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Abstract—In the rapidly evolving realm of autonomous vehi-
cles, trajectory tracking stands as a cornerstone for ensuring
safety and precision in navigation. Traditional linear method-
ologies, although efficient to some extent, can be inadequate
in addressing the challenges posed by complex urban environ-
ments and defective roads. Nonlinear Model Predictive Control
(NMPC), with its capability to anticipate future events and adapt
accordingly, presents an opportunity to redefine the trajectory
tracking landscape. Therefore, this study presents the integration
of NMPC for trajectory tracking in autonomous vehicles.Through
a comprehensive analysis and simulations, this study showcases
improved tracking accuracy, and enhanced adaptability in di-
verse scenarios. Our findings underscore the potential of NMPC
in setting a new benchmark for trajectory tracking, ultimately
pushing the boundaries of what autonomous vehicles can achieve.

Index Terms—Autonomous Vehicles, Nonlinear MPC, Obstacle
Avoidance, Road Anomaly,Trajectory Tracking.

I. INTRODUCTION

Autonomous Vehicle (AV) research and development has re-
cently achieved significant progress as a result of developments
in computer and sensor technologies [1]. AVs have shown to
be reliable navigation tools in places plagued by unauthorised
speedbumps, potholes, and bad road conditions, which cause
driving stress, misalignment, vehicle damage, and financial
strain on road users [2], [3]. Early identification of these road
anomalies will allow for successful navigation around them,
and improvements in automobiles have led to scientists and
researchers’ desire and need to attain autonomy in vehicle
control [4].

Accurate control in AVs has proved challenging to achieve.
This is due to the significant degree of nonlinearity in vehicle
dynamics, time delays, uncertainties, disturbances, and dy-
namic restrictions seen in AVs [1], [5]. To perform well in un-
structured conditions, several control techniques, such as fuzzy
control and sliding mode control, have been introduced. These
solutions, on the other hand, deal with worst-case scenarios,
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resulting in ’overly cautious’ results. Furthermore, because of
their reliance on present system conditions, feedback control
methods are typically incapable of predicting future events.
[5]-[7]. An effective control mechanism should be capable of
anticipating future events and of mitigating disturbances [1].

Model Predictive Control (MPC) has become a popular
control technique for vehicle route planning, navigation, and
path tracking as processing power and computer speed have
improved. MPC is a closed-loop control method that can
optimise and forecast [8]. MPC combines optimal and adaptive
control techniques to provide a control scheme capable of
optimising a system’s states in order to generate an appropriate
control input. MPC is akin to an adaptive control technique in
that it may regulate itself in response to changing conditions.
At each interval, the control technique governs its inputs
and outputs by solving an optimisation problem [9]. The
algorithm’s capacity to handle Multiple Input and Multiple
Output (MIMO) situations, its ability to enforce restrictions,
and the guarantee of a viable trajectory through the technique’s
ability to simulate a system plant across a prediction hori-
zon led to the selection of MPC in this work [10]. These
features are unavailable in control schemes such as Inter-
nal Model Control, Fuzzy Logic Control, and Proportional-
Integral-Derivative (PID) Control.

MPC is a linear control approach by definition. In au-
tonomous cars, however, the longitudinal and lateral vehicle
dynamics are nonlinearly connected. This makes it difficult
for the typical MPC to create system control inputs. Further-
more, when other vehicle nonlinearities like as friction are
considered, the system becomes more nonlinear, making it
difficult to estimate with a linear model [11]. To overcome
the aforementioned constraint, another approach is to utilise
a nonlinear vehicle model, which indicates that the control
scheme will be tackling a nonlinear optimisation problem [12].
This is where Nonlinear MPC (NMPC) comes in. NMPC
estimates a path and follows it while minimising a cost
function and imposing limitations using a nonlinear model of
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vehicle dynamics. Because of its capacity to provide precise
trajectories and robust performance, the control scheme has
been employed in unmanned vehicles and robotic mechanism
control [13].

