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Abstract

A path tracking controller is essential for an autono-
mous vehicle to navigate a complex environment 
while avoiding obstacles. Many research studies have 

proposed new controller designs and strategies. However, it 
is often unclear which control strategy is the most suitable for 
a specific Autonomous / ADAS user application. This study 
proposes a benchmark workflow by comparing different 
control observer models and their control strategies integra-
tion for an autonomous parking lot sweeper in a complex and 
dense environment at low-speed utilizing model-in-the-loop 
simulation. The systematic procedure consists of the following 
steps: (1) vehicle observer model validation (2) control strategy 
development (3) model-in-the-loop simulation benchmark 
for specific user scenarios. The kinematic and dynamic vehicle 
models were used to validate the truck’s behavior using 

physical data. Various lateral controllers, including Model 
predictive control (MPC), Linear Quadratic Regulator (LQR), 
Stanley controller, Pure pursuit, and PID controller, were 
implemented and tested in the IPG model in the loop (MIL) 
simulator to determine the best control strategy for the auton-
omous sweeper. Control effort, trajectory smoothness, cross-
track error, heading error, and computation time were used 
as evaluation metrics to assess the performance of the different 
controllers. The model validation analysis determined that 
the dynamic bicycle model best approximates the truck’s 
dynamics. Simulation results indicate that MPC obtained the 
lowest control effort and the smoothest trajectory compared 
to other controllers. The systematic procedure presented in 
this study effectively determined the control strategy best 
suited for a parking lot sweeper; nevertheless, it can be applied 
to establish the control strategy for other applications.

Introduction

Due to the increase in the development of autonomous 
vehicles and ADAS applications, several path tracking 
controllers have been developed to safely follow a 

desired route [1]. As this new technology advances, new appli-
cations will continue to emerge and the implementation of 
path tracking controllers varies depending on the user’s appli-
cation. Much research has been done in the development and 
design of lateral controllers for autonomous vehicles [2]. 
However, it is often uncertain which controller is the most 
suitable for the user’s application. There exist many robust 
controllers but for a simple application this may not be the 
most feasible due to computation costs [3].

Path tracking controllers are essential for an autonomous 
vehicle to be able to navigate safely in a very complex environ-
ment and avoid obstacles. Some controllers, such as pure 
pursuit and Stanley controller, are geometric controllers that 
use geometry and kinematics to determine the steering angle 
of the vehicle. Other controllers such as LQR and MPC require 
a more robust vehicle model to be able to drive the error to 

zero or predict the state of the vehicle, in the case of the 
MPC [4]. On the other hand, the PID is a feedback controller 
that takes the error to a setpoint using control theory. There 
are other controllers such as sliding mode control and other 
derivatives of the already mentioned controllers that will not 
be covered in this paper [5].

Much research has been done for the development and 
design of new controllers. There are several papers that high-
light comparisons between various controllers to determine 
which is the most suitable for low-speed, high-speed or curved 
roads [6]. There have also been several derivations of MPC 
and LQR that have a better performance compared to the basic 
MPC or LQR [7, 8]. In most cases, MPC is the best performer 
due to its ability to predict the state of the vehicle given a 
prediction horizon and minimize the error along that time 
window. However, this controller may not be suitable for 
simple applications as MPC requires a lot of computation.

In addition to the design and development of new control-
lers, model in the loop (MIL) simulation has been very popular 
in testing autonomous driving technologies. Model in the loop 
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simulation can be used to test scenarios such as emergency 
braking, collision avoidance, etc., before being released or 
testing it in the real world [9-11]. This framework has also been 
used to test and validate ADAS features such as parallel 
parking [12, 13]. This tool allows us to simulate different 
testing scenarios for the validation of algorithms and autono-
mous driving operations.

