Siciliano et al.,
2010).

The simplest widely used approach is the kinematic proportional controller. In its
standard form the tracking error is expressed in the robot body frame and each channel
is corrected by a proportional gain. The method is attractive because it is easy to anal-
yse, computationally efficient and directly compatible with velocity-command interfaces.
The body-frame error formulation and its Lyapunov stability properties for kinematic
controllers have been established in the mobile robotics literature (Dixon et al., 2004;
Siegwart et al., 2011). The skew-symmetric structure of the cross-coupling terms in
the body-frame error dynamics allows the cross terms to cancel exactly in the Lyapunov
derivative yielding a globally asymptotically stable closed-loop system under suitable gain

choices. For omnidirectional platforms the body-frame formulation is especially conve-
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nient because it aligns the control channels with the robot’s actual motion directions and
allows each channel to be corrected independently (Ortiz Herndndez & Rosas Almeida,
2024; Siegwart et al., 2011).

However, the main limitation of proportional kinematic control is the use of fixed gains.
A gain choice that is large enough to correct a major deviation quickly may become too
aggressive when the robot is already close to the desired trajectory, producing oscillatory
overshoot. Conversely, a gain that gives smooth convergence near the reference may
be too weak to reject disturbances or recover from a large transient error. This fixed-
gain trade-off appears repeatedly in the literature and motivates gain adaptation (Lima
et al., 2022). Several studies have reported that the optimal gain for a mecanum robot
varies significantly with trajectory curvature, speed and floor surface, which confirms that
a single fixed gain cannot handle the full range of operating conditions encountered in
practice.

To overcome the limitations of fixed-gain kinematic control, a wide range of more
advanced control methods has been proposed. Model-based nonlinear techniques such as
backstepping, dynamic surface control and feedback linearisation seek to compensate for
the robot dynamics explicitly. These methods often yield excellent tracking performance
in simulation and in well-instrumented experimental platforms. For example, neural-
network-assisted backstepping designs have reported very low RMSE values on circular
or smooth trajectories (Ha et al., 2019; Mai et al., 2021). However, many of these methods
require access to torque or current-level actuation or assume that the low-level control
loop can be modified. That assumption is not valid for all practical robots .

Sliding-mode control is another prominent family of methods. It is attractive be-
cause of its robustness to bounded uncertainty and disturbances. The approach works
by forcing the system onto a sliding surface and keeping it there, so that disturbances
within a bounded set are rejected regardless of their source. Recent studies have applied
sliding-mode ideas to omnidirectional robots to improve robustness under uncertain fric-
tion and external perturbation. For example, Wu and Karkoub (2022) addressed friction
compensation through cascaded sliding-mode control for an uncertain omnidirectional
mobile robot, demonstrating that systematic friction models can be incorporated into the
control law to reduce steady-state tracking error. More recent hybrid designs also com-
bine fuzzy logic with sliding-mode control to improve tracking robustness while reducing
some of the well-known disadvantages of pure sliding-mode approaches such as chattering
(Chen, 2025). These results confirm that high tracking accuracy is achievable, but they
also highlight the usual trade-offs: the need to bound disturbances explicitly, higher im-
plementation complexity and stronger dependence on plant model assumptions (Khalil,
2002).

Model Predictive Control (MPC) has also become an important direction in mobile

robot trajectory tracking research. MPC is attractive because it can explicitly handle
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constraints on velocity, acceleration and actuator saturation while optimising tracking
behaviour over a finite prediction horizon. By solving a constrained optimisation problem
at each control step, MPC can anticipate future trajectory deviations and pre-compensate
for them, which is particularly beneficial for aggressively curved paths or paths with
abrupt direction changes. Moreno Caireta (2019) studied MPC for a mecanum-wheeled
robot in dynamic environments and demonstrated that the controller can handle velocity
limits and obstacle avoidance constraints in real time. More recent work has extended
this direction to adaptive and trajectory-smoothing contexts. Li et al. (2023) proposed
an adaptive MPC strategy for trajectory tracking of mecanum mobile robots, while Car-
valho et al. (2024) used B-spline trajectory representation within an MPC framework for
omnidirectional robots, allowing the trajectory itself to be optimised alongside the con-
trol input. These studies show that MPC is highly capable in structured environments,
especially when constraint handling is important. Yet the computational cost of solving
a quadratic programme at every control step remains a concern for embedded systems
with modest control frequencies. On a platform where the outer loop runs around 20 Hz
and shares processor resources with other ROS2 processes, this complexity may not be
justified unless the application demands constraint-rich optimal planning.

Active disturbance rejection and related robust designs also appear in the recent lit-
erature. These methods are motivated by the same practical issue discussed earlier: real
mecanum motion is strongly affected by unmodelled disturbances and waiting for those
disturbances to produce a large tracking error before reacting is inefficient. By estimating
disturbances online and compensating for them in the control input before they grow
large, such methods can significantly improve tracking performance. For example, Lam-
raoui and Nemra (2024) proposed an active disturbance rejection approach specifically
for four-mecanum-wheel robots and demonstrated significant improvements in tracking
under uncertain load and surface conditions. Likewise, Huang et al. (2025) combined
robust trajectory tracking with obstacle avoidance for omnidirectional robots operating
in unstructured environments. These methods share the advantage of better robustness
to uncertain friction, varying load and external disturbances. Their disadvantage is in-
creased controller complexity and a heavier tuning burden, since the disturbance observer
itself requires careful design and the combined system has many more parameters than a
simple proportional controller.

Neural network-based control has similarly gained attention in the trajectory tracking
literature. In this framework neural adaptive control is presented as a way to approximate
unknown inverse dynamics or nonlinear disturbance structure using a function approxi-
mator that updates its weights online. Lima et al. (2022) showed that adaptive neural
control can produce accurate trajectory tracking for omnidirectional robots while pro-
viding a Lyapunov-based stability argument for the weight update law. This work is

particularly relevant because it operates on a related class of omnidirectional robot and
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uses a similar stability framework, confirming that Lyapunov analysis is both applicable
and informative for this class of controllers. Feng and Wang (2022) also demonstrated
adaptive neural network tracking for an omnidirectional mobile robot using online weight
adaptation, reporting good robustness under varying conditions. Other work such as
Zhao et al. (2023) combines self-organising fuzzy neural networks with preview strategies
to improve tracking on complex paths by exploiting look-ahead information about the
upcoming trajectory. These methods are powerful, but they are often less transparent
than rule-based fuzzy systems because the learned weights do not correspond directly to
interpretable physical quantities. They may also require training procedures or archi-
tectural choices that are difficult to justify in a practical engineering thesis focused on
deployment and interpretability.

For mecanum robots specifically, the literature shows a clear progression from classical
PID and fixed-gain kinematic controllers toward more robust, intelligent and adaptive de-
signs. Fahmizal and Kuo (2016) demonstrated that a Mamdani fuzzy controller combined
with IMU-based heading feedback can improve circular trajectory tracking over pure kine-
matic control on a mecanum robot, providing an early benchmark for fuzzy approaches
on this platform type. More recent papers now include adaptive MPC, robust trajec-
tory tracking, fuzzy-neural control and hybrid fuzzy-sliding-mode tracking (Chen, 2025;
Huang et al., 2025; Li et al., 2023; Zhao et al., 2023). This progression shows that adap-
tive and intelligent control for mecanum and omnidirectional robots is a well-established
and active research area. However, relatively few papers focus specifically on the practical
deployment scenario where the controller must operate purely at the velocity-command
level because the low-level driver does not expose torque access and where interpretability

and ROS2 compatibility are primary design constraints.

2.3 Fuzzy Logic Control and Adaptive Fuzzy Systems

Fuzzy logic control originates from the work of Zadeh (1965) who introduced fuzzy sets as
a mathematical framework for representing partial membership and linguistic uncertainty.
The core idea is that real-world concepts such as large, small, fast or slow do not have sharp
boundaries. Rather than requiring a precise threshold to distinguish large from small, a
fuzzy set assigns a membership degree between zero and one to every value, allowing
smooth transitions between linguistic categories. This represents human knowledge and
engineering intuition more faithfully than crisp Boolean logic, because experts naturally
reason about control problems using imprecise but practically useful rules such as if the
error is large then apply a strong correction.

Mamdani and Assilian (1975) demonstrated that this idea could be applied directly in
control by encoding expert knowledge into if-then rules and evaluating them using fuzzy

inference. The resulting Mamdani controller proved capable of controlling a steam engine
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without an explicit mathematical model of the plant which established fuzzy inference
as a viable control design methodology. Subsequent theoretical work showed that fuzzy
systems are universal approximators capable of representing any continuous function on
a compact domain to arbitrary accuracy with a sufficient number of rules (Wang, 1994).
This universality property provides theoretical justification for applying fuzzy systems to
complex nonlinear control problems even when the plant model is incomplete or unknown.

This feature makes fuzzy control especially suitable for mobile robots. In many robot
control problems the corrective logic is intuitive even when the disturbance mechanisms
are not fully characterised. For example, one may not know the exact friction coefficient
or slip model at every instant but it is reasonable to say that if the position error is
large the controller should respond more strongly and if the error is small and already
decreasing the response should be milder. The rate of change of the error adds further
resolution: a large error that is growing requires more urgent action than a large error that
is already converging rapidly. Fuzzy controllers translate this two-dimensional intuition
into a structured inference mechanism that produces bounded, smooth control outputs
(Passino & Yurkovich, 1998).

