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Abstract

Trajectory tracking of nonholonomic mobile robots using Model Predictive Control (MPC) has attracted significant attention
due to its capability to explicitly handle system dynamics and actuator constraints within an optimization framework. However,
limited studies specifically investigate the computational consistency of constrained Nonlinear Model Predictive Control
(NMPC) under fixed-sampling closed-loop simulation environments. This study presents the implementation of a constrained
NMPC framework for trajectory tracking of a Pioneer P3DX differential-drive robot using a discrete-time kinematic model
and Sequential Least Squares Quadratic Programming (SLSQP) optimization. The controller is integrated with the
CoppeliaSim environment through a ZeroMQ based communication interface operating at a fixed sampling time of 0.1 s.
Controller performance is evaluated using circular, lemniscate, and square reference trajectories to analyze predictive
behavior under varying curvature conditions. The simulation results demonstrate cumulative Root Mean Square Error (RMSE)
values of 0.3868 m for the circular trajectory, 0.0942 m for the lemniscate trajectory, and 0.4911 m for the square trajectory.
In the square trajectory case, the controller autonomously reduces linear velocity before sharp corners and generates smooth
feasible turning maneuvers while satisfying actuator constraints. These behaviors indicate that the implemented NMPC
framework is capable of maintaining stable and constraint-aware trajectory tracking performance within a structured closed-
loop simulation environment. The study therefore provides a preliminary validation of computational feasibility prior to
hardware level implementation.
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1. Introduction predictive nature of MPC allows the controller to
anticipate upcoming curvature variations and adjust
control inputs accordingly [12]. Recent studies have
further explored adaptive and learning-based extensions
to enhance robustness under varying operating
conditions [13-16]. While linearized MPC schemes are

frequently adopted to reduce computational burden,

The development of autonomous mobile robots requires
control strategies capable of ensuring accurate
trajectory tracking while respecting nonholonomic
motion constraints and actuator limitations[1]. Among
various approaches, Model Predictive Control (MPC)
has become a prominent solution due to its ability to

explicitly incorporate system dynamics and input
constraints within an optimization-based framework
[2]. Compared to conventional geometric or classical
controllers, MPC provides a systematic methodology
for managing multi-variable systems under physical
limitations [3-6].

In mobile robotics, MPC has been extensively applied
to path-following and trajectory-tracking problems,
where the objective extends beyond minimizing
positional deviation to ensuring convergence along
time-parameterized reference trajectories [7-11]. The

nonlinear MPC (NMPC) offers improved fidelity in
representing ~ nonholonomic  robot  dynamics,
particularly for differential-drive platforms [4], [17].

Despite the extensive body of literature on MPC-based
path tracking, most studies emphasize algorithmic
refinement, adaptive weighting strategies, or high-
speed vehicle dynamics [7], [14], [18-20].
Comparatively less attention has been directed toward
examining the computational behaviour of constrained
nonlinear MPC within structured closed-loop
simulation environments. For differential-drive robots,
solving a nonlinear constrained optimization problem at
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every sampling instant introduces computational
demands that must remain consistent with the selected
sampling interval. Evaluating  whether  such
optimization can be executed reliably within a fixed
control period is therefore an important preliminary step
prior to hardware-level implementation.

The Pioneer P3DX robot provides a representative
nonholonomic differential-drive platform commonly
used for control validation. Its planar kinematic
structure aligns with widely adopted modelling
approaches in robotic and autonomous vehicle research
[3]. However, integrating NMPC with realistic actuator
bounds and maintaining synchronized communication
between controller and plant requires careful
architectural design to preserve temporal consistency
within a closed-loop framework.

Accordingly, this study implements a nonlinear MPC
framework for trajectory tracking of a Pioneer P3DX
robot within a structured CoppeliaSim-based simulation
environment. The controller employs a discrete-time
kinematic model and constrained optimization using
SLSQP, integrated through a ZeroMQ communication
interface to enable closed-loop operation with a fixed
sampling time [21]. The objective of this work is to
assess the computational consistency and tracking
robustness of NMPC under simulation conditions,
rather than to claim hardware-level real-time
deployment or superiority over alternative controllers.
Performance is evaluated across trajectories with
varying curvature characteristics to analyse predictive
behaviour and constraint handling within the simulated

environment [22].