In this study an NMPC scheme for enhanced trajectory
tracking and road anomaly avoidance is presented. The pro-
posed scheme is capable of following a reference trajectory
and the design incorporates road anomaly avoidance capabili-
ties. The rest of this paper is divided into four sections. Section
two presents a review of related works while the research
methodology is presented in Section three. The results and
discussion are presented in Section four while Section five
concludes and provides future research directions.

II. LITERATURE REVIEW

There exists, in literature, several works in the area of MPC
based navigation. The authors in [14] presented an NMPC
scheme for path tracking in agricultural machine navigation.
The technique utilised a 2D laser scanner, extended Kalman
filter, and inertial measurement unit to effectively navigate an
agricultural environment using a tractor. The results showed
the system could perform as accurately as a human driver,
demonstrating a maximum lateral error of 10 cm at a speed of
12 km/h. However, there were instances where the controller
failed due to computational complexity, making it necessary
for the backup system to take over the control.

Additionally, [15] presented a hierarchical MPC scheme
for navigation of multiple robots. The technique decouples
constraints in cost functions, thereby, allowing computation
to be distributed to the lower control scheme of each robot
and run in parallel. The simulation results demonstrated the
efficiency of the system in terms of computational complexity.
However, nonlinear system dynamics were not considered in
this study.

In [16], an NMPC technique was developed for trajectory
tracking and control for autonomous racing UAVs. The objec-
tive function was developed to model the racing environment
and the method was capable of dynamically updating the
position goal through internal state estimation and control
input generation. The simulation results showed a reduction
of approximately one second in flight time for short range
manoeuvres of 2 to 4 metres. However, position errors per-
sisted due to model errors and an inability to fully control the
UAV thrust.

A motion planning technique for mobile robots was pre-
sented in [17]. The technique utilised a modified batch in-
formed trees algorithm and MPC for collision free navigation.
The results showed the effectiveness of the technique in
navigating an environment with few and multiple obstacles.
The scheme, however, the dynamics of the mobile robotic
system was not considered in the controller design.

An NMPC technique for navigation in complex terrains
by a hopping model was presented in [18]. In this study,
continuous optimization approach was employed within the
MPC framework to carry out trajectory planning. The results
showed an increase in computation speed for the developed

model. However, the method was deemed computationally
intensive for real time scenarios, especially when considering
longer planning horizons.

A guidance and control scheme using reinforcement learn-
ing and MPC was presented in [19] for robust embedded
quadrotors. The MPC technique provided vehicle control and
obstacle avoidance while the reinforcement learning algorithm
guided the vehicle through complex environments. The results
showed the technique exhibited robust navigation with modest
computational demand.

Collision avoidance using hexacopter Unmanned Aerial
Vehicles (UAVs) was presented in [13] using system iden-
tification and NMPC. In the technique implemented, system
dynamics, tracking errors, obstacles, and navigation velocities
were considered in the objective function. Simulations and real
world experiments were conducted to validate the technique
and the results showed the ability of the technique to solve
the control problem and its scalability for dynamic settings.

The authors in [12] presented an aerial navigation scheme
for based on embedded NMPC. The technique utilises
PANOC, which is a fast numerical optimisation method to
solve the MPC problem. The results demonstrate that the
method is applicable to micro aerial vehicle platforms and can
avoid obstacles. However, dynamic obstacle avoidance was not
considered in this study.

III. RESEARCH METHODOLOGY
A. Model Overview

The NMPC scheme developed in this study consists on three
major components. The first component is the system model
which defines the states, inputs and outputs of the system. In
this study, a kinematic vehicle model was implemented as the
system model. The second component of the NMPC scheme
is the objective (or cost) function. The cost function in this
case is based on the motion the vehicle is required to achieve.
In this application, the vehicle is desired to avoid collision
with road anomalies and maintain its desired trajectory. The
objective function reflects all these requirements. The third
component of the NMPC scheme is the set of constraints for
the model. The enforcing of these constraints help control the
vehicle movement in addition to the objective function. Figure
1 shows an overview of the NMPC Architecture.
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Fig. 1. NMPC Overview
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B. Vehicle Model

We consider a vehicle that is modelled in 2D space with the
state variables x(t), y(t), and 0(t) which respectively represent
the coordinates of the vehicle’s centre of gravity for a fixed
frame and the orientation (or heading) of the vehicle with
respect to the x-axis of the global frame. These variables
constitute the state vector X (¢) € R?. Figure 2 shows a
representation of the kinematic model.
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Fig. 2. Kinematic Vehicle Model [20]

X(t) = [z(t),y(t),0(t)] (1)

The control inputs to the system at time, t are v(t) and 6(t)
which represent the longitudinal speed of the vehicle and the
steering angle of the vehicle’s front wheels respectively. These
control inputs constitute the control vector U(t) € R2.

