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Abstract - Autonomous driving has been a fast growing industry in the last decade mainly because of the improved 
processing capabilities of nowadays computers and moreover to increase the safety of transportation of passengers. Still with 
the current sophisticated processing tools, the computational burden of the nonlinear model predictive control (NMPC) in 
MIMO systems is still hindering further implementation in real time applications such as fully self-driving vehicles. We 
tackle this issue by developing a controller that is able to guide the vehicle through acceleration and steering to track a 
predefined path accurately while paying attention to the comfort of the passengers and moreover capable of running in real 
time. CaSAdi is used to formulate and solve the NMPC problem. MATLAB simulations show the effectiveness of the 
developed controller. 
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I. INTRODUCTION 

 

The competition in the automotive industry has 

increased significantly in the last few years with 

many companies entering the race to achieve a fully 

autonomous vehicle capable of transporting 

passengers safely. Among the challenges facing the 

fully autonomous driving cars is the path tracking, 

where the controller has to guide the vehicle 
accurately on a predefined path by manipulating 

several control signals that comprise the steering 

angle, the acceleration and braking signals 

simultaneously. Over the years different techniques 

has been used ranging from kinematic and geometric 

methods such as: Stanley[1], pure pursuit[2], and 

recent hybrid methods incorporating both of them as 

in [3]where the control signal is the weighted sum of 

the two controller, to optimal control methods as in 

[4]where he formulated a LQ-Preview controller for 

lateral guidance of a vehicle, [5] used a LQR 
controller to guide a fast off road mobile robot, H∞ 

has also been used in [6]to design a lane keeping 

controller, and intelligent control methods as in 

[7]where a Neuro-fuzzy controller is developed to 

handle the path tracking while adapting to different 

road friction coefficients. Model predictive control 

has been tested extensively in the literature due to its 

ability to handle multiple constraints and account for 

future disturbances [8], in [9]a robust MPC controller 

combined with optimal preview controller was 

developed for path tracking, in [10] a LTV-MPC with 

look up tables for parameters selection were 
developed for controlling the front steering of the 

vehicle, , [11] used NMPC with a genetic 

optimization solver to control the steering and 

velocity of an autonomous vehicle, [12]implemented 

fast NMPC to control for point stabilization and 

trajectory tracking of mobile robots, [13]used linear 

MPC to control the front steering of a mobile robot 

for the objective of path tracking and obstacle 

avoidance. In this paper we implement a fast NMPC 

for controlling the front steering and acceleration of a 

golf kart that would be used to transport passengers 

on campus. The inner model of the NMPC is a 

nonlinear dynamic bicycle model. The rest of the 

paper is arranged as follows, section 1 discusses the 

model used in the development of the controller, in 

section 2 we formulate the nonlinear model predictive 
controller along with the constraintsof the states, the 

performance of the controller based on simulations 

are presented in section 3, and lastly we conclude the 

presented work in section 4. 

 

II. MODELLING 

 

We represent the dynamics of the vehicle using the 

bicycle model[14]. The following assumptions are 

considered: 1) we only consider in-plane forces (Fx 

and Fy) while the out-of-plane forces (Fz) are 
neglected, 2) the vehicle is rear wheel driven with no 

brakes on the front wheels; hence no longitudinal 

force from the front tire; i.e. Ffx = 0, 3) all nonlinear 

forces acting on the vehicle such as drag forces are 

neglected.  

 
Figure 1 Dynamic Bicycle model 
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In Figure (1) the forces acting on the wheels along 

with the tires slip angles are shown. Fi,j  represent the 

linear and longitudinal tire forces acting on the rear 

and front wheels subscript ―i‖ ϵ {f, r} and denotes the 

front or rear and ―j‖ ϵ {x, y} and denotes the 

longitudinal and lateral directions. αiis the tire slip 

angle of the front and rear tires. 
 

The mathematical model can then be derived as 

in[15], [16]: 

 

X = x cos ψ −  y  sin ψ  
Y = x sin ψ −  y cos ψ  

ψ = ψ 

x = ψ y + ax 

y =
1

m
(Fry + Ffy cos β − mψ x) 

ψ =
1

Iz

(Ffy lf  cos β − Fry lr ) 

 

The lateral forces are calculated as linearized 

functions of the tire slip angles: 

Fiy = Ciαi 

Wherex  and y  are the longitudinal and lateral 

velocities of the C.G. in the fixed body frame, X  and 

Y  are the velocities of the C.G. in the inertial frame, 

and ψ  being the yaw rate. The longitudinal 

acceleration is calculated as the summation of two 

parts: ψ y  the centripetal acceleration and ax the 

acceleration resulting from the forces acting on the 
vehicle and will be an input to the model. The states 

of the derived model are X= [X Y ψx y ψ ] and the 

inputs to the model are U= [δfax], the parameters 

used are in Table 1. 