The literature distinguishes between fixed fuzzy controllers and adaptive fuzzy con-
trollers. In a fixed fuzzy controller, the membership functions, rule base and gain levels
are designed offline and remain unchanged during operation. Fahmizal and Kuo (2016)
applied this approach to mecanum trajectory tracking and showed that Mamdani infer-
ence can improve tracking quality relative to pure kinematic control. The improvement
comes from the nonlinear mapping between error and corrective action that the fuzzy
rules implement: rather than a fixed proportional gain, the effective gain varies continu-
ously with the error magnitude and rate. However, the membership functions and output
singletons in that system are fixed after design-time tuning which means the controller
still inherits some of the same sensitivity to operating condition changes as a classical
fixed-gain method even though the error-to-output mapping is more expressive.

Adaptive fuzzy control goes further by allowing some part of the fuzzy controller to
change online during operation. Different papers achieve this in different ways. Some
approaches adapt the rule consequents using gradient descent or recursive least squares.
Others adapt the membership function centres and widths to better fit the observed
plant behaviour. A third approach uses the fuzzy system as a function approximator for
unknown dynamics and updates the approximation parameters using a Lyapunov-based
adaptation law. Wang (1994) provided the major theoretical foundation for this last
approach by linking fuzzy systems to adaptive control theory and showing that the ap-
proximation error can be driven to zero asymptotically under appropriate conditions. This
framework made it possible to design adaptation laws with formal stability guarantees
rather than relying on heuristic tuning (Nguyen Minh et al., 2023).

Recent literature shows several active branches of adaptive fuzzy control for mobile
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robots. One branch combines fuzzy adaptation with more classical control structures to
produce designs that are relatively easy to understand and deploy. For example, Mai et al.
(2021) combined backstepping with an adaptive fuzzy PID approach and demonstrated
stable trajectory tracking for autonomous mobile robots. The fuzzy component adapts the
PID gains online based on the observed error while the backstepping structure provides
a systematic way to handle the robot’s nonlinear dynamics. Similarly, Cao et al. (2022)
applied fuzzy adaptive PID to multi-mecanum-wheeled robots where the PID gains are
adjusted online through fuzzy rules. The advantage of this class of methods is that they
remain close to familiar PID practice while adding online adaptability.

Another branch combines fuzzy logic with neural or robust nonlinear methods to ob-
tain stronger approximation capability and broader robustness. For instance, Zhao et
al. (2023) proposed a self-organising fuzzy neural network approach for omnidirectional
robot tracking where the network structure itself evolves during operation to accommo-
date new operating conditions. The self-organisation allows the approximator to allocate
additional rules automatically when it encounters regions of the error space where its
current representation is inadequate. While this gives the approach great flexibility, it
also makes the controller harder to analyse and interpret. Similarly, Chen (2025) devel-
oped a nonlinear adaptive fuzzy hybrid sliding-mode controller for trajectory tracking of
autonomous mobile robots. The sliding-mode component provides robustness to bounded
disturbances while the fuzzy component softens the chattering that pure sliding-mode
produces. These hybrid designs aim to capture the strengths of both frameworks but the
resulting controllers are considerably more complex than pure fuzzy gain schedulers.

A further line of work focuses on adaptive fuzzy tracking with explicit performance
guarantees. For example, Ding et al. (2024) proposed an adaptive fuzzy controller with
prescribed trajectory tracking performance for wheeled mobile robots ensuring that the
tracking error remains within a predefined bound that decreases according to a specified
time profile. This prescribed performance framework is theoretically appealing because
it allows the designer to specify acceptable error bounds a priori rather than relying on
asymptotic convergence alone. However, the implementation typically requires barrier
functions and error transformation techniques that add considerable complexity to the
control architecture.

For the present thesis, the most relevant fuzzy control design choice is between Mam-
dani and Takagi-Sugeno—Kang (TSK) inference. TSK systems use crisp polynomial func-
tions as rule consequents which makes them computationally efficient and convenient for
certain theoretical developments. Mamdani systems, by contrast, use fuzzy sets as con-
sequents which makes the rule base directly readable and editable by a human designer.
Each rule can be interpreted as a natural language statement such as if the forward error is
positive big and the error rate is negative small, then the forward gain should be medium.

This interpretability is valuable in a practical engineering setting because it allows rules
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to be tuned based on physical reasoning rather than purely numerical optimisation. Since
the goal of this thesis is not only tracking performance but also a practical and under-
standable design that can be inspected and modified by future researchers, the Mamdani
framework is well justified (Fahmizal & Kuo, 2016; Passino & Yurkovich, 1998).

The reviewed literature also supports this choice indirectly. Many recent adaptive
fuzzy papers that combine fuzzy logic with observers, neural approximators or hybrid
robust control structures achieve high tracking accuracy but at the cost of considerably
increased complexity (Chen, 2025; Ding et al., 2024; Zhao et al., 2023). A Mamdani-style
gain scheduler occupies a different design point: the fuzzy system adjusts the correction
gain online based on the current error and its rate of change without attempting to approx-
imate the full robot dynamics. This keeps the controller lean, fast and interpretable while
still providing the online adaptability that fixed-gain methods lack. For the Mecabot2,
whose hardware interface is velocity-level, this simplicity is a practical advantage rather

than a limitation.

2.4 Simulation and Software Infrastructure

The software and simulation environment deserves attention because controller perfor-
mance in robotics is shaped not only by the algorithm but also by the implementation
pipeline. ROS2 has become the standard middleware for robot system integration, es-
pecially in modern research and industrial prototyping (Lima et al., 2022). Its publish-
subscribe communication model allows software components to exchange typed messages
over named topics without direct coupling between nodes. This architecture means that
the trajectory generator, the controller node, the odometry estimator and the simulation
environment can all be developed and tested independently and that the same controller
binary can be connected to a simulated robot in Gazebo or a real robot with no code
changes as long as the topic names and message types match. For adaptive control de-
velopment this decoupling is especially valuable because it allows individual components
to be replaced or reconfigured without affecting the rest of the system.

One of ROS2’s most useful features for controller tuning is the parameter server which
allows gains, trajectory settings and controller bounds to be changed at launch time
through a YAML file or command-line argument without recompiling. This capability
is particularly important for fuzzy and adaptive control where practical tuning typically
requires many repeated experiments with different gain ranges, normalisation scales and
trajectory speeds. Exposing all tunable quantities through ROS2 parameters makes the
development cycle faster and more reproducible. It also improves transparency because
the final thesis can report the exact configuration used in each experiment, allowing others
to reproduce the results on the same hardware.

Gazebo complements ROS2 by providing rigid-body simulation with contact mod-
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elling and topic-level integration with the same interfaces that are later used on hardware
(Siegwart et al., 2011). The Gazebo mecanum drive plugin models each wheel as a single
contact point with anisotropic friction coefficients which captures the main directional
asymmetry of mecanum rollers while remaining computationally tractable. This makes
it possible to test a controller in a realistic closed-loop environment before running it on
the real robot. Nguyen Minh et al. (2023) validated a fuzzy adaptive controller for a
mecanum robot using Gazebo and ROS demonstrating closed-loop trajectory tracking in
simulation. At the same time, the literature warns that simulation contact models are
simplified relative to real mecanum rollers, so simulation results should be treated as a
validation stage rather than a final substitute for hardware experiments. In particular,
the single-contact-point model cannot capture roller vibration or speed- dependent slip
which are important contributors to tracking error on real hardware.

Recent trajectory tracking papers increasingly emphasise the importance of complete
development workflows covering controller design, simulation validation, parameter tuning
and transfer to the physical robot. Yet many papers still focus mainly on the mathemat-
ical control law and provide limited detail about software architecture, topic interfaces,
parameterisation, logging or common failure modes. This is one practical area where a
ROS2-centred thesis can make a useful contribution. A controller that is mathematically
correct but difficult to reproduce or deploy has limited practical value. By contrast, a fully
parameterised ROS2 implementation that moves from Gazebo to a real robot through the
same /cmd_vel and /odom interfaces without code modification is highly useful for future

work on the same platform.

2.5 Research Gaps and Positioning of this Thesis

The reviewed literature shows that trajectory tracking of omnidirectional and mecanum
robots is already a mature and active research area but specific practical challenges remain
once the problem is viewed from the perspective of a ROS2 mecanum platform with a
velocity-only hardware interface and a requirement for interpretable, easily deployable
control.

The first consideration is design space. Recent papers clearly include neural, fuzzy-
neural, adaptive fuzzy, robust and MPC-based approaches, all achieving good results
(Chen, 2025; Huang et al., 2025; Li et al., 2023; Zhao et al., 2023). However, many of these
methods rely on torque-level modelling, heavier optimisation loops or complex hybrid
designs that are not directly deployable on platforms where only velocity commands are
accessible. The present thesis focuses on a practical design space where the controller must
operate at the velocity-command level using interpretable Mamdani-style fuzzy inference
for online gain adaptation within a standard ROS2 /cmd_vel architecture. This design

point is not unique in the broader literature but its specific combination of velocity-level,
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Lyapunov-stable, Mamdani gain scheduling, ROS2-native which has practical value for
researchers working on similarly constrained platforms.

The second consideration is interpretability and tuning transparency. Neural and
hybrid intelligent controllers can be powerful but they often make it difficult to explain
exactly why the controller changes its behaviour at a particular operating point and they
typically provide fewer handles for manual adjustment (Feng & Wang, 2022; Zhao et al.,
2023). A fuzzy gain scheduler expresses its adaptation logic in directly readable rules such
as large error with growing rate needs maximum gain making the controller transparent
and easy to reason about. For a platform like the Mecabot2 used in low-speed indoor
tasks, this interpretability supports both deployment and future modification.

