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Abstract

Path Following Model Predictive Control for
Center-Articulated Vehicles

Gustav Vallinder

Increased safety and productivity are driving factors for the trend in
the mining industry where equipment and machines increasingly get
automated. An example is the load-haul-dump vehicle, which is a machine
that is used for transport of ore in underground mines. The cyclic
load-haul-dump process is well suited for automation and automated
loaders are commercially available today. Recent advances in autonomous
driving have raised questions if there are efficiency gains that can be
made by improving the path following algorithms that are used in the
control. The aim of this thesis is to investigate the usage of model
predictive for path following for center-articulated mining vehicles.
Two path following nonlinear model predictive controllers are designed
and implemented. One controller is based on an error dynamics model,
formulated as a regulation problem and implemented with the open source
NMPC-library GRAMPC. The second controller is based on a kinematic
model, formulated as a reference tracking NMPC problem and implemented
using the embedded-MPC software tool FORCESPRO. The controllers are
simulated on the same hardware that is used in real load-haul-dump 
vehicles, in a simulation environment provided by Epiroc Rock Drills AB. 
The resultsfrom the simulations show that both controllers can 
successfully follow a path, with a similar level of path error and less 
aggressive control actions compared to the current path following 
controller. The implemented controllers perform the control computations 
within a range of milliseconds on the embedded hardware, which is fast 
enough for real-time operation of the load-haul-dump vehicle.

ISSN: 1654-7616, UPTEC E 21012
Examinator: Mikael Bergkvist
Ämnesgranskare: Roland Hostettler
Handledare: Filip Östman



Uppsala University

Sammanfattning

Ökad säkerhet och produktivitet är drivande faktorer för trenden inom gruvin-
dustrin där allt mer utrustning och maskiner blir automatiserade. Ett exempel
är load-haul-dump-fordonet, som är en lastmaskin som används för att trans-
portera malm i underjordsgruvor. Den cykliska lasta-frakta-dumpa-processen
passar väl för automation, och automatiserade lastare finns p̊a marknaden
idag. Nya framsteg inom självkörande fordon har lyft fr̊agan ifall det finns
möjliga effektivitetsförbättringar som kan göras genom att förbättra maski-
nernas vägföljningsalgoritmer. Målet med den här uppsatsen är att undersöka
användandet av modellprediktiv reglering för vägföljning för midjevinkel-
styrda gruvfordon. Tv̊a ickelinjära modellprediktiva regulatorer utvecklas
och implementeras. En regulator baseras p̊a en modell med reglerfel som
tillst̊andsvariabler, formulerat som ett regulationsproblem. Problemformu-
leringen implementeras med hjälp av ett open source-bibliotek för NMPC
som heter GRAMPC. Den andra regulatorn baseras p̊a en kinematisk modell
och formuleras som ett referens-trackingproblem. Referens-trackingproblemet
implementeras med FORCESPRO, en mjukvara för MPC p̊a inbyggda sy-
stem. Regulatorerna simuleras p̊a samma h̊ardvara som används i verkliga
load-haul-dump-fordon, i en simulatormiljö försedd av Epiroc Rock Drills
AB. Resultatet fr̊an simulationerna visar att b̊ada regulatorer klarar av att
följa en rutt, med ett lateralt fel p̊a en liknande niv̊a och med en mindre
aggressiv styrning jämfört med den regulator som används i nuläget. De
implementerade regulatorerna utför beräkningarna inom en storleksordning
p̊a millisekunder p̊a den inbyggda h̊ardvaran vilket är tillräckligt snabbt för
att styra ett fordon i realtid.
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Abbreviations

Abbreviation Meaning

LHD Load-haul-dump (vehicle)
MPC Model predictive control
NMPC Nonlinear model predictive control
QP Quadratic programming
NLP Nonlinear programming
SQP Sequential quadratic programming
RK4 4th order Runge-Kutta method
RMSE Root mean square error
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1 Introduction

1.1 Background

A trend within the mining industry is the ongoing shift from manual operation
of equipment to automation and autonomy, and leading mining companies are
investing in emerging technologies [1,2]. The hazardous nature of the work in
combination with the need to operate the mines with greater efficiency and
safety are powerful drivers in the deployment of autonomous and automated
machines. Examples of mining applications of robotics are dozing, excavation,
haulage, mapping and surveying, as well as drilling and explosives handling.
Despite the skills of the best operators, productivity gains are expected from
the automation of machines. Automation reduces the amount of downtime
for mining equipment, since there is less need for breaks or operator shift
changes. It also allows the mine operators to be moved from the mines into
offices, which improves the work environment and safety for the operators [3].