This study contributes by demonstrating the
computational consistency of constrained NMPC
within a fixed-sampling closed-loop simulation
framework using a Pioneer P3DX differential-drive
robot. Furthermore, the proposed framework evaluates
predictive and constraint-aware trajectory tracking
behaviour across multiple trajectory geometries through
synchronized integration between CoppeliaSim and a
ZeroMQ based communication architecture.

2. Methods
2.1 Pioneer robot

The kinematic behaviour of the Pioneer P3DX is
modelled as a differential drive system as illustrated in
Figure 1. Figure 2 illustrates the robot's pose (x,y, 0) is
governed by the independent velocities of its left and
right wheels. While dynamic models offer precision at
high speeds, this study employs a kinematic model due
to its computational efficiency and sufficient accuracy
for low-speed manoeuvring in urban-like environments.
The relationship between the robot's global pose and its
control inputs (linear velocity v and angular velocity w
is described by standard nonholonomic constraints, as
indicated by the equations (x =V cos(8)), (y =
Vsin()), and (6 = w).
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Equation 1 describes the continuous-time kinematic
model of the Pioneer P3DX differential-drive robot. In
this formulation, x and y denote the robot position in the
global coordinate frame, 6 represents the robot
orientation, v corresponds to the linear velocity, and ®
denotes the angular velocity. The model captures the
nonholonomic motion behavior of the robot under
planar movement assumptions.

x = vcos(0)
y = vsin(0) €))
b= w

Figure 1. Pioneer P3DX

v, (radians/second)

V(meters/second]

Vp(radians/second

Figure 2. Kinematic Models

Equation 2 presents the discrete-time kinematic model
obtained using the Euler discretization method. Planar
kinematic models are widely used in the literature due
to their simplicity and sufficient performance for low-
speed maneuvering in urban environments [3]. While
high-speed applications often require dynamic models,
kinematic models remain effective for trajectory
tracking where tire slip is negligible. As shown in
Equation 2, (Xy4+1) and (yk4+1) represent the predicted
position coordinates after a sampling interval
(At), while (6,,) denotes the predicted robot
orientation. These future states are calculated using the
current robot (Xy, Vi, 0x) together with the control
inputs (Vi) and (wy), which correspond to the linear
and angular velocities, respectively. This discretization
is crucial for implementing optimization-based
controllers operating in a fixed sampling framework, as
it enables the robot motion to be simulated and
predicted in a step-by-step manner. Furthermore, recent
studies suggest that incorporating error compensation
mechanisms into the kinematic model can significantly
reduce tracking deviations on curved paths [23]. While
dynamic models generally provide higher fidelity,
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kinematic models remain attractive for low-speed
trajectory-tracking applications due to their lower
computational complexity and adequate accuracy in
start-stop maneuvers [24]. Nevertheless, their
performance may deteriorate at high speeds where tire
slip effects become significant, requiring appropriate
velocity constraints [25].

X1 = X + v cos(0,) At

Yi+1 = Vi + Vi sin(0y) At (2)
9k+1 == Gk + (.l)kAt

After establishing the kinematic representation of the
Pioneer P3DX robot, an integrated control architecture
is required to facilitate communication between the
optimization-based controller and the simulation
environment. Therefore, the overall system architecture
employed in this study is presented in the following
subsection.

2.2 System Architecture

The architecture of the proposed trajectory tracking
system is designed as a closed-loop framework, as
illustrated in Figure 3. The system integration is
categorized into four fundamental layers, with the
specific operational configurations summarized in
Table 1. The first layer is the Controller Layer, which
serves as the core intelligence by implementing a
Nonlinear Model Predictive Control (NMPC)
algorithm. This controller utilizes the Sequential Least
Squares Quadratic Programming (SLSQP) optimizer
from the SciPy library to process the robot’s current
state (x,y,\0 ) and predict optimal control inputs
(v,w). This process is achieved by minimizing a
quadratic cost function / over a defined prediction
horizon (N_p = 10). To ensure low-latency and
synchronous data exchange between the high-level
Python controller and the simulation environment, a
Communication Layer employing the ZeroMQ Remote
API is established. This middleware operates via TCP
port 23000 using a JSON-encoded Request-Reply
(REQ-REP) pattern, enabling a precise sampling time

ofdt = 0.1s.
N N Load Reference Trajectory &amp:
Start Imtlahzeé}npﬁ&ag\m Enwrnntmenl &amp; Define NMPC Parameters
EE IS T]) Np, dt=0.1s, Q, R, Constraints
Read Current Robot State x, y, 8 &amp; ;
Predict Future States Over Horizon «—— Initialize Pioneer P3DX Robot State
Apply &amp; Transmit Velocity via ZeroMQ
tfg‘:ﬂ:gfg?ﬁ; ré’::t?nlusse‘n%s;csﬁrpm Update Motion &amp; Receive Odometry
* * Feedback
li Calculate Tracking Error & Log Data
Simulation > Compute RMSE &amp
Finished? Analyze Predictive Tracking Behaviour
. '
Ho
+ End
L Wait Until Next Sampling