As autonomy technology advances, new applications will 
continue to emerge to minimize cost, increase safety and avoid 
manual labor. Applications such as autonomous sweepers will 
minimize the exhausting work of curb cleaners and is a cost-
effective solution. Thus, much research has been performed 
in path planning and motion control for autonomous truck 
sweepers [14, 15]. Also, monovision lateral localization for an 
autonomous sweeper using deep learning for curb detection 
[16]. Advances in this technology have allowed the develop-
ment of autonomous sweepers for curbside sweeping [17]. 
Other researchers have focused on the development of robust 
path tracking controllers [18].

Despite the unrecognized benefits, MIL has not been 
applied to test and validate a low-speed autonomous parking 
lot sweeper. Leaving a research gap. Nevertheless, even though 
research has been performed for motion controllers for auton-
omous road sweepers [14, 18], it is often uncertain which 
controller is the most suitable for our application since some 
vehicles depend more on vehicle dynamics than others. The 
novelty of this paper does not lie in the validation of vehicle 
models or the comparison of controllers since research has 
been carried out in these fields, but in the MIL application for 
a low-speed autonomous parking lot sweeper and the proposed 
workflow to determine the appropriate control strategy.

This paper addresses this research gap and presents a 
benchmark workflow that can be used to determine the most 
appropriate control strategy for the user’s application. This 
workf low is used to determine and evaluate the control 
strategy of a low-speed autonomous parking lot sweeper using 
MIL. This study consists of three steps; validation of vehicle 
models, development of the control strategy, and model in 
loop simulation in IPG. For the first phase, two vehicle models 
are validated using data collected from several circling tests 
performed in the IPG simulator. The vehicle models were 
subjected to the same input and initial conditions to observe 
which model best approximates the vehicle’s dynamics. Then 
the control strategies to be  tested were developed and 
converted into ROS nodes for the interface with the simulator. 
After the controllers were developed, they were tested in IPG 
using MIL simulation. The metrics used to evaluate the 
controllers were cross-track error, heading error, computation 
time, integral curvature and control effort.

Methodology
To determine the control strategy more suitable for the autono-
mous parking lot sweeper, various lateral controllers were devel-
oped and tested in IPG. The kinematic and dynamic bicycle 
models were derived and validated using data from IPG. 
Circling tests were performed in IPG by submitting the vehicle 
to a constant speed and steering angle. GPS and IMU data were 

collected to validate the vehicle models to observe if the math-
ematical model estimates the vehicle’s dynamics. The following 
sections showcase the vehicle model validation, control strategy 
development, and MIL in IPG for testing the control strategy.

Vehicle Model Validation
The kinematic bicycle model is a simplification from a four 
rubber model to a two rubber model by lumping the two front 
wheels and the two rear wheels [19]. The equations for this 
model are derived using kinematics and the vehicle’s instan-
taneous center of rotation. The kinematic equations of the 
kinematic bicycle model are shown in Equations 1-3. The 
bicycle model is shown in Figure 1.

 x U� � �0 cos �  (1)

 y U� � �0 sin �  (2)

 �
�

�
� �U

L
0 tan

 (3)

Where X and Y are the positions of the vehicle in the 
inertial frame, ψ is the heading of the vehicle, δ is the steering 
angle and L is the wheelbase of the vehicle. Uo is the longitudinal 
speed of the vehicle and is assumed as constant for our analysis.

The dynamic bicycle model is a mathematical representa-
tion of the vehicle where the forces acting on the tires are 
considered in the equations of motion. Using Newton’s second 
law, the equations of motion were derived similarly to [20]. 
This model is usually more precise since it possesses the forces 
that act on the tires during driving and cornering. The equa-
tions of motion of the dynamic bicycle model can be seen in 
Equations 4-8. Figure 2 shows the dynamic bicycle model.

 FIGURE 1  Kinematic bicycle model [19].