The third consideration is documentation of development-time failure modes. Much of
the literature reports final RMSE values for controllers that have already been tuned and
debugged, but provides limited detail about how incorrect trajectory parameterisation,
phase lag or bandwidth mismatch were diagnosed and corrected in a real implementation.
Such failure modes are common in practice and often consume substantial development
time. The present thesis documents two failure modes encountered during the develop-
ment of this controller ; a trajectory initialisation error caused by incorrect centre offset
parameterisation and a phase-lag error caused by an odometry logging timing mismatch
between the subscriber and the controller startup together with their diagnostic signa-
tures and practical fixes. Documenting these experiences contributes something useful to
future researchers beyond the control algorithm itself.

The fourth consideration is workflow integration. The present work provides not
only a controller design but also a complete software pipeline covering the ROS2 node
implementation, Gazebo simulation setup, odometry logging, CSV- based data export
and post-processing scripts for generating the result plots. This reproducible workflow
lowers the barrier for future researchers to extend or compare against this work on the

Mecabot2 platform.
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System Modelling and Controller De-

sign

Building the controller starts with a mathematical description of how the robot moves.
This chapter goes through that in order: coordinate frames and platform geometry, kine-
matic relationships between wheel speeds and robot motion, tracking error formulation

and the step-by-step design of the adaptive fuzzy controller with a stability proof.

3.1 Kinematic and Dynamic Modelling

Two coordinate frames describe the robot’s position and orientation in the plane, following
standard convention (Siciliano et al., 2010; Siegwart et al., 2011). The inertial frame F;
is fixed to the ground. The body frame Fp is attached to the geometric centre of the

chassis and moves with the robot. The robot pose at any instant is

x(t)
q(t) = |y(t)] . (3.1)
(1)

where x and y are Cartesian coordinates in F; and ¢ is the heading angle measured

counter-clockwise from the positive x;-axis. The body-frame velocity is

Vi
v(t) = |V,|, (3.2)
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where V,, is forward velocity, V), is lateral velocity and w = ¢ is the yaw rate. Transforming

body-frame velocity to global pose rate uses the rotation matrix

cos¢ —sing 0
R(¢) = |sing cos¢ 0], (3.3)
0 0 1

giving ¢ = R(¢) v (Siegwart et al., 2011) or in scalar form:

& =V, cos¢p —V,sin ¢, (3.4)
y = Vg sin ¢ + V, cos ¢, (3.5)
b= w. (3.6)

For the mecanum platform the four wheel angular velocities w,, = [w; ws w3 wy]? (FL,
FR, RL, RR) relate to body-frame velocity through the inverse kinematic mapping (Muir
& Neuman, 1987):

1 -1 —L
111 1 L
Wy = — v, (3.7)
ril1 1 —L
1 -1 L

where r is the wheel radius and L = /+w is the sum of the longitudinal and lateral chassis
half-dimensions. Each row encodes the contribution of forward speed, lateral speed and
yaw rate to one wheel. The negative lateral coefficient of the FL wheel arises from its
roller inclination angle of —45F to the spin axis. As shown by Muir and Neuman (1987),
each roller can only transmit force perpendicular to its own axis, so when the robot moves
laterally, the —457F inclination causes the resulting force component to oppose the wheel

spin direction rather than reinforce it, hence the negative sign in the first row of (3.7).

(3.8)
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For theoretical completeness the planar dynamics are derived using Euler-Lagrange
(Khalil, 2002; Siciliano et al., 2010). The robot moves on a flat plane so gravitational
potential energy is constant and drops out. The complete dynamic model is (Siciliano
et al., 2010):

Mv+Cw)v+Dv=r. (3.9)

The three terms on the left-hand side each represent a distinct physical contribution. The
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first term M is the inertial resistance to acceleration. The kinetic energy is
T=3im(V2+V))+ Lo’ ="My, (3.10)

where the inertia matrix is
M = diag(m, m, I). (3.11)

M is diagonal because the body frame is aligned with the principal axes of the chassis.
The three channels have independent inertial contributions and no off-diagonal coupling.

The second term C(v)v arises from the rotating body frame. Even at constant body-
frame speed the velocity direction changes in the inertial frame which appears as an

apparent force. This Coriolis effect gives (Siciliano et al., 2010):

0 —mw 0O
Clv)=|mw 0 0. (3.12)
0 0 0

The off-diagonal entries +=mw couple the longitudinal and lateral channels through the
yaw rate. The yaw dynamics have no Coriolis coupling in the planar case so the third
row and column of C' are zero.

The third term Dv accounts for energy dissipated through roller-ground friction and

motor drag, modelled as viscous damping (Siciliano et al., 2010):
D = diag(d,, d,, dy), (3.13)

where d,, d, and d, are positive damping coefficients from deceleration experiments.

In practice the Mecabot2’s STM32 driver accepts velocity commands and handles
torque regulation internally. The high-level controller only produces body-frame velocity
commands v* (Fahmizal & Kuo, 2016; Lima et al., 2022). At the speeds used here, below
0.3m/s translation and below 1.0rad/s yaw, the Coriolis term is small. Its largest entry is
mlw||V,] <3.5x1.0x0.3 =1.05N, comparable to viscous damping but small next to the
maximum wheel driving force of about 8 N per wheel. The inertial term M7 is also small
during the smooth trajectory segments where peak accelerations stay below 0.1m/s?.

The Coriolis force becomes comparable to the maximum driving force when m|w||V,| =
8N, which for m = 3.5kg requires |w||V,| ~ 2.3m/srad/s. At the operating speeds
here (Jw| < 1.0rad/s, |V,| < 0.3m/s) the product is 0.3, about eight times below that
threshold. The approximation breaks down above roughly 0.8 m/s translation or 2.5 rad/s
yaw. Under the low-speed conditions of this thesis the dynamic model (3.9) reduces to
the kinematic model (3.4)-(3.6) for the outer control loop.
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3.2 Tracking Error and Controller Design

Let qi(t) = [za,Ya, ¢a)* be the desired pose trajectory and vy(t) = [Via, Vya,wa)® the
corresponding desired body-frame velocity. The deviation is best expressed in the robot
body frame because the three channels are kinematically decoupled and can be controlled
independently. Rotating the global position error by —¢ gives the body-frame tracking
error (Dixon et al., 2004; Siegwart et al., 2011):

E, cos¢p sin¢g 0 |zg—=x
E,| = |—sin¢ cos¢ 0| |ya—y]| - (3.14)
Ly 0 0 1] [¢a—¢

Here E, is error along the forward direction, F, along the lateral direction and F is
heading error. Differentiating (3.14) and substituting the kinematic model (3.4)-(3.6)

gives the nonlinear error dynamics (Dixon et al., 2004; Siegwart et al., 2011):

E, =V, cos Ey—Vy+wkE,, (3.15)
E, = Viasin By, — V, — wE,, (3.16)
Ey=wq — w. (3.17)

The heading error channel (3.17) depends only on the yaw rate error and is decoupled
from the position errors. The position channels each have a feedforward term, a direct
velocity control term and a cross-coupling term through w. The coupling terms +wF, and
—wk, have opposite signs. That skew-symmetric structure is important for the stability
proof.

The baseline control law cancels the nonlinear feedforward terms and adds proportional
feedback (Dixon et al., 2004; Siegwart et al., 2011):

Ve = Vaacos By + k By, (3.18)
Vy = Veasin By + kyE, (3.19)
W =wq+ l{¢E¢, (320)

where k,, ky, k, > 0. Substituting into (3.15)-(3.17) gives the closed-loop error dynamics:

E, = —k,E, +wE,, (3.21)
E, = —k,E, — wE,, (3.22)
By = —kysE,. (3.23)
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Stability follows from the Lyapunov function candidate
V=3(EX+E,+E}), (3.24)

which is positive definite and zero only when all errors vanish. Its time derivative along

system trajectories is

V=EE, +EFE, +EsEy
= —k,E2 +wE,E, — k,E> — wE,E, — ky,E3. (3.25)

The cross-coupling terms +wkl,F, and —wE,FE, cancel exactly regardless of w. The
derivative reduces to
V = —k,E2 — k,E2 — ks < 0. (3.26)

Since V is negative definite, E = 0 is globally asymptotically stable (Khalil, 2002). Track-

ing errors converge to zero from any initial condition.

3.3 Adaptive Fuzzy Gain Scheduler

The baseline controller is stable but its fixed gains are a practical problem. A gain tuned
for large errors overshoots when the error is small. A gain tuned for near-zero tracking
responds too slowly to sudden deviations. What is needed is a gain that is large when the
error is large and small when it is converging. A fuzzy inference system is well suited to
encoding exactly this kind of rule, since it naturally maps linguistic descriptions of error
magnitude and rate of change to bounded, smooth control outputs.

The adaptive fuzzy controller replaces k,, k,, ks with online gains from three inde-
pendent Mamdani fuzzy inference systems (Fahmizal & Kuo, 2016; Mamdani & Assilian,
1975; Nguyen Minh et al., 2023). The Mamdani structure was chosen because its rule
consequents are fuzzy sets rather than crisp functions which makes each rule directly
readable as a linguistic statement and allows the gain-scheduling logic to be inspected

and adjusted without rewriting the underlying mathematics.