One type of of mining equipment that is used in underground mines is
the load-haul-dump (LHD) vehicle. The LHD machine is a low profile vehicle
with a scoop in the front, a length between 8–15 meters and a weight between
20–75 tons. The machine operates at speeds up to 25 km/h, traveling as
much forward as it travels backward. The vehicle consists of a front and a
rear part, connected in a centered articulation point in order to have a high
level of maneuverability in the narrow mine tunnels [4].

Figure 1: Scooptram ST14, courtesy of Epiroc.
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The purpose of the LHD can be summarized in the load-haul-dump cycle,
which is the repetitive process of loading the scoop with ore, driving (tram-
ming) to a dump point to dump the ore, and then driving back to the loading
point. The cyclic nature of the process makes it suitable for automation,
and commercial systems for partial automation of the LHD exist on the
market today [5–7]. A review reports on successful operation of automated
LHD systems, where ore production has been reported to increase between
10–40% [4].

For complete automation of the load-haul-dump cycle there are multiple
problems that need to be solved. One is robotic loading of ore, which has
recently been demonstrated [8]. Another challenge is autonomous tramming.
This problem is to a large extent solved and does exist in the partially auto-
mated LHD systems available today, but there are still challenges that remain.
The difficulty of providing precise localization in real-time in the dark and
dusty underground environment, where there is no global infrastructure such
as satellite-based navigation systems available is one challenge. Another prob-
lem is the control of the vehicle itself, which is made difficult by the high inertia
of the vehicle and its center-articulated and hydraulically actuated steering [3].

Path following or path tracking is an active research topic within au-
tonomous tramming. The path following algorithms typically assume the
existence of a path of checkpoints that are recorded in advance from manual
operation of the vehicle. Each checkpoint in the path contains information,
such as the global coordinate position, heading angle or the desired vehicle
speed associated with the checkpoint. The path following algorithm uses the
measured vehicle state from the localization in order to compute the control
inputs that steer the LHD as close to the checkpoints as possible, while taking
the LHD vehicle dynamics into account. Some examples of control methods
that are used for path following are pure pursuit, sliding mode control, and
model predictive control (MPC).
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1.2 Problem formulation

The aim of this thesis is to investigate the usage of nonlinear model predictive
control (NMPC) as the path following algorithm for automated LHD’s. The
resulting controllers are implemented in the control software of an Epiroc
ST14 LHD and tested in a simulation environment provided by Epiroc Rock
Drills AB.

Two model predictive controllers are developed and implemented, one
based on a kinematic model of the LHD and the other based on an error
dynamics model derived from the kinematic model. The vehicle modelling
is presented in Section 2 and the MPC design processes are described in
Section 4. The error model-based NMPC is implemented in the Epiroc ST14
control software using an open source software library for embedded MPC
called GRAMPC [9]. The second approach to design a NMPC is to use the
kinematic model and to formulate the path following problem as a reference
tracking problem. The resulting controller is implemented using a commercial
code generation software tool for embedded MPC called FORCESPRO [10,11].

The controllers are evaluated in the simulation environment and are
compared to the currently used path following controller [12] in Section 5.
The simulations are conducted on path data from the Epiroc test mine. The
controllers are evaluated based on lateral deviation from the path, smoothness
of the control inputs and the computation time needed to compute the control
inputs.

1.3 Related work

In early work on path tracking for articulated vehicles, basic kinematic models
were presented [13, 14]. A different approach has been to reformulate the
kinematic model into an error dynamics model where the vehicle is modeled
through errors in lateral displacement, heading and curvature with respect
to the front of the vehicle. In addition a path tracking strategy based on
pole placement to minimize the error states in the model is presented [15]. A
similar approach to the path tracking problem is basis for the autonomous
tramming system in the currently available LHD vehicles from Epiroc [12].
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Recent developments in control theory and embedded optimization have
made MPC more common in automotive applications in general [16] and in
path and trajectory tracking applications especially [17, 18]. MPC has not
been widely used for center-articulated mining vehicles though. A switching
linear model predictive control scheme, where a time-varying error dynamics
model and varying MPC tuning parameters are applied depending the state
of the vehicle, is the first appearance of MPC for this application [19]. A
more recent article also investigates the usage of MPC, but instead of using a
linear time-varying error dynamics model, the nonlinear kinematic model of
the vehicle is used in a NMPC scheme. The motivation for using NMPC is
that by not linearizing the model, the prediction error of the model is reduced.
This in turn allows for the possibility to achieve for higher speeds for the
LHD, where prediction accuracy becomes increasingly important [20].
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2 Articulated vehicle modelling

A central part of model predictive control is to have an accurate model of the
system. In this section, two vehicle models are presented, a kinematic model
and an error dynamics model. The resulting models are used to predict the
movement of the LHD over a prediction horizon, so that an optimal control
input can be computed.