 FIGURE 2  Dynamic bicycle model [21].
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Where V is the lateral velocity, ψ is the heading, r is the 
yaw rate and X and Y are the positions of the vehicle in the 
inertial frame. Uo is the longitudinal speed of the vehicle and 
is assumed to be constant. Fyf and Fyr are the lateral forces that 
act on the tires when cornering. The equations for these forces 
are shown below.
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Where α is the slip angle, Cf is the front cornering stiffness 
and Cr is the rear cornering stiffness.

To validate the vehicle models, various circling tests were 
performed at different speeds. GPS and IMU data were 
collected for the validation process. The vehicle models were 
subjected to the same speed profile, input and initial condi-
tions. The results were compared with the data collected from 
the vehicle to determine which model best approximates the 
dynamics of the IPG truck. The parameters used in the circling 
tests are summarized in Table 1.

An IPG model was created using the specifications of the 
actual truck to evaluate the control strategy using MIL. Hence, 
the simulation parameters such as mass, moment of inertia, 
longitudinal distances of the front and rear axle were obtained 
from the IPG simulator. The tire models used in IPG were an 
approximation of the actual truck’s. To determine the tire 
forces for the vehicle models, the model check feature of IPG 
to visualize the graph of the lateral force versus the lateral slip 
angle and obtain the equation of the magic formula [22].

Since we  are dealing with low-speed maneuvering 
we assume small increments in the slip angle; therefore, a 
linear model was used and the cornering stiffness was 
computed by getting the slope of the linear region of the 

nonlinear tire model. Hence, the cornering stiffness was 
computed using Equation 13.

 C
dF
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f
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f

�
�

 (13)

We assumed the cornering stiffness for both front and 
rear tires are the same.

The vehicle parameters used for the validation can be seen 
in Table 2. After our vehicle model is validated, we can proceed 
to develop control strategies and determine which one obtains 
the best performance for our application. The next section 
breaks down the development of the control strategies used 
in this study.

Control Strategy Development
To determine the control strategy that best fits our user appli-
cation, the Pure pursuit, Stanley, PID, MPC and LQR control-
lers were developed to evaluate the performance of the autono-
mous parking lot sweeper. The derivation for each controller 
is shown below.

Pure Pursuit
The pure pursuit controller is a geometric path tracking 
controller used to follow a reference path [23, 24]. This lateral 
controller minimizes the heading error between the vehicle 
and the target waypoint. The center of the rear axle is used as 
the vehicle’s reference point in order to compute the heading 
error. Figure 3 shows the representation of the geometric path 
tracking algorithm.

TABLE 1 Parameters for circling tests.

Test No./
Parameters Velocity (kph)

Steering Wheel 
Angle (Degrees)

Test #1 4 360

Test #2 8 360

Test #3 10 360

Test #4 15 360

TABLE 2 Vehicle simulation parameters.

Description Symbol Value
Mass (kg) M 8844.18

Distance of front axle (m) Lf 0.97536

Distance of rear axle (m) Lr 1.79324

Moment of Inertia (kgm2) Izz 199100.0

Front cornering stiffness (N/rad) Cf 57273.7686

Rear cornering stiffness (N/rad) Cr 57273.7686

 FIGURE 3  Pure pursuit geometry [24].
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The pure pursuit controller uses a look-ahead distance 
Ld to determine the target waypoint and compute the heading 
error. Using the instantaneous center of rotation (ICR), the 
steering angle is derived from Figure 3. Hence, the steering 
angle can be computed using the following equation,

 �
�

�
� ��

�
�

�

�
�arctan

2Lsin

Ld
 (14)

Where L is the wheelbase, δ is the steering angle and α is 
the heading error between the vehicle’s reference point and 
the target waypoint.