U(t) = [v(t),st) 2

The state variables are governed by nonlinear differential
equations which comprise of the vehicle model as shown in
Equations 3, 4, and 5.

dz

i v(t)cos(0(t)) 3)
dy ,

i v(t)sin(0(t)) 4)
g w(t)

p7i an(4(t)) 4)

In Equation 5, the variable L denotes the wheelbase of the
vehicle, i.e., the distance between the vehicle’s front and rear
axles.

These equations are represented in the compact state-space
form as % = f(X(t),U(t) with f : R® x R? —» R?
representing the system dynamics and defined as shown in

Equation 6.

C. Objective Function Formulation

The model predictive control strategy solves a finite-time
constrained optimal control problem with a receding horizon.
Let N be the prediction horizon, path planning may be
expressed as a nonlinear optimisation problem, as illustrated
in Equation 7.

N

Minimize J = A\ Z (Wl : dik + Wy - d?}k + W3- ('Udesired - Uk)Z
k=1

+ W4 ' (GN - edesired)2>

(7)
s.t.
2hg1 = 2k + f(zr, up)T (®)
21 €2, up €U, M€Ayxn )
9(z11) <0 (10)
k=0,.,N—1

From Equation 7, A represents a scaling factor that can be
adjusted to influence the trade-off between different terms in
the objective function. d,, and d,, respectively represent the
longitudinal and lateral distance to the vehicle’s destination.
(Vdesired — Vi) Tepresents the difference between the desired
speed and the vehicle speed at time step, k. This component of
the objective function ensures the vehicle maintains a specified
velocity. (0 — Bqesirea) Tepresents the difference between the
desired heading angle and the vehicle’s heading at time step,
N. This component ensures that the vehicle’s orientation will
align with the desired orientation.

The Vehicle Dynamics (System Model) constraint is defined
in Equation 8. This determines how the state of the vehicle
z, changes over time as a result of control input uj. The
function f(zy, uy) represents the vehicle’s dynamics, and T is
the time step. The State and Control Constraints are specified
in Equation 9. This means that the states zx1, control inputs
uy, and design variable must all lie within feasible sets. These
restrictions can reflect physical vehicle limitations, actuator
limits, lane decisions, and so on. The prediction horizon for
the Model Predictive Control (MPC) problem is defined by
the constraint k =0, ..., N — 1.

The Collision Avoidance restriction is specified in Equation
10. In order to achieve the collision constraint for real time
implementation, a collision penalty function is incorporated
into the NMPC formulation. The aim is to add a possible
collision cost to the cost function for each time step in the
horizon of the prediction. When a collision is conceivable,
this collision cost is set to be very high, thereby preventing
the controller from selecting control inputs that may result in a
collision. This can be represented mathematically as follows:

The original cost function is given by:

J= Ck an

11
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and is modified to include a collision cost term:

N
J =3 (Ci+ Fy) (12)

1

where:

e () is the original cost at time step k, which includes
terms related to tracking error, control effort, etc.

o P is the collision cost at time step k. This is a function of
the vehicle state X}, and a set of obstacles. If a collision
is detected, Py is a large value; otherwise, P = 0.

A collision is detected when the coordinates of the obstacle
intersects with the vehicle coordinates at the current time step.

IV. RESULTS

The primary objective of the implemented nonlinear model
predictive control (NMPC) strategy was to track a predefined
reference trajectory for a kinematic vehicle model. The results,
as depicted subsequently, reflect the control strategy’s efficacy
in maintaining the vehicle’s position and orientation as close
as possible to the desired reference over a simulation duration.
Figure 3 presents the trajectory generated by the x-state of the
vehicle model.