 

m Mass of vehicle 420 kg 

Iz Yaw moment of 

inertia 
300 kg.m2 

lf  Distance from CG to 

front wheel axis 

0.62 m 

lr  Distance from CG to 

rear wheel axis 

0.58 m 

Cf Front wheel 

cornering stiffness 

12000 N/rad 

Cr Front wheel 
cornering stiffness 

20000 N/rad 

Table 1   parameters of the golf kart 

 

III. CONTROLLER 

 

In this paper we apply the NMPC technique to 
develop a point-by-point path tracking controller, 

we’ll nowdefine the optimal control problem, 

constraints and define the algorithm developed. 

 

A. Cost function 

The goal of the path tracking controller in general is 

to minimize the deviation from the planned path for 

the vehicle, and to ensure the comfort of the 

passengers; hence the (OCP) is formulated as 

follows: 
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Where the first term of the function penalizes the 

error between the predicted state and the reference 

state, and the second part penalizes the rate of change 

of the control actions, Q and R being the weight 

matrices, and Ф represents the system dynamics at 

each time step. The OCP is then discretized using 

multiple shooting[17] to a NLP and solved using the 

IPOPT solver in CaSAdi[18] framework. 

 

B. Constraints 

For the NMPC formulated we have a set of 

constraints for both the inputs and the states of the 

system. 
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Where the steering angle limit represents the physical 

limit of the steering system, and the limitations on the 

yaw rate and the lateral acceleration are to ensure a 

smooth ride since higher rates can sacrifice the 

passengers comfort. The algorithm implemented as 

follows as in 1. 

 

Algorithm 1 point-by-point tracking 

1: While current state ≠ End of path 

do 

2: Measure the state x(n)of the system, 

n = 0,1,2,…. 
3: Set initial state xo = x(n) 

4: Search for the nearest point in the path 
5: Set the nearest point in the path as the 

reference state x(i), i = 1,2,… . . , End of path 

6: Solve the OCP over the prediction N and 

find minimizing control sequence u∗(n) 

7: Apply the first element of the sequence 

u∗(n) and discard the rest. 

8: end while 
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IV. SIMULATIONS AND RESULTS 

 
Since our aim is to drive the golf kart on campus, we 

are more concerned with the turns handling rather 

than high speed driving; for this we impose 2 

different tests: 1) A smooth circular path2) A curvy 

Sin wave path, the simulations were done on 

MATLAB. The options for the IPOPT solver 

throughout the simulations are in table 2. 

 

Max iterations 2000 

Acceptable convergence  tolerance 1e-8 

Stopping criterion based on objective 

function change 
1e-6 

Table 2 options for IPOPT solver 

 

A. Smooth circular path 

The reference path shown in Fig 2 is defined as: 

50*cos( )

50*sin( )

0 : 2

ref

ref

X

Y





 







  

 
Figure 2 Reference and Actual Paths 

 
And the weight matrices and reference velocity for 

the scenario are as follows: Q=[1;0;0;1;7;7], 

R=[20;10], where Q and R are diagonal matrices, 

Vref = 4 m/s. 
 

 
Figure 3 Yaw rate 

 

The vehicle followed the path with an average error 

of 6.33 cm from the targets, figure 5. The average 
speed along the path was 3.7 (m/s) and reached a 

maximum speed of 4.1 (m/s). Figures 3 and 4 show 

that the yaw rate was within limits the whole path, 

and the yaw angles of the reference and the actual 

paths are almost the same. The average iteration time 

took 0.0484 seconds which shows the algorithm can 

be implemented in real time. 

 
Figure 4 Reference and Actual Yaw angles 

 
Figure 5  Offset errors along the path 

 

B. Sin wave path 

The reference path shown in Fig 6 is defined as: 

5*sin( )

0 : 2*

ref ref

ref

Y X

X 





 
Figure 6 Reference and Actual Paths 
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And the weight matrices and reference velocity for 

the scenario are as follows: Q=[3;0;0;0.1;40;40], 
R=[10;10], where both Q and R are diagonal 

matrices, 𝑉𝑟𝑒𝑓 = 2
𝑚

𝑠
.The vehicle was able to follow 

the path with acceptable deviations of average 12.5 

cm from the targets along the path, figure 9, with an 
average velocity of 1.5m/s and reached max velocity 

1.9 m/s. Figure 7 show the yaw rate along the path 

which was within the limits the whole path, figure 8 

the actual yaw angles and the reference yaw angles of 

the vehicle along the path. The average computation 

time per iteration was 0.0448s and the max iteration 

time was 0.2008s.  

 
Figure 7 Yaw rate 

 
Figure 8 Reference and Actual Yaw angles 

 
Figure 9 Offset errors along the path 

V. CONCLUSION 

 
In this paper we presented a nonlinear model 

predictive controller to control the front steering and 

acceleration of a golf kart to be driven on campus 

with the passenger’s safety taken in consideration. An 

acceleration-input nonlinear bicycle model is 

developed and used in the control design. The OCP 

was formulated by setting the objective function and 

the limits of the states and the control signals, which 

was then discretized into a NLP using Multiple 

Shooting Method and solved with IPOPT with the aid 

of CaSAdi. Multiple simulations with different 

scenarios to test the accuracy and run time of the 
controller have been run. The results show the 

effectiveness of the controller to follow the paths 

while maintaining passengers’ safety and the 

feasibility to test the controller in real time. 
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