Interval dt=01s
Figure 3. NMPC trajectory tracking framework.

The execution of the control commands occurs within
the Plant Layer, hosted in the CoppeliaSim simulator.
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This environment features a physics-based model of the
Pioneer P3DX differential drive robot, which receives
velocity commands and provides continuous feedback
of the robot’s pose through internal odometry sensors
and the simulation clock. Finally, the system
incorporates a Visualization and Logging Layer using
the Matplotlib FuncAnimation API for real-time
monitoring of tracking performance. Beyond real-time
visualization, this layer is responsible for
comprehensive data logging, which facilitates post-
simulation quantitative analysis. This analysis focus on
calculating the Root Mean Square Error (RMSE) to
objectively evaluate the tracking precision and stability
of the NMPC scheme across various reference
trajectories.

Table 1. System Parameters

Parameter Symbol Value Unit
Prediction Horizon N_p 10 steps
Sampling Time dt 0.1 seconds
State Error Weight Q 1.0 -
Control Effort Weight R 0.1 -

Max. Linear Velocity v_{max} 2.0 m/s
Max. Angular Velocity w_{max} 1.0 rad/s
Wheelbase (Pioneer L 0.33 meters
P3DX)

Communication Port TCP 23000 -

The system architecture described previously provides
the computational framework for controller
implementation. Based on this architecture, the
nonlinear model predictive control strategy is
formulated to generate optimal control actions while
satisfying actuator constraints.

2.3 Model Predictive Control

The core mechanism of the proposed controller
involves solving a finite-horizon optimization problem
at each time step. By utilizing a discrete-time prediction
model, the controller anticipates future states and
computes an optimal control sequence that minimizes a
specific cost function. This receding horizon approach
allows for continuous feedback correction, improving
tracking stability against model inaccuracies. At each
sampling time, MPC solves an optimization problem
that considers the predicted states and control actions
over a future time window. Specifically, Nonlinear
MPC (NMPC) directly discretizes the nonlinear model
of the mobile device, resulting in higher path tracking
accuracy compared to linearized approaches. The
optimal input for the current step is then applied to the
system.

MPC operates through iterative optimization of the
plant model over a limited prediction horizon. At a
specific time t, the current state of the plant is sampled,
and a control strategy that reduces a cost function is
calculated using numerical minimization techniques for
the future period [¢t,t + T]. The optimization process
evaluates possible trajectories that come from the
current state and finds a control input that minimizes the
cost until time ¢t + T. This optimization often uses the
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Euler—Lagrange equations to find the cost-minimizing
solution.

Only the first control input from the computed sequence
is applied to the plant. After that, the system state is
sampled again, and the optimization problem is solved
once more using the new state. This process continues
repeatedly, causing the prediction horizon to move
forward in time. Because of this shifting time window,
MPC is also known as receding horizon control.
Although MPC does not always produce a globally
optimal solution, it has shown very strong performance
in many real applications.

Many academic studies have focused on improving
MPC by developing faster numerical solvers for the
Euler-Lagrange equations, studying global stability
when MPC uses only local optimization, and improving
the overall efficiency of the algorithms.