The look-ahead distance is a parameter that must be tuned 
to obtain a good tracking performance and a smooth ride. 
The appropriate look-ahead distance varies as the speed varies; 
hence, the faster the car travels, the further the look-ahead 
distance. Therefore, this parameter can be set to vary with 
speed using the following equation,

 Ld K vf=  (15)

Where Kf is a constant and v is the velocity. Hence, 
Equation 14 takes the form of
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K vf  
. (16)

Stanley Controller
The stanley controller is a geometric path tracking controller 
that minimizes the cross-track and heading error of the 
vehicle with respect to the reference path [25, 26]. The center 
of the front axle is taken as the vehicle’s reference point to 
compute the cross-track and heading error. Figure 4 illustrates 
the geometric path tracking scheme.

From Figure 4, we obtain the steering angle necessary to 
minimize the cross-track and heading error.

 � �� � �
�
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�e

Ke

v
arctan  (17)

Where ψe is the heading error and e is the cross-track 
error of the vehicle and the path. The gain K is a tuning param-
eter used to smooth the controller’s behavior. Often a softening 
constant is used to ensure the denominator is non-zero; there-
fore, we end up with the following equation.
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PID Controller
The PID is a feedback controller commonly used in control 
systems to drive the error between a setpoint and the process 
variable to zero [6, 27]. The controller uses a proportional, 
integral and derivative term used to get to the setpoint while 
minimizing the error and reducing overshoot.

Using a similar methodology to the Stanley controller, 
the objective of the PID controller is to drive the cross-track 
and heading error to zero. Therefore, we use a PID for each 
process variable and define the setpoint as zero. The mathe-
matical form of this controller for each control variable takes 
the form of

 � � � �
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t
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e  (19)
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Where ψe is the heading error and e is the cross-track 
error. Kp, Ki and Kd are the proportional, integral and deriva-
tive terms, respectively. δ is the steering angle needed to 
gradually minimize the error to zero. The aggressiveness at 
which the controller drives the error to zero will depend on 
the controller’s coefficients (Kp, Ki, and Kd). These coefficients 
were determined by tuning the controller manually. There are 
algorithms for iteratively tuning PID controllers but it is a 
topic beyond the scope of this paper.

LQR
The Linear Quadratic Regulator (LQR) is a feedback 
controller that minimizes the cost function while satisfying 
the system’s dynamics [8, 28]. LQR solves the following 
optimal control problem using Discrete Riccati Algebraic 
Equation (DARE)

 J x Q x x Qx u RuN
T

N N

k

N

k
T

k k
T

k� � �� ��1

2

1

2
 (22)

subjected to,

 x A x B uk k k k k� � �1  (22a)

Since LQR deals with linear systems, the dynamic bicycle 
model in path coordinates was used. Therefore, the state of 
the system is transformed to the change of the cross-track and 
heading error of the vehicle with respect to the reference 
trajectory. This is achieved with the following equivalency

 �e V Ucg e� � 0�  (23)

 e V Ucg e

¨

� �� �0�  (24)

Where ecg is the cross-track error, V is the lateral velocity, 
Uo is the longitudinal velocity and ψe is the heading error. The 
linear system state of the dynamic bicycle model can be found 
in [29].

 FIGURE 4  Stanley controller geometry [26].



MODEL IN THE LOOP CONTROL STRATEGY EVALUATION PROCEDURE  5

The system is discretized using Euler’s forward method 
with a sample time Ts.

 A I T Ak s� �� �  (25)

 B BTk s=  (26)

The solution to the optimal control problem using 
DARE gives

 u K xk k k� �  (27)
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Where S is the performance index kernel sequence and 
K is the feedback gain.

MPC
Model predictive control (MPC) is an advanced method of 
process control used to optimize a plant model in a finite 
horizon [4, 30]. Unlike LQR, MPC solves the optimal 
control problem by penalizing the change in input at a finite 
horizon rather than optimizing across the entire horizon. 
This provides more benefits because it compensates for any 
errors in our model. In each time step, MPC optimizes over 
a prediction and control horizon and feeds the first input 
to the system. This allows the controller to determine a 
smooth transition on the input as it has information on 
future states.