2.1 Kinematic model

The starting point for modelling the articulated vehicle is the kinematic
model that is commonly used in previous work on the subject [12, 20]. For a
thorough derivation of the kinematic model, see [19]. The nonlinear model
for the articulated vehicle can be written in matrix form

ẋ(t)
ẏ(t)

θ̇(t)
γ̇(t)

 =


cos θ(t) 0
sin θ(t) 0
− sin γ(t)

Lf cos γ(t)+Lr

−Lr

Lf cos γ(t)+Lr

0 1

[v(t)
ω(t)

]
(2.1)

where x(t) and y(t) are the global coordinates with respect to the X and Y
axis, θ(t) is the heading angle and γ(t) is the articulation angle of the vehicle.
The longitudinal speed is represented by v(t) and the steering rate by ω(t).
The variables are summarized with descriptions in Table 1. A view of the
vehicle geometry is presented in Figure 2.

Quantity Description Unit

Lf Distance from the articulated point to the front axis m
Lr Distance from the articulated point to the rear axis m
x Global x-coordinate (of the front axis) m
y Global y-coordinate (of the front axis) m
θ Heading angle rad
γ Articulated angle rad
v Linear speed m/s
ω Steering rate rad/s

Table 1: Kinematic model variables and parameters
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We let the state of the vehicle to be represented by the vector x(t) =[
x(t) y(t) θ(t) γ(t)

]ᵀ
, and the input of the system by the vector u(t) =[

v(t) ω(t)
]ᵀ

. Thus we have the system kinematics on the form

ẋ(t) = f(x(t),u(t)). (2.2)

Motivating the usage of the kinematic model is a design choice to have
a balanced trade-off between accurate predictions and low complexity, in
order to get a fast controller with good performance. Including, for example,
tyre slip angles or friction coefficients into a dynamic model would improve
the prediction accuracy, but also affect the computational complexity of the
optimization problem negatively.

Figure 2: Definitions of the kinematic vehicle model.
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2.2 Error dynamics model

A common approach of modelling articulated vehicles for path following is
to derive an error dynamics model from the kinematic model. An example
where this type of model is used is the switching MPC scheme [19]. Modelling
of the error dynamics is done by shifting the coordinate system to the front
axis of the vehicle according to the coordinate translation

[
εL(t)
εH(t)

]
=

[
− sin θref (t) cos θref (t) 0

0 0 1

]x(t)− xref (t)
y(t)− yref (t)
θ(t)− θref (t)

 (2.3)

where εL(t) represents the lateral path error and εH(t) is the heading angle
error. The variables for the error dynamics model are summarized with
descriptions in Table 2 and also illustrated in Figure 3.

Figure 3: Definitions of the error dynamics model.
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Quantity Description Unit

Lf Distance from the articulated point to the front axis m
Lr Distance from the articulated point to the rear axis m
εL Lateral error from the path m
εH Heading error from the path rad
γ Articulated angle rad
v Linear speed m/s
ω Steering rate rad/s

Table 2: Error model variables and parameters.

Deriving the equivalent nonlinear model to the kinematics in (2.1) from
the error coordinates gives following model ε̇L(t)

ε̇H(t)
γ̇(t)

 =

 sin εH(t) 0
− sin γ(t)

Lf cos γ(t)+Lr

−Lr

Lf cos γ(t)+Lr

0 1

[v(t)
ω(t)

]
. (2.4)

Here, the state of the vehicle is represented by the vector e(t) =
[
εL(t) εH(t) γ(t)

]ᵀ
,

while the input of the system is still represented by the vector u(t) =[
v(t) ω(t)

]ᵀ
. The derivative of the state vector is given as a function of the

state and the inputs and the model is on the form

ė(t) = f(e(t),u(t)) (2.5)

.
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3 Nonlinear model predictive control

MPC is an advanced control strategy that has gained popularity in recent
years. The basic idea of the method is to use a dynamic model to predict the
behaviour of a system, and to use numerical optimization over the predicted
forecast in order to find an optimal control input to apply at the current
time. Repeating the steps of prediction and numerical optimization creates
the feedback control method known as MPC. When the prediction model is
nonlinear, it is known as nonlinear MPC or NMPC. Below a brief introduction
to continuous- and discrete-time NMPC is provided. For more details, see [21].