Vi, = Vigcos By + Ko (B, B,) B, (3.27)
V, = Viasin By + K, (E,, E,) E,, (3.28)
W = Wq + K¢(E¢, E¢) E¢. (329)

Each fuzzy system takes the current error e; and its rate of change ¢é; as inputs and re-
turns the gain K;. Although the three channels operate on physically different quantities
(position errors in metres and heading error in radians), the same membership function

partition applies to all three. Before inference, each error and error-rate signal is divided
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by a channel-specific normalisation scale, reducing it to a dimensionless value. The nor-
malisation scales are 0.12m and 0.12m/s for the forward channel, 0.10m and 0.10 m/s for
the lateral channel and 0.12rad and 0.12rad/s for the heading channel. After this step
all three normalised inputs lie in the same dimensionless range, so a single set of trian-
gular membership functions can be used uniformly across channels. The choice of scale
for each channel determines what error magnitude the fuzzy system treats as “large”: a
forward error of 0.12m and a heading error of 0.12rad are both mapped to the boundary
of the normalised universe and receive the same linguistic label. Using the derivative lets
the controller tell apart a large error that is growing from one that is already decreasing
fast. Each input variable has five triangular membership functions: Negative Big (NB),
Negative Small (NS), Zero (ZO), Positive Small (PS) and Positive Big (PB) distributed
symmetrically over the normalised input range. A triangular function with centre ¢ and
feet a, b evaluates to (Passino & Yurkovich, 1998; Wang, 1994):

4u(z) = max (0, min<x iy H)) , (3.30)

c—a b—c

returning zero outside [a, b] and rising linearly to one at ¢. Adjacent functions overlap by
50%, so at most four rules fire for any input pair.
The rule base has 5 x 5 = 25 rules per channel. Large errors get large gains; small or

converging errors get small gains. The rule table is shown in Table 3.1.

Table 3.1: Fuzzy rule base for the gain scheduler. Rows: error e;; Columns: error rate é;;
Entries: output gain level where H= K., M = K ,iq, L= Knin. The same table is used
for all three channels.

e;\é; | NB NS ZO PS PB
NBIH H H M M
NS | H M M M L
Z0 | M M L M M
PS L M M M H
PB M M H H H

For input pair (e;,¢;) the firing strength of rule (j, k) is o, = min(pua,(e;), ps, (éi)).
Fired rules are aggregated by pointwise maximum. The crisp output gain comes from
centroid defuzzification (Passino & Yurkovich, 1998). The defuzzification step converts the
aggregated fuzzy output jiaee back into a single crisp gain value K; by computing the centre
of mass of the aggregated membership function over the output universe 2 = [Kyin, Kmax]-
Intuitively, if many strong rules fire toward a large gain region, the centre of mass shifts
upward and the output gain increases accordingly. If the error is small and converging,

fewer rules fire and the centre of mass shifts toward the lower end of {2 producing a smaller
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corrective gain:

‘/‘Zu%%( )dZ

/ ILL agg

Figure 3.1 shows the block diagram of the adaptive fuzzy trajectory tracking controller.

(3.31)

The reference trajectory generator supplies the desired pose qu(t) and velocity vg4(t).
The body-frame error block computes E=[E,, E,, E4]" from odometry feedback. Three
parallel Mamdani fuzzy inference systems produce the adaptive gains K,, K, K, which
the control law combines with the feedforward terms to generate the body-frame velocity

command v*.

Mamdani FIS | K=

Ky(E;, E;)
Ky
—1p Mamdani FIS -
Reference y . Ky(By, Ey) .
: Body-Frame | [E:, B, E|
Trajectory Cantral
Generator Error Block L' Mamdani FIS g Mecamum Mecabot2
K 0 Eo, Eg Law Inv. Kinematics (Gazeho)

_________________

Odometry |
at) = [z.p, 01" |

Figure 3.1: Adaptive fuzzy trajectory tracking controller architecture.

The controller is termed adaptive because the gains K,, K, and Ky4 are not fixed at
design time but recomputed at every control cycle from the current tracking error and its
rate of change. This distinguishes it from a fixed fuzzy controller where the same gain

value would be applied regardless of the instantaneous error level.
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Stability of the Adaptive Fuzzy System

The closed-loop error dynamics under (3.27)—(3.29) are:

E, = ~K,(E,,E,) E, +wE,, (3.32)
BE,=-K,E, FE,) E, — wE,, (3.33)
Ey = —Ky(Ey, By) By. (3.34)

Because the fuzzy output universe is [Kpin, Kmax] With K > 0, the gains are bounded

and strictly positive by construction (Wang, 1994):
0 < Knin < Ki(e,6) < Kpax Y (€;,6;). (3.35)
Using the same Lyapunov function (3.24), after the same cross-term cancellation:
V= —K,E? — KB — KyE} < — Kyin (B2 + B2 + E2) = 2K V. (3.36)

The inequality V < —2KimV has the form of the scalar differential inequality Do <
f(t,v) with f(t,v) = —2Kp,v. By the Comparison Lemma (Khalil, 2002, Lemma 3.4),
V'(t) is bounded above by the solution of the corresponding equality @ = —2K,;,u which
gives u(t) = V(0)e~*Kmin Therefore:

V(t) < V(0) g™ Homint, (3.37)

Since V = £||E||?, substituting and taking the square root yields the tracking error bound

directly: Therefore
IE®)|| < |EWO)| e K=t — 0 ast — oo. (3.38)

The tracking error converges exponentially to zero at a rate of at least Ky,;;. When
the error is large the fuzzy gain exceeds K., and convergence is faster. As the error
shrinks the gain reduces smoothly and overshoot is avoided. If bounded disturbances
such as roller vibration or wheel slip enter the error dynamics with magnitude > 0, the

Lyapunov derivative becomes

This inequality satisfies the conditions of Theorem 4.18 in Khalil (2002): V is negative
whenever V' > §/(2K ), that is, whenever ||E| > /0/Knn. By that theorem, the

tracking error is uniformly ultimately bounded and enters the set

J

E|l <
2] < 77—
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in finite time and remains there. The ultimate bound decreases with K,,;, and vanishes
as 0 — 0, recovering the disturbance-free result. This residual error remains within

acceptable bounds for the precision requirements of the Mecabot2.
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ROS2 Implementation and Simulation

Setup

With the controller design done mathematically, the next step is turning it into working
software and setting up the simulation environment. This chapter covers the ROS2 imple-
mentation, the Mecabot2 setup in Gazebo and the parameter choices for the simulation
run.

ROS2 is the second generation of the Robot Operating System middleware, rebuilt
to address the limitations of original ROS in real-time and multi-robot use (Macenski
et al., 2022). It uses a publish-subscribe model where software components called nodes
exchange typed messages over named topics. This keeps system components decoupled.
The trajectory generator, the controller, the odometry estimator and the simulation en-
vironment each run as independent nodes. For this work that decoupling means the
same controller node can be tested in simulation and later deployed on the real Mecabot2
hardware without code changes, as long as the topic names and message types match.

The controller runs as a single ROS2 node written in Python at a fixed 20 Hz (sampling
period At = 0.05s). Each control cycle the node reads the current robot pose ¢(t) from
the /odom topic, computes the body-frame tracking error (3.14) from the current desired
trajectory point qq(t), evaluates the three Mamdani fuzzy systems to get adaptive gains
K,, K,, K4, applies the control law (3.27)—(3.29) to get the body-frame velocity command
v* and publishes to the /cmd_vel topic. The mecanum inverse kinematics (3.7) is handled
by the execution layer below the controller, either the Gazebo mecanum drive plugin in
simulation or the embedded base controller on the physical robot. The trajectory clock
starts on the first received odometry message, ensuring that the reference trajectory and
the robot start position are always synchronised regardless of startup timing.

The ROS2 parameter server lets every tunable quantity be set at launch time through
a YAML file or command-line argument without recompiling (Macenski et al., 2022).
Exposed parameters include trajectory type, target goal coordinates, trajectory radius
and angular speed, minimum and maximum fuzzy output gain values K, and K.,

input normalisation ranges for each error channel and maximum body-frame velocity
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magnitudes for output saturation.

The fuzzy inference was written from scratch in Python rather than using an external
library. Writing the fuzzification, rule evaluation, aggregation and centroid defuzzification
steps directly made it easy to inspect intermediate values during debugging. Keeping it
self-contained avoided extra software dependencies that could complicate deployment on
the real robot. Although the theoretical formulation in Section 3.3 expresses the crisp
output via the continuous centroid integral (3.31), the implementation uses a computa-
tionally equivalent singleton form. The three output levels (low, medium and high) are
represented directly by the crisp values kuyin, kmia, and kpayx rather than by continuous
output membership functions. Defuzzification then reduces to a firing-strength weighted
average over those three values: N
> arz
%, (4.1)

>
r=1

where o, = min(pa,(e;), 1, (€;)) is the firing strength of rule 7 and 2, € {kwmin, Fmid, Fmax }

K; =

is its output level. When the output membership functions are singletons, this weighted
average is algebraically identical to the centroid integral (3.31) (Passino & Yurkovich,
1998). The approach avoids numerical integration entirely, keeping the inference cycle
well within the 50ms control period. If the total firing strength 3" «, falls below 10712,

the gain defaults to k4 to prevent division by zero.