In this study we  used Linear Time Varying Model 
Predictive Control (LTV-MPC) as the controller for the auton-
omous parking lot sweeper [31, 32]. This controller linearizes 
and discretizes the model in each iteration to determine the 
linear model for the optimization problem.

The optimal control problem is given by

 J x Qx u R u
k

N

k
T

k k
T

k� �� ��1

2
� �  (30)

subjected to,

 x A x B uk k k k k� � �1  (30a)

 x xinit0 =  (30b)

 u u ukmin max≤ ≤  (30c)

 � �u u u uk kmin max� � ��1  (30d)

The LTV-MPC linearizes the plant in each iteration to get 
the linear system around the reference trajectory and solve 
the optimal control problem. Using control theory, the system 
can be linearized using the following equation

 � � ��x dA

dx
x

dB

du
u� �  (31)

Where dA/dx and dB/du are the Jacobian of the state and 
input matrices, respectively. δx and δu are the disturbance 

variables of the system. These disturbance variables take the 
form of

 � x x x� � � (32)

 �u u u� � � (33)

Where x* and u* are the input and state reference points. 
Rearranging the Equation 31, we obtain the linearized system 
with respect to the reference points

 �x dA

dx
x x

dB

du
u u f x u� �� � � �� � � � �� � � �,  (34)

The linearized system is then discretized using Euler’s 
forward method with a sample time Ts. Hence, the discretized 
system plant takes the form of

 x A x B u dk k k k k k� � � �1  (35)

Ak, Bk and dk are the discretized state matrix, input matrix 
and the residual term, defined as

 A I T Ak s� �� �  (35)

 B BTk s=  (36)

 d x x A u B Tk k k k s� � �� ��
� � �

1  (37)

Where A and B are the Jacobian of the continuous state 
and input matrices evaluated at the reference point. The 
optimal control problem is then solved over a prediction 
horizon and the system is subjected to the first control input. 
Then the time window shifts forward, the state is updated and 
the process is repeated.

The optimization problem was solved using quadratic 
programming (QP), specifically the open-source python 
package CVXPY that has the OSQP solver. This python 
package is used to solve convex optimization problems and 
allows the user to express the optimization problem in the 
same syntax in which the math is written [33].

Model in the Loop Simulation
The IPG simulator was used to perform MIL simulation to 
evaluate the developed control strategies [34, 35]. An IPG 
vehicle model was created with the actual truck’s character-
istics to test the vehicle’s behavior with each control strategy. 
The simulator interfaces with the robotic operating system 
(ROS) to interact with the vehicle and override some param-
eters. A ROS node was developed to use the controllers accord-
ingly and receive and send information through ROS topics. 
Figure 5 shows the flow diagram of our MIL simulation 
with ROS.

A map with the actual coordinates of the Isuzu North 
America parking lot was created and integrated with the IPG 
simulator. The waypoints by driving the vehicle manually and 
subscribing to the topics to collect the position and heading 
of the vehicle. The route taken to collect the waypoints and 
evaluate the control strategies is shown in Figure 6. Where A 
is the starting point, and B is our final destination.

The longitudinal speed of the truck was kept constant by 
adjusting the simulator’s maneuvering settings. For real-world 
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testing, the speed would be  kept constant using a PID 
controller. The steering angle is computed using the control 
strategy and sent to the simulator through ROS to override 
the simulator.

Metrics Evaluation
The metrics used to evaluate the control strategies were control 
effort, integral of curvature, average cross-track error, average 
heading error, and computation time.