3.1 Continuous-time NMPC

NMPC problems can be formulated in continuous-time when the system
dynamics are given as differential equations, which is often the case in control
applications. Here the state and control trajectories are functions of time,
x(t) and u(t) respectively. The trajectories are defined on the time horizon
t ∈ [0, T ] and the continuous-time NMPC problem is defined as

minimize
x(·), u(·)

∫ T

0

l(x(t), u(t))dt+ Vf (x(T )) (3.1a)

subject to x(0) = x0, (3.1b)

ẋ(t) = f(x(t), u(t)), t ∈ [0, T ], (3.1c)

x(t) ∈ X ⊆ Rnx , t ∈ [0, T ], (3.1d)

u(t) ∈ U ⊆ Rnu , t ∈ [0, T ] (3.1e)

where the problem is subject to an initial state x0, which is the measured
or estimated state at the current time, and the continuous-time system
dynamics f(·). The sets X and U are the admissible states and control inputs,
representing additional constraints. The cost function is separated into a
terminal cost Vf(x(N)) and the integral over the stage costs l(x, u). The
stage cost is

l(x(t), u(t)) := ||x(t)||2Q + ||u(t)||2R (3.2)

and the terminal cost is

Vf (x(T )) := ||x(T )||2P. (3.3)

14



Uppsala University

The reason to separate the cost function into a terminal cost and stage costs is
to have different weighting matrices Q and P for the intermediate stages and
the terminal stage, which can affect the stability properties of the controller.
The weighting matrix R penalizes the control input. The optimal control law
u∗(·) is given by the solution to the continuous-time NMPC problem, and the
first control input u∗(0) is used to control the system.

Solving the continuous-time NMPC problem exactly on a computer is not
possible since t takes on infinitely many values between 0 and T , resulting
in an infinite-dimensional optimization problem. The problem can only be
solved with numerical approximation and some method for discretization.
This will be discussed in more detail in Section 4.1.

3.2 Discrete-time NMPC

When implementing an MPC on a computer it is convenient to use discrete-
time models since computers work in discrete-time by design. System dy-
namics are modelled using difference equations and discrete-time signals
are measured by sampling of the continuous-time signals. For discrete-time
NMPC, the optimal control problem that is solved in every sampling time
with a prediction horizon of N samples is

minimize
x,u

N−1∑
k=0

l(x(k), u(k)) + Vf (x(N)) (3.4a)

subject to x(0) = x0, (3.4b)

x(k + 1) = φ(x(k), u(k)), k = 0, ..., N − 1, (3.4c)

x(k) ∈ X ⊆ Rnx , k = 0, ..., N − 1, (3.4d)

u(k) ∈ U ⊆ Rnu , k = 0, ..., N − 1 (3.4e)

where u := {u(0), u(1), ..., u(N − 1)} is the control sequence over which the
optimization problem is solved and x := {x(0), x(1), ..., x(N)} is the predicted
state trajectory.
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The problem is subject to the discrete system dynamics φ(·), often derived
using numerical integration methods to discretize continuous-time dynamics.
The simplest example to illustrate such a discretization method is the Euler
integrator

x(k + 1) = x(k) + Tdf(x(k), u(k)) (3.5)

where Td is the discretization time step, and f(·) the continuous-time dynam-
ics.

The optimal control sequence u∗ := {u∗(0), u∗(1), ..., u∗(N−1)} is given by
the solution to the optimal control problem and the first element u∗(0) ∈ u∗

is the control input applied to the system.
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4 Implementation

This section describes the MPC design processes within the project. Imple-
mentation of a nonlinear model predictive controller on an embedded computer
means that a fast solver of optimization problems must be used to solve the
NMPC problems in real-time. Typically this requires a software framework
or library designed for NMPC problems and the choice of framework will
heavily influence how the problem can be formulated. An introduction to the
embedded optimization tools in the project is given in Section 4.1.

The first implementation of an NMPC is based on the error dynamics
model and formulated as a regulation problem. It is implemented using
the open-source GRAMPC package [9]. The error model-based NMPC is
described in Section 4.2. The second implementation is formulated as a
reference tracking problem and is implemented using the commercial software
FORCESPRO [10,11]. The controller design is presented in Section 4.3.