4.1 Simulation Environment

Gazebo is a three-dimensional rigid-body dynamics simulator tightly integrated with
ROS2 through standard plugins (Macenski et al., 2022). The Mecabot2 is described by a
URDF file which defines the chassis geometry, wheel positions, inertial parameters and the
mecanum drive plugin. The mecanum drive plugin models each wheel as a single contact
point with anisotropic friction coefficients chosen to approximate the real mecanum roller
array. The Gazebo world is a flat featureless plane with default gravitational acceleration.
The robot spawns at the world-frame origin (x,y, ) = (0,0,0) at the start of each run.
A CSV logging module was added to the controller node to record all relevant signals
at 20 Hz throughout each run. The logged quantities include the timestamp, desired and
actual positions (z4,y4, %, y), the three body-frame tracking errors (E,, E,, E,), the three
adaptive gains (K, K, K,), the three commanded velocities (V;,V},w) and the desired
velocities (Vyq4,wq). This logged data forms the basis for all result plots in Chapter 5.
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4.2 Reference Trajectory and Experimental Design

The circular path experiment uses a radius of R = 0.20 m. The circular trajectory exercises
all three correction channels at once: the robot generates forward velocity, lateral velocity
and yaw rate throughout the run. It also gives a steady-state condition with constant
desired speed and yaw rate, making it easy to separate transient convergence from steady-
state tracking.

The circular path is parameterised as

2q(t) = ¢z + Rcos(wrer t), (4.2)
ya(t) = Rsin(wrer t), (4.3)
Ga(t) = Wrer t + 5. (4.4)

The desired body-frame velocity comes from differentiating (4.2)—(4.4) and rotating into
the body frame:

de(t) = —Rwref Sin(wref t>7 (45)
‘/yd(t) = Rwref Cos(wref t)7 (46)
wd(t) = Wref - (47)

Setting ¢, = — R ensures the first reference point is at (¢, + R, 0) = (0, 0), which matches
the robot spawn position exactly. This choice eliminates any initial position mismatch
between the robot and the trajectory. The robustness of the controller to cases where the
robot initial position does not match the desired initial position is demonstrated sepa-
rately in Section 5.1.4, where the robot spawns with an incorrect heading and successfully
converges onto the reference circle. The reference angular speed is set to w,ef = 0.08 rad/s,
giving a tangential speed of Rw,ef = 0.016 m/s, well within the velocity limits.

The controller gains and fuzzy parameters are listed in Table 4.1. The gain limits
were chosen so the minimum gain produces measurable corrective action within one con-
trol period and the maximum gain does not saturate the velocity commands for error

magnitudes on the 0.20 m radius trajectory.
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Table 4.1: Controller and fuzzy system parameters used in the simulation experiments.

Parameter Symbol Value
Trajectory radius R 0.20m
Trajectory centre Cy —0.20m
Reference angular speed  wyef 0.08rad/s
Control frequency fe 20Hz
Min fuzzy gain (x) Kymin  0.25
Mid fuzzy gain (x) Kymia 080
Max fuzzy gain (x) Kymax 2.0

Min fuzzy gain (y) Kymin  0.18
Mid fuzzy gain (y) Kymia 0.60
Max fuzzy gain (y) Kymax 1.5

Min fuzzy gain (¢) Kpmin  0.30
Mid fuzzy gain (¢) Kymia  1.00

Max fuzzy gain (¢) Kjmax 2.5

Max forward velocity Vi max 0.22m/s
Max lateral velocity Vymax  0.22m/s
Max yaw rate Winax 0.80rad/s

Channel-specific limits are K, € [0.25,0.80,2.00], K, € [0.18,0.60,1.50] and K, €
[0.30,1.00,2.50] as listed in Table 4.1. Two common failure modes encountered during
the development process are also documented in Chapter 5, together with their diagnostic
signatures and practical fixes.

The fuzzy membership functions for each input channel are defined over a normalised
universe. The forward error E, and its rate £, are normalised by 0.12m and 0.12 m/s
respectively. The lateral error E, and its rate Ey are normalised by 0.10m and 0.10m/s.
The heading error Ey and its rate E¢ are normalised by 0.12rad and 0.12rad/s. After
normalisation, five triangular membership functions are distributed over the universe with
centres at {—1.0, —0.3, 0.0, 0.3, 1.0} for NB, NS, ZO, PS and PB respectively, with ad-
jacent functions overlapping. The output universe for each channel uses three singleton
levels: low (Kiin), medium (Kpq) and high (Kpa.x). The channel-specific values are:
K, €10.25, 0.80, 2.00], K, € [0.18, 0.60, 1.50] and K4 € [0.30, 1.00, 2.50].

4.3 Simulation-to-Real Execution Architecture

The adaptive fuzzy trajectory-tracking controller was implemented as a single ROS2

Python node used for both Gazebo simulation and real-robot operation. The node reads
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odometry feedback, generates the desired circular reference online, computes tracking er-
rors in the robot body frame, schedules the adaptive fuzzy gains and publishes velocity
commands to /cmd_vel. Because the controller is written against standard ROS2 top-
ics rather than a platform-specific API, the same node ran without modification in both
environments.

At startup, the node declares all tuning parameters: trajectory type, experiment du-
ration, geometric trajectory parameters, velocity limits, fuzzy gain bounds, normalisation
scales and loop period. For the circular experiments, the circle centre is set so that the
first reference point coincides with the robot’s initial position. An incorrectly placed cen-
tre shifts the reference path away from the spawn point and introduces a persistent spatial
offset that the controller cannot correct. The loop period is fixed at 0.05s, giving a 20 Hz
control update rate.

Odometry messages update the stored position and yaw. The yaw is recovered from
the quaternion orientation, since the controller works in planar coordinates. A key im-
plementation detail is that the internal trajectory clock does not start until the first valid
odometry message arrives. This prevents the reference from advancing before a robot state
is available and was the direct fix for the phase mismatch observed in earlier experiments,
where the reference clock started independently of the actual robot motion.

The desired trajectory is generated online. For the circular case, the reference position
and tangent velocity are computed from the circle centre, radius and angular speed at
each control step. The tangent velocity direction gives the desired heading via atan2
and its magnitude gives the desired forward speed. The controller therefore receives a
complete reference state (position, heading, forward speed and yaw rate) at every cycle.

Tracking errors are expressed in the robot body frame. The position difference in global
coordinates is rotated into body-frame axes to give the forward error F, and lateral error
E,. The heading error E, is wrapped into [—m, 7] to avoid the discontinuity that occurs
when the desired and actual headings straddle the +7 boundary. Error derivatives are
estimated as finite differences over the loop period and used as the second fuzzy input
alongside the errors themselves.

Three fuzzy gain blocks run in parallel, one per motion channel, producing K,, K,,
and K,. Each block normalises its error and error-rate inputs by channel-specific scale
factors before inference. Five triangular membership functions (Negative Big, Negative
Small, Zero, Positive Small, and Positive Big) partition the normalised range for each
input, giving a 5 x 5 rule base of 25 Mamdani rules per channel. Rule antecedents are
evaluated with the minimum operator. The three output levels (low, medium, and high)
map directly to the numerical gain bounds ki, kmia, and kpax. Defuzzification uses a
weighted average over all fired rules. A fallback to the medium gain applies if the total
firing strength is numerically negligible.

The velocity commands combine feedforward and adaptive feedback terms. The for-
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ward command adds the desired forward motion projected through the heading error to
K,E,. The lateral command adds the lateral feedforward component to K,E,. The an-
gular command adds the desired yaw rate to K,E4. All three commands are clamped to
the platform velocity limits before publication, since large initial errors can temporarily
drive unclamped commands outside the safe operating range.

In Gazebo, the /cmd_vel output is received by the mecanum drive plugin defined
in the robot URDF/Xacro description which applies the commanded velocities to the
simulated model and returns odometry to the ROS2 graph. On the physical robot, the
same topic is consumed by the bringup layer of the workspace. The bringup chain launches
the robot description, sensor filter nodes and the micro-ROS serial bridge that forwards
commands to the embedded base controller. Odometry returns over the same path. There
is therefore no separate hardware plugin equivalent to the Gazebo plugin: in simulation
a virtual execution layer is required; on the physical robot the embedded controller and
bringup chain fill that role.

This split is why the simulation-to-real transfer required no changes to the controller.
The control law, error formulation, gain-scheduling logic and topic interface stayed fixed.
Only the motion-execution backend changed between the two environments.

At every control step the node also writes to a CSV file: time, desired position, actual
position, body-frame errors, adaptive gains, commanded velocities and feedforward terms.
All trajectory plots, error plots, gain plots and RMSE values reported in Chapter 5 are

generated from these logs.
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Results and Discussion

This chapter presents the simulation results of the proposed adaptive fuzzy trajectory
tracking controller, followed by the hardware experiment results on the physical Mecabot?2.
The simulation section first documents two failure modes encountered during develop-
ment, then presents the correctly configured run with full analysis. The hardware section
presents the corresponding physical experiment results and discusses the differences from

simulation.

5.1 Simulation Results

5.1.1 Failure Mode 1: Wrong Initial Trajectory Parameterisa-
tion

The first failure mode arises when the trajectory centre offset ¢, does not match the robot
spawn position. An initial run was performed with ¢, = 0, which places the first reference
point at (R, 0) = (0.20, 0) while the robot spawns at the origin. The controller drives the
robot toward the reference, but the reference circle is centred at a different location from
the one the robot converges to, resulting in a persistent steady-state offset. Figure 5.1
shows the XY trajectory for this case: the actual path settles onto a circle displaced
from the desired one, with the same radius but a wrong centre. The spatial displacement
visible in the XY trajectory is the geometric cause of the steady-state positioning error.
Because the robot converges onto a circle that is permanently offset from the desired one,
the distance between the actual and desired positions never decays to zero regardless of

how long the controller runs. This is confirmed by Figure 5.2 , which shows the combined

planar positioning error ||E,,|| = \/ (xg — )% + (ya — y)? over time, which measures the
Euclidean distance between the desired and actual positions in the xy-plane at each

instant. The error rises to approximately 0.36 m and stabilises there.
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Figure 5.1: Failure Mode 1 - XY trajectory with incorrect centre offset (¢, = 0). The
actual path (orange) settles onto a circle displaced from the desired path (blue).
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Figure 5.2: Failure Mode 1 - Combined planar positioning error \/ (xg — )%+ (ya — y)? vs
time. The error stabilises at a non-zero steady state of approximately 0.36 m. RMSE,, =
0.36 m.
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Figure 5.3: Failure Mode 1 - Position time series showing persistent spatial offset in both
channels. Left: forward position x. Right: lateral position y.