The control effort tells us how hard the controller tries to 
follow the reference trajectory. If the control effort is high, the 
controller is unstable and does not have a smooth behavior. 
The control effort is the sum of the steering angle multiplied 
by the sample time, and it is computed using the 
following equation,

 e t dt

T

� � ��
0

�  (38)

The integral of curvature tells us how smooth the vehicle’s 
trajectory was throughout the simulation. The lower the 
curvature integral, the more straight the trajectory was 
performed by the vehicle. The integral of the curvature is the 

sum of the curvature of the vehicle’s trajectory multiplied by 
the sample time and it can be computed using Equation 39.

 c t dt

T

� � ��
0

�  (39)

The cross-track error is the lateral distance of the vehicle 
from the reference path, and the heading error is the difference 
between the yaw of the vehicle and the desired path yaw. The 
average of the cross-track and heading error in the entire 
trajectory tells us how well the vehicle followed the reference 
trajectory and the controller’s ability to minimize these errors.

The computation time is an essential metric because the 
control subsystem controls the vehicle and must respond very 
quickly. For example, if a car travels at 20m/s and the controller 
takes 0.1s to update, it means that the car will travel 2m before 
receiving information from the controller. This is crucial for 
the development of autonomous/ADAS applications.

Results
The circling tests mentioned in Table 1 were performed and 
compared with the data collected from the truck. Several tests 
were carried out at various speeds to determine if the vehicle 
model (using the obtained simulation parameters) approxi-
mates the dynamics of the truck at different speeds and to 
observe the discrepancies as the speed varies. Figure 7 shows 
the comparison between the vehicle models and the data 
collected from the truck for the circling test number 2. The 
test results show that the dynamic vehicle model best approxi-
mates the vehicle’s behavior since the truck depends heavily 
on vehicle dynamics. Fundamentally, the dynamic vehicle 
model better estimates the state of a vehicle since it considers 
the longitudinal and lateral forces exerted on the tires. In this 
study, the validation was performed with the kinematic and 
dynamic vehicle model to observe the discrepancies between 
both models since trucks rely heavily on vehicle dynamics due 
to load transfer. As shown in Figure 7c, there are some discrep-
ancies between the dynamic bicycle model and the truck. This 

 FIGURE 6  Testing route for autonomous parking 
lot sweeper.

 FIGURE 7  Vehicle model validation.

 FIGURE 5  Flow diagram of model in the loop simulation.



MODEL IN THE LOOP CONTROL STRATEGY EVALUATION PROCEDURE  7

discrepancy is due to a slight Y offset due to the cornering 
stiffness parameters. For this study, the cornering stiffnesses 
were assumed to be equal; however, this is not usually the case. 
This assumption and the fact that the linear tire model deviates 
from the actual behavior of the truck when the slip angle is 
large caused an initial offset in the y-direction. However, in 
the evaluation process, the controller must be able to compen-
sate for this error. Hence, the dynamic vehicle model is used 
for the development of the vehicle controller.

An accurate plant is important because LQR and MPC 
use the plant to minimize the error of the vehicle with respect 
to the reference trajectory. In many cases, parameters such as 
cornering stiffness are difficult to estimate and can lead to 
large deviations from the actual system plant if not 
approximated correctly.

The controllers were developed and converted into ROS 
nodes to be able to interact with the simulator. The controller 
determines the waypoint closest to the vehicle and uses it as 
a reference to compute the steering angle. Figure 8 shows the 
results of the controllers performing path tracking at a 
constant speed of 8kph.

Table 3 shows the evaluation of the controllers using the 
metrics defined in the previous section. We can see that MPC 
had the lowest average control effort and heading error, while 
LQR had the lowest average cross-track error of all controllers. 
LQR got less cross-track error than MPC because we used the 
vehicle model in path coordinates as the system plant. This 
guarantees a very low error, but the controller becomes 
unstable at high speeds. The worst performing controllers 
were the pure pursuit and PID controller, with an average 
control effort and cross-track error of 21 radians and 32 cm, 
respectively. On the other hand, the Stanley controller 
obtained the lowest curvature integral and a low control effort 

but had a 17 cm cross-track error and the highest heading 
error. Although LQR and MPC performed better than the 
other controllers, they required more computation time than 
PID, Stanley, and Pure Pursuit.