Vehicle x Position

—actual
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Amplitude
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Time (secs)

Fig. 3. Trajectory Generated by x-state of Vehicle Model

The X position, representing the vehicle’s longitudinal dis-
placement, exhibited a trajectory that closely followed the pro-
vided reference. Figure 3 portrays the NMPC-guided trajectory
juxtaposed against the reference. Initial time steps witnessed
minor discrepancies, indicative of the system’s transient phase.
However, as the simulation advanced, the vehicle’s position
demonstrated a convergence towards the set reference, thereby
affirming the NMPC’s competence in mitigating positional
deviations. Additionally, Figure 4 presents the trajectory gen-
erated by the y-state of the vehicle model.

Y position, delineating the vehicle’s lateral motion, was
another crucial component assessed during the simulation.
As illustrated in Figure 4, the Y position’s trajectory closely
adhered to the reference with only minor oscillations. This
consistency highlights the precision and stability of the em-
ployed control strategy, even in the face of inherent model
complexities. The transient deviations observed were effec-
tively compensated for in subsequent time frames. Further-
more, Additionally, Figure 5 presents the trajectory generated
by the theta-state of the vehicle model.
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Fig. 4. Trajectory Generated by y-state of Vehicle Model
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Fig. 5. Trajectory Generated by theta-state of Vehicle Model

Theta, representing the vehicle’s orientation or heading, was
of paramount importance, especially considering the intricate
dynamics associated with vehicular movements. Figure 5 por-
trays the evolution of Theta over the simulation duration. The
trajectory demonstrated the NMPC’s adeptness in ensuring
the vehicle’s alignment with the desired orientation, with
negligible discrepancies observed throughout.

An overarching observation from the state trajectories is the
NMPC’s proficiency in ensuring a coherent tracking of the
reference trajectories. The minor deviations observed during
initial phases can be attributed to initialization phenomena,
which were efficiently rectified as the controller gained feed-
back from the system.

The measure of any control strategy’s effectiveness lies in
the tracking errors. These errors, essentially the difference
between desired states and actual states, shed light on the con-
trol scheme’s precision and its ability to mitigate unforeseen
deviations. The errors were evaluated in terms of the RMSE
and MAE values. A summary of this is presented in Figure 6.
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Fig. 6. RMSE and MAE of State Tracking Errors
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The computed RMSE and MAE values provide an insightful
assessment of the NMPC'’s state tracking performance. For the
x state, an RMSE of 0.1041 juxtaposed against an MAE of
0.0190 suggests that while the overall deviation is moderately
small, there are occasional significant deviations, given the
relatively larger RMSE compared to MAE. The y state, with
an RMSE of 0.1040 and an MAE of 0.0174, exhibits a
similar trend as the x state. The close values between x
and y states’ errors imply a consistent performance of the
NMPC in the lateral and longitudinal domains, suggesting that
any external factors affecting the system will likely influence
these states in a similar manner. However, in the case of
the orientation (6), the results are dissimilar. An RMSE of
0.1938 and an MAE of 0.0587 indicate a more pronounced
disparity between the typical error (as suggested by the MAE)
and the occasional larger errors (as captured by the RMSE).
This might be an indication of the intricacies associated with
orientation control, where sporadic large deviations might have
occurred, potentially due to transient dynamics or initialization
phenomena.

V. CONCLUSION

An NMPC scheme was developed in this study. This scheme
uses the outputs of the road anomaly detection model and
the RA-SLAM technique to carry out effective control action
and navigation. The NMPC method was developed using a
kinematic vehicle model and a custom objective function.
The objective function catered for various aspects of the
navigation such as collision avoidance, lane keeping, velocity
control, and steering control. The technique was evaluated
based on the trajectory following, control efforts, tracking
errors, and optimisation cost minimisation. The technique’s
findings establish the usefulness of the developed method
in traversing outside road sceneries riddled with anomalies.
Future studies will focus on integrating this model with a road
anomaly detection scheme to evaluate its performance in real
world settings.
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