Figure 5.3 shows the forward and lateral position time series. Both channels show
a clear persistent offset between the desired signal (blue) and the actual signal (orange)
throughout the entire run confirming the spatial displacement caused by the incorrect
centre offset ¢, = 0.

The key diagnostic signature is a constant non-zero steady-state error that does not
decay further no matter how long the experiment runs. This pattern confirms that the
offset comes from a wrong parameter rather than from a disturbance or insufficient gain.
The fix is straightforward: set ¢, = —R so that 24(0) = ¢, + R = 0, matching the robot
spawn position exactly. It is important to emphasise that this failure mode is caused
entirely by a wrong parameter choice and not by any limitation of the controller itself.
The adaptive fuzzy controller is capable of converging onto the desired path even when
the robot initial position does not match the desired initial position, as demonstrated
in Section 5.1.4. Before describing the second failure mode, it is worth noting that the
desired circular path is identical in both failure mode experiments. The difference lies
entirely in the actual path: in Failure Mode 1 the actual circle is spatially displaced, while

in Failure Mode 2 the actual circle has the correct position but is angularly phase-shifted.

5.1.2 Failure Mode 2: Phase-Lag Due to Odometry Logging
Timing Mismatch

The second failure mode arises from a synchronisation error between the odometry logging
and the controller startup. In this run the odometry subscriber began recording data
before the trajectory controller node finished initialising. As a result, the first several
seconds of the log contained odometry samples from when the robot was stationary at the
origin, while the reference trajectory had already started advancing. When the controller

eventually started, the reference point was already ahead of the robot by several seconds
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of trajectory time. The robot then chased a reference that was permanently offset in
phase.

Figure 5.4 shows the XY trajectory. Note that the desired circle (blue) is identical
to the one in Figure 5.1 - this is intentional, since the same trajectory parameters are
used in both failure mode experiments. The difference lies entirely in the actual path
(orange): unlike Failure Mode 1 where the actual circle was spatially displaced, here the
actual circle is centred correctly and has the correct radius, confirming that the trajectory
parameterisation itself is sound. However, the actual path is angularly shifted from the
desired one: the robot is always at approximately the correct radius but at the wrong

angular position on the circle.
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Figure 5.4: Failure Mode 2 - XY trajectory with odometry logging started before the
controller. The actual path (orange) has the correct radius and centre but is angularly
phase-shifted from the desired circle (blue). The green dot marks the robot spawn posi-
tion.

Figure 5.5 shows the x and y position time series respectively. Both channels show
a clear horizontal phase shift between the desired signal (blue) and the actual signal
(orange) that persists for the entire duration of the run. The amplitude and shape of
the two signals match closely, which rules out a gain or bandwidth problem. The shift
is approximately constant over time, consistent with a fixed timing offset introduced at

startup rather than a growing instability.
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Figure 5.5: Failure Mode 2 - Position time series showing persistent phase shift in both
channels caused by the logging timing mismatch. Left: forward position z. Right: lateral
position y. Both channels show a clear horizontal phase shift between the desired signal
(blue) and the actual signal (orange).
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Figure 5.6: Failure Mode 2 - Combined planar positioning error \/ (xg— )%+ (ya — y)?
vs time. Persistent oscillation at the trajectory frequency confirms a fixed timing offset
rather than a transient. RMSE,, = 0.1844 m.

Figure 5.6 shows the combined planar positioning error \/ (xg — 2)? + (ya — y)? over
time. The error oscillates at the trajectory frequency and does not decay, which confirms
that the controller is not converging to the reference. A converging error would decrease
monotonically; this one does not. The RMSE is 0.1844 m.
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The diagnostic signature is therefore distinct from Failure Mode 1. In Failure Mode 1
the error settles to a constant non-zero value that reflects a spatial offset. In Failure
Mode 2 the error oscillates periodically, reflecting a temporal offset. The XY trajectory
also provides a clear visual distinction: in Failure Mode 1 the actual circle is displaced
spatially from the desired one, while in Failure Mode 2 the actual circle coincides with
the desired one in shape and centre but is rotated by a fixed angle.

The fix was implemented in the logging script plot_odom_txt.py by aligning the start
of the odometry record with the first control command issued by the controller node. The
trajectory clock was also moved so that it starts on the first odometry message received
after the controller has finished initialising, ensuring that the reference trajectory and the
robot position are always synchronised regardless of node startup order.

The control signals, adaptive gains and body-frame error time series are not presented
for this failure mode run. These runs were conducted as early diagnostic experiments
during the development phase, before the full CSV logging pipeline was integrated into the
controller node. Since the primary purpose of these runs is to document and diagnose the
failure behaviour rather than to analyse the controller performance in detail, the trajectory
and positioning error plots presented above are sufficient to characterise each failure mode
completely. The detailed signal analysis is reserved for the correctly configured run in

Section 5.1.3, where all signals are logged and analysed in full.

5.1.3 Correctly Configured Simulation Run

With both corrections applied, the simulation run uses ¢, = —0.20 m and w,ef = 0.08 rad/s.
All other parameters are as listed in Table 4.1. The controller was run for 150s and all

signals were logged at 20 Hz, giving 2941 samples.

Trajectory tracking. Figure 5.7 shows the XY trajectory. The robot starts at the
green dot at (0, 0), which is the first point on the desired circle. A short transient is
visible at the beginning as the fuzzy gains increase to correct the initial heading error,
after which the actual path lies essentially on top of the desired circle for the remainder

of the run.

Position error. Figure 5.8 shows the positioning error over time. The error peaks at
approximately 0.014m during the initial transient as the controller corrects the starting
heading error, then decays to a steady-state level of approximately 0.002 m within the first
ten seconds. This initial peak and subsequent monotonic decay match the exponential
convergence bound from Equation (3.38). The steady-state residual is consistent with
the theoretical bound ¢ /K, from Section 3.3, where § represents the unmodelled roller
contact disturbances in the Gazebo simulation. The overall RMSE over the full 150s run
is 0.0026 m.
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Figure 5.7: Simulation - XY trajectory with correct configuration (¢, = —0.20m, wyer =

0.08rad/s). The actual path (red dashed) converges onto the desired circle (blue) within
the first quarter revolution. The green dot marks the robot start position.
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Figure 5.8: Simulation - Positioning error vs time. The initial transient peak of 0.014 m
decays to a steady-state level of approximately 0.002m. The red dashed line marks the
overall RMSE,, = 0.0026 m.
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Position time series.
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Figure 5.9: Simulation position tracking. Top: DOF 1 forward position tracking, desired
x4 (blue) and actual z (red dashed). Bottom: DOF 2 lateral position tracking, desired
ya (blue) and actual y (red dashed). Both channels show close agreement throughout the
run.

Figure 5.9 shows the forward and lateral position time series, with the desired and
actual signals overlaid. Both channels show excellent agreement throughout the run with
negligible phase offset confirming that the trajectory clock synchronisation is correct and

that neither DOF lags the reference after the initial transient has settled.

Control signals and three-DOF operation. Figure 5.10 shows the three com-
manded velocity signals over time. The forward velocity V, closely follows the sinusoidal
desired profile V4, confirming that DOF 1 is tracked accurately. The lateral velocity V,
and the yaw rate w are simultaneously active throughout the run, demonstrating that
the controller is managing all three degrees of freedom concurrently. This simultaneous
three-channel operation is the fundamental advantage of the mecanum platform: unlike
a differential-drive robot, the lateral velocity channel can be used independently without
interfering with forward motion or rotation. The small residual noise visible in all three
channels reflects the roller contact disturbances modelled by Gazebo.

Adaptive gains. Figure 5.11 shows the three adaptive gains K,, K, and K, over
time. All three gains are elevated during the initial transient period while the controller

corrects the starting heading error, then settle to lower steady-state values once the robot
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Control Signals — Three Degrees of Freedom
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Figure 5.10: Simulation - Control signals for all three degrees of freedom. Top: DOF 1
forward velocity V, vs desired V4. Middle: DOF 2 lateral velocity V, (commanded).
Bottom: DOF 3 yaw rate w vs desired wy. All three channels are active simultaneously,
demonstrating full holonomic operation.
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is tracking the circle accurately. This behaviour is exactly what the fuzzy rule base
encodes: large error produces large gain and small converging error produces small gain.
The heading gain K4 shows the largest initial spike, which is expected since the heading
error Iy is the dominant component of the initial mismatch. The fact that all gains
decrease and stabilise rather than growing unboundedly is consistent with the Lyapunov

stability proof, which guarantees bounded gains throughout operation.

Adaptive Fuzzy Gains — Online Adaptation
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Figure 5.11: Simulation - Adaptive fuzzy gains for all three channels. Top: K, (forward).
Middle: K, (lateral). Bottom: K, (heading). Gains are elevated during the initial
transient and settle to lower steady-state values as the robot converges onto the reference
circle.