The pure pursuit, Stanley, and PID controllers were 
discarded for the selection process as they got a cross-track 
error between 17-32cm. For our low-speed autonomous 
parking lot sweeper application, the controller with the least 
error is desired to avoid obstacles effectively and follow the 
desired route. The behavior of LQR and MPC were similar 
and fell within the requirements we desired for our applica-
tion. However, MPC has less control effort, which indicates a 
smoother response. We determined that MPC is the most 
appropriate for our application even though it has the highest 
computation time among all controllers. This can be signifi-
cantly reduced by implementing it in C ++.

Summary/Conclusions
MIL has had an upswing in the development of ADAS/
Autonomous applications. MIL allows us to validate our actual 
plant (hardware) in a simulated environment. This solution 
is cost-effective since it allows us to evaluate our plant 
subjected to a controller before launching it on the market or 
testing it in the real world. Many MIL research has been done 
to test autonomous driving scenarios like parallel parking, 
emergency braking, collision avoidance, etc. However, no 
paper was found where MIL has been applied to evaluate the 
control strategy of a low-speed autonomous parking lot 
sweeper—leaving a research gap.

A path tracking controller is crucial to be able to follow 
a desired route precisely and avoid obstacles. Much research 
has been done in the design and development of robust 
controllers for path tracking applications. However, it is often 
not clear which controller is the most appropriate for the user’s 
application. Therefore, this study addresses the aforemen-
tioned research gap by applying a benchmark workflow to 
determine the most appropriate control strategy for a low-
speed autonomous parking lot sweeper.

A validation of our vehicle model was carried out to 
validate that the plant of our system approximates the vehicle’s 
behavior. The kinematic and dynamic models were developed 
and used in the vehicle validation process. Several circling 
tests were performed to collect data from the truck and 
compare them with the vehicle model. The dynamic bicycle 
model approximates the dynamics of the truck better, despite 
discrepancies due to the cornering stiffness parameters used 

 FIGURE 8  Comparison of control strategies.

TABLE 3 Evaluation of control strategies.

Controller/Metrics Control effort (rad)
Integral curvature 
(m-1)

Avg cross-track 
error (m)

Avg heading error 
(rad)

Computation time 
(s)

Stanley 19.27 0.25 0.17 0.0629 4.15x10-4

Pure Pursuit 21.18 0.37 0.12 0.0615 5.01x10-4

PID 19.74 0.27 0.32 0.059 4.39x10-4

LQR 19.28 0.266 0.0296 0.0366 4.82x10-4

MPC 18.67 0.268 0.0845 0.0287 6.03x10-2
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in the vehicle model. Therefore, it was used in the development 
and validation process of the controllers.

The PID, Stanley, Pure Pursuit, LQR, and MPC control-
lers were developed and evaluated in the IPG simulator. The 
metrics used to evaluate the controllers were control effort, 
average cross-track error, average heading error, curvature 
integral, and computation time. Simulation results indicate 
that MPC obtained a lower cross-track and control effort, 
despite more computational time and a slightly higher cross-
track error than LQR. The computational costs can 
be improved by implementing the path tracking algorithm in 
C ++. LQR had the lowest cross-track error and had similar 
performance in the other categories as MPC. Hence, LQR can 
be used as the lateral controller for a low-speed autonomous 
parking lot sweeper. However, since MPC surpassed LQR in 
more categories, we chose MPC as the appropriate lateral 
controller for our autonomous parking lot sweeper.

We conclude by saying that this benchmark workflow 
successfully determined the appropriate control strategy for 
a low-speed autonomous parking lot sweeper. Also, the signifi-
cance of MIL for scenario testing and, in this case, control 
strategy evaluation is crucial to impulse the development of 
ADAS/Autonomous applications. The proposed workflow was 
applied to a low-speed autonomous parking lot sweeper; 
nevertheless, it can be applied to other applications. Future 
work includes the application of this workflow on the physical 
vehicle and testing it using vehicle in the loop simulation.
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