Figure 4 illustrates a discrete Model Predictive Control
(MPC) scheme, which is a method used in control
systems to optimize the performance of a plant (the
system being controlled). The horizontal axis represents
time, with k marking the current time step and k +
1,k + 2, and so on indicating future time steps within
the prediction horizon. The vertical axis shows the
output values of the system. The red line with dots
represents the reference trajectory, which is the desired
path that the system's output should follow. The brown
line with circles shows the predicted output, which is
the system's expected performance based on the current
control strategy. The orange line with diamonds
represents the measured output, indicating the actual
performance of the system as it has been observed.

e~ Reference Trajectory  ppgt FUTURE
icted Output

7 Mezsured Output
Past Control Input
Predicted Control Input

6

Prediction Horizon

Time Step

Figure 4. Model Predictive Control Diagram

The blue line with squares depicts the predicted control
input, which shows the control actions planned for
future time steps to achieve the desired system
behaviour. The blue line with circles represents the past
control input, indicating the control actions that have
been applied up to the current time step. The prediction
horizon is the range of future time steps over which the
control strategy is optimized. After each sample time,
which is the time interval between control updates, the
system state is re-evaluated, and the control strategy is
recalculated from the new current state, shifting the
prediction horizon forward. This process is central to
the receding horizon control approach, where the
horizon moves as time progresses, allowing for
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continuous adaptation to changes in the system or its
environment.

The optimization objective of the proposed NMPC
controller is formulated through the cost function
shown in Equation 3.

J =307 (1060 Y1) = Cereps Veed) 3 + [ Wi 0)13) (3)

Equation 3 defines the objective function minimized by
the NMPC algorithm over a finite prediction horizon. In
this formulation, J represents the cumulative
optimization cost, while Np denotes the prediction
horizon used to evaluate future system behavior. The
first term penalizes the trajectory tracking error between
the predicted robot position (xy, yi) and the reference
position (Xpef, Vrer), Where the weighting matrix Q
determines the importance assigned to tracking
accuracy. The second term penalizes the control inputs
vk and wy through the weighting matrix R, which
regulates actuator utilization and prevents excessively
aggressive control actions. The weighting matrices Q
and R establish a trade-off between tracking
performance and control effort. Larger values of Q
encourage the controller to prioritize trajectory
convergence, whereas larger values of R result in
smoother control commands by penalizing rapid
variations in linear and angular velocity. Consequently,
the optimization process seeks a feasible control
sequence that minimizes tracking error while respecting
actuator limitations throughout the prediction horizon.
Furthermore, optimizing control inputs contributes to
energy efficiency by reducing unnecessary acceleration
and braking maneuvers [26].

The MPC framework operates by repeatedly solving a
constrained optimization problem over a finite
prediction horizon while utilizing the current system
state as the initial condition [7], [14]. At each sampling
interval, the controller predicts future robot states using
the discrete-time nonlinear kinematic model and
computes an optimal sequence of control inputs that
minimizes a predefined objective function. The
optimization  process simultaneously  considers
trajectory tracking accuracy and actuator limitations to
ensure feasible control actions throughout the
prediction horizon [18].

The objective function in Equation 3 is formulated to
minimize both trajectory tracking error and control
effort over the prediction horizon. The weighting
matrices Q and R regulate the trade-off between
trajectory convergence and actuator utilization. Larger
values in Q prioritize reference tracking performance,
whereas larger values in R penalize excessive control
variations to maintain smoother system behavior and
reduce aggressive actuator commands [22].

In this study, the constrained optimization problem is
solved iteratively using the Sequential Least Squares
Quadratic Programming (SLSQP) algorithm available
in the SciPy optimization library [21]. The optimizer
computes feasible linear and angular velocity inputs
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while satisfying predefined actuator constraints at every
sampling interval. Only the first control input from the
optimized control sequence is applied to the robot,
while the optimization process is repeated at the next
sampling instant using updated feedback states. This
receding horizon mechanism enables the controller to
continuously adapt to trajectory changes and maintain
closed-loop tracking performance under varying path
geometries [5], [14].

The prediction horizon length and sampling interval
significantly influence controller behavior and
computational performance. A longer prediction
horizon generally improves predictive capability and
trajectory smoothness but increases optimization
complexity and computational load. Conversely,
shorter horizons reduce computational burden at the
expense of reduced anticipatory behavior during rapid
trajectory transitions [4]. Therefore, the NMPC
parameters are selected to maintain a balance between
tracking accuracy, optimization feasibility, and
computational consistency within the fixed sampling
interval of 0.1 s used throughout the simulation
framework. To implement the NMPC algorithm, the
robot dynamics are represented in a state-space form
consisting of state variables, control inputs, and a
discrete-time prediction model.

Equation 4 defines the system state vector used by the
NMPC framework. The state vector consists of the
robot position coordinates (x) and (y), together with
the orientation angle (8), which collectively describe
the robot pose in the global reference frame. Equation 5
defines the control input vector, which contains the
linear velocity (v) and angular velocity (w) applied to
the differential-drive robot.