Body-frame errors. Figure 5.12 shows the three body-frame tracking errors E,,
E, and Ey4 over time. The heading error Ey4 exhibits the clearest exponential decay,
dropping from approximately 1.5rad at ¢ = 0 to near zero within the first ten seconds.
This decay profile visually demonstrates the exponential convergence bound established
by Equation (3.38). The forward and lateral errors £, and E, remain small throughout

the run, fluctuating near zero at the level of the Gazebo roller noise.
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Body-Frame Tracking Errors
DOF 1 — Forward Error (Ex)
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Figure 5.12: Simulation - Body-frame tracking errors. Top: E, (forward). Middle: E,
(lateral). Bottom: E (heading). The heading error decays exponentially from the initial
value, directly illustrating the convergence bound of Equation (3.38).
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5.1.4 Simulation Run: Robot Spawning Outside the Circle

An additional simulation experiment was conducted to test the controller recovery from
a large initial displacement. The robot spawns at the world-frame origin (0, 0) while the
trajectory centre remains at ¢, = —0.20m. The spawn point lies on the circumference
of the desired circle but the initial heading ¢(0) = 0 does not match the desired heading
¢4(0) = m/2. The controller must therefore correct a simultaneous heading and lateral
error before converging onto the reference path. All other parameters are as listed in
Table 4.1.

Trajectory tracking. Figure 5.13 shows the XY trajectory. The robot starts at the
green dot at (0, 0). A visible convergence arc is traced in the first few seconds before the

actual path lies essentially on top of the desired circle for the remainder of the run.

Trajectory Tracking (circle)
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Figure 5.13: Simulation (outside spawn) - XY trajectory. The robot spawns at (0, 0) on
the circumference of the desired circle (blue) with incorrect heading. The actual path
(red dashed) traces a short convergence arc before locking onto the reference circle. The
green dot marks the robot start position.

Position error. Figure 5.14 shows the positioning error over time. The error peaks

at approximately 0.30 m during the initial transient as the controller corrects the com-
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bined heading and lateral displacement, then decays monotonically to a steady-state level
comparable to the correctly initialised run. The overall RMSE over the full 150s run is
0.0198 m. The elevated RMSE relative to the correctly initialised run (0.0026 m) is entirely
due to the large initial transient contribution. The steady-state residual is comparable

once convergence is complete.

Tracking Error vs Time (RMSE_xy = 0.0198 m)
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Figure 5.14: Simulation (outside spawn) - Combined planar positioning error

\/ (g — x)% + (ya — y)? vs time. The initial peak of approximately 0.30 m decays mono-
tonically as the controller converges onto the circle. The red dashed line marks the overall
RMSE,, = 0.0198 m.

Position time series. Figure 5.15 shows the forward and lateral position time se-
ries, with the desired and actual signals overlaid. Both channels show a clear initial
mismatch followed by convergence to the sinusoidal reference profile. After the transient

both channels agree closely with negligible phase offset.
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Figure 5.15: Simulation (outside spawn) - Position time series. Top: DOF 1 forward
position tracking, desired x4 (blue) and actual = (red dashed). Bottom: DOF 2 lateral
position tracking, desired y,; (blue) and actual y (red dashed). Both channels converge
from the initial displacement to close agreement within approximately 20s.
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Control signals and three-DOF operation. Figure 5.16 shows the three com-
manded velocity signals over time. All three channels exhibit large initial spikes as the
fuzzy gains respond to the large starting errors. The forward velocity V, and yaw rate w
both reach near-saturation briefly before settling to their steady-state profiles. After the
transient all three channels operate normally with no persistent oscillation, demonstrating

stable recovery under a large initial displacement.

Control Signals — Three Degrees of Freedom
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Figure 5.16: Simulation (outside spawn) - Control signals for all three degrees of freedom.
Top: DOF 1 forward velocity V, vs desired V4. Middle: DOF 2 lateral velocity V,
(commanded). Bottom: DOF 3 yaw rate w vs desired wy. All three channels show large
initial transients followed by normal steady-state operation.

Adaptive gains. Figure 5.17 shows the three adaptive gains K,, K, and K4 over
time. All three gains are elevated toward K., at the start of the run in response to
the large initial errors, then decay as the robot converges onto the circle. This behaviour
directly illustrates the adaptive mechanism encoded in the fuzzy rule base: large error
produces large gain and small converging error produces small gain. All gains remain

within [Kin, Kmax] throughout the run, consistent with Equation (3.35).
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Adaptive Fuzzy Gains — Online Adaptation
DOF 1 — Forward Gain (Kx)
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Figure 5.17: Simulation (outside spawn) - Adaptive fuzzy gains for all three channels.
Top: K, (forward). Middle: K, (lateral). Bottom: K (heading). All gains spike toward
Khax during the initial convergence phase and settle to lower steady-state values once the
robot is tracking the reference circle.
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Body-frame errors. Figure 5.18 shows the three body-frame tracking errors FE,,
E, and Ey over time. The heading error Ey dominates the initial transient, decaying
exponentially from approximately 7 /2 rad to near zero within the first ten seconds, directly
reproducing the convergence behaviour predicted by Equation (3.38). The forward and
lateral errors also decay from their initial values and settle at the same near-zero steady-

state level as in the correctly initialised run.
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Figure 5.18: Simulation (outside spawn) - Body-frame tracking errors. Top: F, (forward).
Middle: E, (lateral). Bottom: E, (heading). All three errors decay from their initial
values to near-zero steady state, consistent with the exponential convergence bound of
Equation (3.38).

This experiment confirms that the adaptive fuzzy controller converges from a large ini-
tial displacement without oscillation or instability. The higher overall RMSE of 0.0198 m
compared to the correctly initialised run is entirely attributable to the initial transient

and not to a deficiency in steady-state tracking performance.
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5.1.5 Comparison of Simulation Runs

The simulation runs together illustrate how initial conditions affect convergence behaviour
independently of the controller design. In the correctly initialised run (Section 5.1.3) the
robot spawns at (0, 0), which coincides exactly with the first point on the desired circle.
Only a heading error is present at startup: E,(0) =~ 0, E,(0) ~ 0 and E4(0) = 7/2.
The fuzzy gain scheduler responds by elevating only Ky while K, and K, remain near
their minimum values. The robot therefore stays close to the circle throughout and the
convergence arc is small, producing a smooth trajectory with RMSE,, = 0.0026 m.

In the outside spawn run (Section 5.1.4) the robot spawns at the same point (0, 0) but
with an incorrect initial heading ¢(0) = 0 instead of the desired ¢4(0) = 7/2, while the
spawn point remains on the circumference of the circle. All three body-frame errors are
non-zero at startup: £,(0) # 0, £,(0) # 0 and E,(0) # 0. The fuzzy rule base drives all
three gains toward K., simultaneously, producing a large initial transient and a visible
convergence arc in the XY trajectory. Once the robot reaches the circle the steady-state
tracking quality is indistinguishable from the correctly initialised run, but the large initial
transient raises the overall RMSE to 0.0198 m.

The key point is that the difference in trajectory smoothness between the two runs is
not caused by the controller but by the initial Lyapunov energy V(0) = 3(E2 + E; + E3).
In the correctly initialised run only E4(0) contributes to V(0), so the initial energy is
small and convergence is fast and smooth. In the outside spawn run all three terms
contribute, the initial energy is much larger and the controller must dissipate it before
steady-state tracking can begin. This is consistent with the exponential convergence
bound of Equation (3.38), which predicts that a larger | £(0)|| produces a longer transient

at the same convergence rate Ki,.
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5.2 Hardware Experiment Results

Hardware experiments were conducted on the physical Mecabot2 using the same ROS2
controller node and parameter file as in the simulation. The same circular trajectory with
R =0.20m, ¢, = —0.20 m and w,ef = 0.08 rad /s was commanded. Odometry was recorded
from the onboard wheel encoders via the /odom topic. Because the controller node was
unchanged, the hardware results reflect the same high-level control law operating through
a different execution backend. Performance differences relative to simulation (higher
RMSE, more gain fluctuation, noisier error signals) arise from the physical execution
layer: wheel slip, roller vibration, odometry quantisation and embedded actuation delays

that the Gazebo model does not replicate.

Trajectory tracking. Figure 5.19 shows the XY trajectory recorded on the physical
Mecabot2. The robot converges onto the desired circle within the first quarter revolution,
consistent with the simulation behaviour. The actual path follows the reference closely
throughout the run. Minor deviations along the circle perimeter are consistent with roller

vibration and floor friction effects expected on a physical platform.
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Figure 5.19: Hardware - XY trajectory. The actual path (red dashed) converges onto the
desired circle (blue). The green dot marks the robot start position.

Position error. Figure 5.20 shows the positioning error over time. The error settles
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quickly into a noisy steady-state fluctuation centred near zero, reflecting roller-ground
contact noise from the physical floor surface. The overall RMSE over the full run is
0.0046 m, approximately 1.8x higher than the simulation RMSE of 0.0026 m. This in-
crease is expected: real roller vibration, wheel slip and odometry drift are absent from
the Gazebo contact model. The error remains bounded and small throughout the entire

run, confirming stable tracking on the physical platform.
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Figure 5.20: Hardware - Positioning error vs time. The error fluctuates in a noisy steady
state throughout the run. The red dashed line marks the overall RMSE,, = 0.0046 m.

Position time series. Figure 5.21 shows the forward and lateral position time series
with the desired and actual signals overlaid. Both channels track the sinusoidal reference
closely with negligible phase offset, confirming that the trajectory clock synchronisation

works correctly on real hardware.