Based on the state and input definitions, the robot
motion is predicted using the discrete-time kinematic
model presented in Equation 6. This prediction model
estimates the future robot state (x4, from the current
state (xi) and control input (uy) over a sampling
interval (At). The position coordinates are updated
according to the commanded linear velocity and robot
orientation, while the heading angle is updated using the
angular velocity command. Consequently, Equation 6
provides the predictive mechanism required by the
NMPC algorithm to evaluate future system behavior
over the prediction horizon.

State: x = [x, y, 6]T 4
Input: u = [v, 0]T %)
Prediction model:

X, + vy cos(0,) At
X1 = f O ug) = |y + vy sin(0y) At (6)

0 + wiAt

The prediction model serves as the core component of
the optimization process because all future trajectory
estimates are generated from this discrete-time
representation. Accurate state prediction enables the
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controller to anticipate upcoming trajectory deviations
and compute feasible control actions before significant
tracking errors occur. Furthermore, the discrete
formulation maintains computational efficiency and
supports real-time optimization within the fixed
sampling interval adopted in this study.

(M
®)

The control inputs are subject to actuator constraints, as
shown in Equations 7 and 8. These bounds limit the
allowable linear and angular velocities to physically
feasible values that can be executed by the Pioneer
P3DX platform. Incorporating actuator constraints
directly into the optimization problem ensures that the
generated control actions remain realistic and prevents
excessive commands that could degrade tracking
performance or compromise system stability [12].

(Vmin sSvs Vmax)

((‘)min Sw< (*)max)

To objectively assess the effectiveness of the proposed
NMPC framework, quantitative performance indicators
are required. Therefore, a trajectory-tracking
performance metric is introduced in the following
subsection.

2.4 Performance Evaluation Metrics

To provide a rigorous quantitative assessment of the
proposed NMPC controller, the Root Mean Square
Error (RMSE) is employed as the primary performance
metric. RMSE quantifies the cumulative deviation
between the robot's actual trajectory and the desired
reference path throughout the simulation period. Lower
RMSE values indicate higher trajectory tracking
accuracy and better overall controller performance.

The RMSE is computed from the Euclidean distance
between the actual robot position and the corresponding
reference position at each sampling instant. The
mathematical formulation is given in Equation 9.

RMSE = \/izg;l [(xi - xref‘l.)2 + (v - :Vref,i)z] 9)

Equation 9 calculates the root mean square value of the
position tracking error over the entire simulation
horizon. In this formulation, n denotes the total number
of sampled data points collected during the simulation,
while (xi,yi) and (Xrefi, Yrer,) represent the actual
and reference robot positions at sampling instant i,
respectively. The Euclidean distance term measures the
instantaneous trajectory tracking error between the
robot and the desired path.

By aggregating the error over all sampling instants,
RMSE provides a single quantitative indicator of
overall tracking performance. This metric is particularly
suitable for trajectory-tracking applications because it
penalizes large deviations more heavily than small
deviations, thereby providing a meaningful assessment
of controller accuracy and robustness.

In addition to RMSE, controller performance is
qualitatively evaluated through the behaviour of the
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linear velocity (v) and angular velocity (w) profiles.
Stable and bounded control signals indicate that the
NMPC algorithm successfully maintains trajectory
tracking performance while satisfying the predefined
actuator constraints throughout the simulation.

To objectively evaluate the proposed controller, three
reference trajectories with different geometric
characteristics are considered. The circular trajectory is
used to assess steady-state tracking performance, the
lemniscate trajectory evaluates the controller under
continuously varying curvature, and the square
trajectory examines the predictive capability of the
controller when handling abrupt direction changes. The
corresponding simulation results and analyses are
presented in the following section.

3. Results and Discussions

To validate the performance of the implemented Model
Predictive Controller (MPC), a series of simulations
were conducted. The controller’s ability to track a
circle, lemniscate, and square trajectory was evaluated.

3.1 Case 1: Circular Trajectory

The circular trajectory serves as a benchmark for
evaluating the controller's steady-state performance.
The "Live Trajectory Tracking" plot (Figure 5, left)
shows the robot exhibiting a brief transient phase,
visible as an initial spiral, as it converges from its
starting position to the reference path. Following this,
the robot achieves stable steady-state tracking. The
performance plot (Figure 5, right) corroborates this,
showing a large initial tracking error and control
saturation (velocity at 2.0 m/s) corresponding to the
"catch-up" phase. After approximately 78 seconds, the
system settles into a steady state where the Tracking
Error (red) is minimized to a small, constant value, and
both the Linear Velocity (green) and Angular Velocity
(blue) settle at constant, non-zero values.

Live Trajectory Tracking Control Performance Over Time

20 (RSE 3868 m)

—

#eEd PQAE ()= (01984, 3.40)

Figure 5. Simulation results for the circular trajectory. (Left) The
robot's path (blue) successfully converges to and tracks the circular
reference (red dashed). (Right) The corresponding control
performance, showing tracking error (red), linear velocity (green),
and angular velocity (blue) settling into a steady state.

Quantitatively, the system achieves a cumulative Root
Mean Square Error (RMSE) of 0.3868 m over the 160-
second simulation period. While the initial transient
phase contributes significantly to this value, the real-
time tracking error consistently stays near zero once the
steady state is reached. This demonstrates the
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controller's ability to correctly identify and maintain the
optimal constant-velocity and constant-turn-rate
commands required to follow a circle with high

precision.
3.2 Case 2: Lemniscate Trajectory

The lemniscate trajectory tests the controller's ability to
handle dynamic manoeuvres with continuously
changing curvature. As shown in the "Live Trajectory
Tracking" plot (Figure 6, left), the robot successfully
tracks the figure-eight path, demonstrating its capability
to manage smooth transitions in turning directions.
Accurate prediction models are crucial for maintaining
lateral stability during such continuous directional
changes, preventing unwanted oscillation [23]. Minor
tracking deviations remain visible primarily at the
points of highest curvature, where the geometric
complexity of the path is most demanding.

The performance plot (Figure 6, right) illustrates a
highly dynamic response. The Angular Velocity (blue)
oscillates smoothly between positive and negative
values, corresponding to the robot navigating the left
and right loops of the figure-eight. Concurrently, the
Linear Velocity (green) modulates as the controller
emergently slows the robot to execute tighter turns and
speeds up on straighter sections to maintain stability
while minimizing tracking errors [26].

Quantitatively, the system maintains high precision
with a cumulative Root Mean Square Error (RMSE) of
0.0942 m over the 160-second simulation. The Tracking
Error (red) oscillates accordingly, peaking predictably
at high-curvature sections where the controller must
balance tracking fidelity against control effort (R) and
angular velocity bounds. This relatively low RMSE
value, despite the dynamic nature of the path, validates
the stability and tracking consistency of the NMPC
scheme in handling trajectories with non-constant
curvature.

Live Trajectory Tracking

acy $Qz=

Figure 6. Simulation results for the lemniscate trajectory. (Left) The

robot's path (blue) tracks the dynamic figure-eight reference. (Right)

The control inputs and tracking error show periodic behaviour as the
controller navigates the changing curvature.

3.3 Case 3: Square Trajectory

This trajectory serves as an aggressive test of the
controller's predictive nature and its handling of
reference discontinuities. The tracking plot in (Figure 7,
left) clearly shows the robot rounding the 90-degree
corners. This behaviour avoids the issue where blind
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pursuit of tracking accuracy results in violent steering
changes, thereby improving motion smoothness. This is
not a failure, but a key demonstration of the MPC's
predictive optimization. The controller's predictive
horizon (N_p=10) allows it to "see" the upcoming sharp
corner and compute the optimal, feasible rounded
manoeuvre that respects its dynamic limits. Strict
adherence to kinematic constraints is crucial to prevent
overshoot during such aggressive manoeuvres, ensuring
feasible motion generation.

This aligns with recent findings where integrating
curvature prediction enables the controller to adjust
strategies based on real-time conditions, enhancing
tracking accuracy [14]. The performance plot (Figure 7,
right) reveals a distinct, periodic behaviour. The
Angular Velocity (blue) is near zero on the straight
edges, followed by a sharp spike to execute the turn.
Concurrently, the controller adaptively reduces the
linear velocity (the dips in the Linear Velocity (green))
for the turn and accelerate on the straight sections.