DOF 1 — Forward Position Tracking

DOF 2 — Lateral Position Tracking
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Figure 5.21: Hardware - Position time series. Top: DOF 1 forward position tracking,
desired =4 (blue) and actual = (red dashed). Bottom: DOF 2 lateral position tracking,
desired y, (blue) and actual y (red dashed). Both channels show close agreement through-
out the run.

23



Control signals and three-DOF operation. Figure 5.22 shows the three com-
manded velocity signals on the physical robot. The forward velocity V. tracks the desired
profile V4 closely. The lateral velocity V, and yaw rate w are simultaneously active
throughout the run, confirming full three-channel mecanum operation on real hardware.

Higher noise compared to simulation reflects real encoder and floor disturbances.
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Figure 5.22: Hardware - Control signals for all three degrees of freedom. Top: DOF 1
forward velocity V, vs desired V4. Middle: DOF 2 lateral velocity V, (commanded).
Bottom: DOF 3 yaw rate w vs desired wy.

Adaptive gains. Figure 5.23 shows the three adaptive gains over time. Unlike
simulation where gains settle to smooth values, the hardware gains show persistent high-
frequency fluctuation due to real roller-ground disturbances. Despite this, all three gains

remain within [Kpin, Kmax] throughout the run, consistent with the Lyapunov stability
bound of Equation (3.35).
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Adaptive Fuzzy Gains — Online Adaptation
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Figure 5.23: Hardware - Adaptive fuzzy gains for all three channels. Top: K, (forward).
Middle: K, (lateral). Bottom: K (heading). Gains remain bounded within [K i, Kmax)
throughout the run.

Body-frame errors. Figure 5.24 shows the three body-frame tracking errors. The
heading error E,; decays from its initial value to near zero within the first few seconds,
reproducing the exponential convergence seen in simulation. The forward and lateral
errors fluctuate around zero at a noise level approximately 2x higher than simulation,

with no sustained drift or growing trend in any channel.
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Body-Frame Tracking Errors
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Figure 5.24: Hardware - Body-frame tracking errors. Top: E, (forward). Middle: E,
(lateral). Bottom: Ej (heading). The heading error decays from the initial value as in
simulation. Position errors fluctuate around zero with no growing trend.

The hardware results confirm that the qualitative behaviour observed in simulation
transfers directly to the physical platform. The controller converges onto the desired
circle within the first quarter revolution on real hardware, reproducing the transient con-
vergence seen in simulation. The steady-state RMSE of 0.0046 m is approximately 1.8x
higher than the simulation value of 0.0026 m, which is consistent with the additional dis-
turbance sources present on the physical platform: real roller vibration as each passive
roller transitions between loaded and unloaded contact, velocity-dependent wheel slip on
the laboratory floor surface and odometry drift accumulating over the 150s run. The
adaptive gains show persistent high-frequency fluctuation on hardware that is absent in
simulation, reflecting these real contact disturbances being fed back through the error
signal. Despite this, all three gains remain bounded within [K i, Kynax] throughout the
run and the body-frame errors show no sustained drift or growing trend in any channel,

confirming that the Lyapunov stability guarantee holds under real operating conditions.
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5.3 Summary of Results

Table 5.1 collects the key metrics from all experiments. The two failure mode runs
give RMSE values of 0.36 m and 0.18 m respectively, illustrating the impact of incorrect
parameterisation and timing mismatch. The correctly configured simulation run achieves
RMSE,, = 0.0026 m and the hardware run achieves RMSE,, = 0.0046 m, approximately

1.8x higher due to real roller vibration, wheel slip and odometry drift.

Table 5.1: RMSE summary across all experiments.

Experiment Description RMSE (m)
Sim Failure Mode 1 Incorrect centre offset 0.36
Sim Failure Mode 2 Phase-lag (bandwidth exceeded) 0.18
Sim correct run Correct configuration (simulation) 0.0026
Hardware run Correct configuration (real robot) 0.0046

The two failure modes are not specific to the adaptive fuzzy controller. Any velocity-
level kinematic controller on this platform would show the same problems under the same
parameter choices. The trajectory initialisation error comes from a wrong centre offset.
The phase-lag error comes from commanding a speed above the saturation limit. Both
produce clear signatures in the error plots that make them straightforward to diagnose
and fix.

The theoretical convergence and disturbance bounds derived in Section 3.3 are directly
confirmed by the experimental results. The exponential convergence rate bounded below
by Kmin is visible in all runs: the heading error £, decays exponentially from its initial
value to near zero within the first ten seconds in both the correctly configured simulation
run and the outside spawn run, consistent with the bound ||E(t)|| < ||[E(0)|e™*==! from
Equation (3.38). The outside spawn run provides the clearest illustration since ||E/(0)||
is large, making the exponential decay clearly visible in the body-frame error plots (Fig-
ure 5.18).

The disturbance bound 6/ K i, from Theorem 4.18 in Khalil (2002) is also consistent
with the observed steady-state residuals. The simulation run achieves a steady-state
RMSE of 0.0026 m, reflecting small unmodelled roller contact disturbances in Gazebo.
The hardware run achieves 0.0046 m, approximately 1.8 higher, consistent with larger
real disturbances from roller vibration, wheel slip and odometry drift on the physical
platform. In both cases the residual remains small and bounded, confirming that the

ultimate boundedness guarantee holds under real operating conditions.
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Conclusion

6.1 Summary of Contributions

This thesis designed, implemented and tested an adaptive fuzzy gain-scheduled trajectory
tracking controller for the Mecabot2. The controller works at the kinematic velocity level.
That makes it directly compatible with the Mecabot2 hardware interface, which exposes
only a velocity command topic and provides no access to motor torques.

The body-frame error dynamics for the mecanum platform were derived. A baseline
proportional controller was shown to be globally asymptotically stable via a Lyapunov
argument. The cross-coupling terms in the error dynamics cancel exactly because of
the skew-symmetric structure of the equations. Three parallel Mamdani fuzzy systems
then replaced the three fixed gains with adaptive gains computed online from the current
error and its rate of change. The adaptive system inherits the same Lyapunov function.
The convergence rate is bounded below by K,,;, and the residual error under bounded
disturbances is bounded by /K-

The controller was implemented as a single ROS2 Python node at 20 Hz with full CSV
logging of all signals. Every tunable quantity is set through a YAML file at launch. No
recompilation is needed to change trajectory parameters or gain limits.

The same node ran without modification in both Gazebo simulation and real hardware
experiments. In simulation the velocity commands were executed through the Gazebo
mecanum drive plugin; on the physical robot the same commands were forwarded through
the linorobot bringup chain and micro-ROS bridge to the embedded base controller. The
control law, error formulation and gain-scheduling logic were identical in both cases. This
confirms that the proposed controller operates at the ROS2 motion-control layer in a form
that transfers directly from simulation to a real mecanum platform.

Gazebo simulation on a circular path with correct parameterisation gives an RMSE of
0.0026 m, with the initial transient decaying exponentially as predicted by the Lyapunov
analysis. Two failure modes were documented with their diagnostic signatures and fixes.

The trajectory initialisation error and the phase-lag instability both produce identifiable

o8



patterns in the error time series that allow rapid diagnosis and correction. Hardware

experiments on the physical Mecabot2 complement the simulation results.

6.2 Limitations

The simulation environment models each mecanum wheel as a single contact point with
anisotropic friction. Real rollers vibrate as they hit the ground, slip in a velocity-
dependent way and deform under load. None of that is fully captured in the simulation.
The fuzzy parameters were tuned primarily in simulation. Real hardware conditions may
require retuning of the membership function ranges and gain limits.

The controller works at the kinematic level. Inertial and Coriolis effects are treated
as disturbances absorbed by feedback. That is justified below 0.8 m/s translation and
2.5rad/s yaw. Above those limits the approximation breaks down and dynamic compen-
sation becomes necessary.

The fuzzy rule base is symmetric and shared across all three channels. On real hard-
ware the x, y and ¢ channels may behave differently depending on floor surface and load
distribution. Separate rule bases or channel-specific normalisation scales could improve

performance in those cases.

6.3 Future Work

The most immediate next step is a systematic hardware validation campaign covering
multiple trajectories and floor surfaces. The ROS2 node transfers directly to the onboard
Jetson Orin computer. The main task will be tuning the membership function ranges and
gain limits for real contact conditions, using the CSV logging to compare the real and
simulated signal profiles.

The second direction is testing on more trajectory shapes. Figure-eight paths and
square paths with sharp corners would exercise the controller more aggressively and push
the fuzzy gains toward their upper limit. These experiments would also reveal whether
the symmetric rule base performs equally in all directions on real hardware.

The third direction is extension to the dynamic level. Adding a dynamic compensa-
tion layer would extend the operating range to higher speeds and reduce residual error
under aggressive motion. The Lyapunov framework from this thesis is compatible with
that extension since the stability proof structure is preserved when additional terms are
included in the control law.

A fourth direction is the addition of a real-time visual marker for the desired trajectory
point during both simulation and hardware experiments. In the current implementation
the desired point qq(t) moves along the reference circle invisibly. In simulation, adding

a moving marker published as a RViz visualisation marker would allow real-time visual
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verification that the robot is converging towards the correct point on the trajectory. On
the physical Mecabot2, a similar effect could be achieved by publishing the desired pose
as a ROS2 topic and overlaying it on the odometry trajectory in a post-processing visuali-
sation tool. This improvement would be particularly useful during tuning and debugging,
where it is important to distinguish between the robot tracking the correct phase of the
trajectory and the robot simply moving in a circle with a phase offset, as documented in
Failure Mode 2 (Section 5.1.2).
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