Quantitatively, the experiment yielded a cumulative
Root Mean Square Error (RMSE) of 0.4911 m over the
160-second duration. The Tracking Error (red) spikes
precisely at the corners, which is the moment the
reference path is furthest from the robot's optimal
rounded path. This emergent behaviour aligns with
speed-assisted constraint strategies, where velocity is
dynamically limited based on path curvature to ensure
safe and accurate cornering [27]. Despite these transient
spikes, the rapid recovery of the tracking error to a low
steady-state value demonstrates the stable and
constraint-aware behaviour of the NMPC-SLSQP

scheme in handling non-differentiable trajectory
profiles.
(RISE- 04911 m)
. I =
o ‘ ‘
\ ) o |"| I
\ | ) e
* \\, _ ¢ ,,, J o n ﬂ n
#e> pQ=E

Figure 7. Simulation results for the square trajectory. (Left) The
robot's path (blue) shows the characteristic "rounding" of corners, a
result of the predictive optimization. (Right) Control inputs and error
spike periodically, corresponding to the "straight-turn" manoeuvres.

3.4 Discussion

The simulation results demonstrate that the proposed
NMPC framework is capable of maintaining stable
trajectory tracking performance under different path
geometries while respecting actuator constraints
imposed on the Pioneer P3DX platform. Each trajectory
provides distinct insights into the predictive
characteristics of the controller and the interaction
between trajectory curvature, optimization behaviour,
and control effort.
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For the circular trajectory, the controller exhibits stable
convergence behaviour after an initial transient phase.
The relatively larger RMSE value of 0.3868 m is
primarily influenced by the robot’s initial convergence
from its starting pose toward the reference trajectory.
Once the robot reaches the desired path, the tracking
error remains consistently small and the control inputs
converge to nearly constant values. This indicates that
the NMPC formulation successfully computes steady-
state linear and angular velocity combinations required
for continuous circular motion while maintaining
closed-loop stability.

The lemniscate trajectory represents a more challenging
scenario due to its continuously varying curvature and
alternating turning directions. Despite the increased
geometric complexity, the controller achieves the
lowest RMSE value of 0.0942 m. This observation may
initially appear counterintuitive because the lemniscate
trajectory contains more frequent directional changes
than the circular trajectory. However, unlike the square
trajectory, the curvature changes occur smoothly and
continuously, allowing the NMPC optimizer to
anticipate future motion requirements more effectively.
As aresult, the controller can generate gradual velocity
adjustments that reduce tracking deviations while
maintaining constraint satisfaction. This result suggests
that the prediction horizon and optimization process are
sufficiently responsive to handle smooth curvature
transitions. The oscillatory angular velocity profile
observed during the simulation corresponds directly to
the alternating directional changes of the figure-eight
trajectory. Simultaneously, the linear velocity adapts
dynamically to maintain tracking precision without
violating actuator constraints. The relatively low
tracking error throughout the simulation indicates that
the controller effectively balances tracking accuracy
and control effort within the quadratic optimization
framework.

The square trajectory provides the most aggressive
evaluation of the predictive capability of the NMPC
controller because it contains discontinuous curvature
transitions at each 90-degree corner. In this scenario, the
robot does not attempt to follow the corners exactly;
instead, it generates smooth rounded turns. This
behaviour is not caused by tracking failure but emerges
naturally from the finite prediction horizon and
constrained optimization process. Such corner-
smoothing behaviour is commonly observed in
constrained MPC implementations and reflects the
predictive nature of optimization-based control. Rather
than forcing the robot to exactly follow a geometrically
discontinuous  path, the controller generates
dynamically feasible manoeuvres that simultaneously
satisfy tracking objectives and actuator limitations.
Consequently, small deviations near the corners should
be interpreted as a trade-off between trajectory accuracy
and motion feasibility rather than as a control
deficiency. The controller anticipates future trajectory
discontinuities and computes feasible control actions
that satisfy the predefined velocity constraints. As the
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robot approaches each corner, the optimizer
autonomously reduces the linear velocity while
increasing angular velocity to achieve a stable turning
manoeuvre. Consequently, transient spikes in tracking
error occur near the corners, resulting in a higher
cumulative RMSE value of 0.4911 m. Nevertheless, the
rapid recovery of the tracking error after each turn
demonstrates the stable and constraint-aware behavior
of the NMPC scheme under non-smooth trajectory
conditions.

Overall, the observed behaviours confirm that the
implemented NMPC framework successfully captures
the predictive and constraint-aware characteristics
expected from nonlinear optimization-based control
strategies. The controller consistently produces feasible
control inputs while maintaining stable trajectory
convergence across trajectories with different curvature
profiles. Furthermore, the integration between the
Python-based optimization framework and the
CoppeliaSim environment through the ZeroMQ
communication interface remains computationally
consistent throughout the fixed sampling interval of 0.1
S.

A comparative evaluation of the three trajectory
scenarios reveals several important characteristics of
the proposed NMPC framework. Although the circular
trajectory represents a geometrically simple path, its
RMSE value is influenced by the initial convergence
phase required for the robot to reach the reference
trajectory. In contrast, the lemniscate trajectory
achieves the lowest RMSE despite its continuously
varying curvature. This result suggests that the
prediction horizon and optimization strategy are
particularly effective when tracking smooth and
continuously differentiable paths.

The square trajectory generates the highest RMSE
because of the abrupt curvature discontinuities at each
corner. Nevertheless, the controller maintains stable
closed-loop behaviour by producing smooth and
feasible turning manoeuvres rather than attempting to
follow the discontinuous path exactly. This behaviour
reflects a fundamental characteristic of constrained
NMPC, where trajectory feasibility and actuator
limitations are incorporated directly into the
optimization process. Consequently, the controller
prioritizes stable and physically realizable motion
generation over exact geometric path matching when
sharp trajectory transitions are encountered.

Overall, the results indicate that trajectory smoothness
has a significant influence on tracking performance.
Paths with continuous curvature transitions are more
compatible with optimization-based predictive control,
whereas discontinuous trajectories naturally introduce
larger transient tracking errors due to the physical
limitations of the robot and the finite prediction horizon.

It is important to note that the present study focuses
specifically on simulation-level validation and does not
include comparisons with alternative controllers such as
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PID, Pure Pursuit, Stanley, or linear MPC approaches.
In addition, the experiments are conducted under
idealized simulation conditions without external
disturbances, sensor noise, wheel slip, or actuator
uncertainty. Therefore, the reported results should be
interpreted as an evaluation of computational feasibility
and predictive tracking behaviour within a structured
closed-loop simulation environment rather than as a
comprehensive benchmark for real-world deployment.

4. Conclusions

This study presented the implementation and evaluation
of a constrained Nonlinear Model Predictive Control
(NMPC) framework for trajectory tracking of a Pioneer
P3DX differential-drive robot within a structured
closed-loop CoppeliaSim environment. The controller
employs a discrete-time kinematic model and solves a
constrained optimization problem using the Sequential
Least Squares Quadratic Programming (SLSQP)
method at each sampling interval. Through this
formulation, the controller is capable of explicitly
considering actuator constraints while generating
predictive control actions for trajectory tracking.

The simulation results demonstrate that the proposed
NMPC  framework achieves stable tracking
performance across trajectories with different
geometric characteristics. For the circular trajectory, the
controller achieves a cumulative RMSE of 0.3868 m
after converging to a steady-state tracking condition. In
the lemniscate trajectory, the controller obtains the
lowest RMSE value of 0.0942 m, indicating effective
handling of continuously varying curvature and
alternating turning directions. Meanwhile, the square
trajectory produces an RMSE of 0.4911 m due to the
discontinuous curvature at sharp corners. In this case,
the controller exhibits predictive behaviour by
autonomously reducing linear velocity prior to turning
and generating smooth feasible cornering manoeuvres
while satisfying actuator constraints.

The results further indicate that the integration between
the NMPC algorithm and the CoppeliaSim environment
through the ZeroMQ communication framework
remains computationally consistent under a fixed
sampling interval of 0.1 s. This confirms the feasibility
of executing constrained NMPC in a structured closed-
loop simulation environment for differential-drive
mobile robot trajectory tracking applications.

Nevertheless, several limitations remain in the present
study. All experiments were conducted under idealized
simulation conditions without disturbance modelling,
sensor noise, wheel slip, communication delay, or
actuator uncertainty. In addition, the study does not
provide comparative evaluation against other trajectory
tracking methods. Therefore, the conclusions of this
work are limited to validating computational feasibility
and predictive constraint-aware behaviour under
simulation conditions.
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Future work will focus on extending the proposed
framework toward real-time hardware implementation
using a physical Pioneer P3DX platform. Further

investigations
analysis under sensor uncertainty,

will include disturbance-response

computational

latency evaluation, and comparative studies with
alternative trajectory tracking controllers to provide a
more comprehensive assessment of the proposed
NMPC approach for autonomous mobile robotic
systems.
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