4.1 Embedded optimization

Implementing a nonlinear MPC on an embedded system means that a non-
convex optimization problem will need to be solved on the computer. Em-
bedded optimization is an active field of research, and solving optimization
problems robustly, with limited resources and fast execution times is a great
challenge. There are many software packages for embedded optimization,
targeted at different kinds of problems such as quadratic (QP) or nonlinear
programming (NLP) problems. Some packages are designed as software li-
braries that can be directly included in a project, whereas other software can
be used from a high-level environment such as MATLAB/Python to auto-
generate C/C++ code that is optimized for speed or memory footprint [22].

GRAMPC is a tool for model predictive control of nonlinear continuous-
time systems subject to state- and control constraints. It is implemented as
C code, and has user interfaces to C++, MATLAB/Simulink and dSpace,
which allows for a workflow where a controller is developed and simulated in
MATLAB/Simulink, and to deployed by translating the settings and problem
descriptions to C or C++ code. The GRAMPC library implements a fast
augmented Lagrangian scheme for constraint handling, together with a gra-
dient method to solve the optimization problem, which allows for problems

17
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down to the millisecond range to be solved on embedded hardware. Tools
for numerical integration are also included, and the user has to define the
problem formulation in continuous-time.

FORCESPRO is a commercially available software for real-time embedded
MPC. It has interfaces to MATLAB and Python where the user can specify the
problem formulation, set options, and generate fast optimized C-code which
can be deployed on embedded computers. FORCESPRO supports both linear
and nonlinear, discrete and continuous system descriptions. Multiple QP and
NLP solver algorithms are supported, for example the sequential quadratic
programming (SQP) and nonlinear primal-dual interior-point methods.

4.2 Error model-based NMPC

GRAMPC is selected for the first implementation of a path following NMPC.
The controller accounts for the limitations of GRAMPC, meaning it has to
be formulated in continuous-time and with a constant reference vector. Given
that the current path following algorithm [12] is based on minimization of
lateral error and heading error, a regulation approach with an error model
is suitable. By designing an NMPC based on minimizing the path error
state variables, the existing path error provider can be used and the NMPC
easily integrated into the LHD control software. The continuous-time NMPC
problem formulation is

minimize
e(·),u(·)

eᵀ(T )Pe(T ) +

∫ T

0

eᵀ(t)Qe(t) + ∆uᵀ(t)R∆u(t)dt (4.1a)

subject to e(0) = e0, (4.1b)

ė(t) = f(e(t),u(t)), t ∈ [0, T ], (4.1c)

γmin ≤ γ(t) ≤ γmax, t ∈ [0, T ], (4.1d)

vmin ≤ v(t) ≤ vmax, t ∈ [0, T ], (4.1e)

ωmin ≤ ω(t) ≤ ωmax, t ∈ [0, T ] (4.1f)

where f(·) is the error dynamics model (2.4) and where

∆u(t) =

[
v(t)
ω(t)

]
−
[
vref (0)

0

]
(4.2)
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is the input vector tracking a desired speed profile from the reference path.
The weighting matrices for the controller are

P = Q = diag(1000, 1000, 1000) ∈ R3×3 (4.3)

and
R = diag(100, 1000) ∈ R2×2. (4.4)

e0 is the initial measured error vector with respect to the path which the
NMPC problem is subject to, representing the state of the vehicle at the
current time.

The constraints on ω(t) and γ(t) are defined by the limits of the vehicle
with respect to steering rate and articulation angle. The constraint on the
speed, v(t) is time-varying and limits the speed between 0 m/s and the
reference speed vref(0) associated with the closest path point. This means
that the LHD can slow down if it fails to follow the path, and that it can not
exceed the reference speed. The numerical values of the constraints are listed
in Table 3.

Quantity Minimum Maximum Unit

γ(t) −0.65 0.65 rad
v(t) 0.0 vref (0) m/s
ω(t) −0.26 0.26 rad/s

Table 3: Constraints on the error model-based NMPC.

GRAMPC has a structure where different parameters and options can be
set by the user to define the optimization problem. Most of the options have
a default value that works for general problems, but some are application-
specific and need to be set by the user. The most important options are listed
in Table 4.
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Parameter/Option Setting Description

Thor 2.0 Prediction horizon T / s
Nhor 11 Number of discretization steps in the horizon
Integrator Heun Integration scheme for the system
MaxGradIter 20 Maximum number of gradient algorithm iterations
MaxMultIter 5 Maximum number of augmented Lagrangian iterations
ConvergenceCheck off The maximum number of iterations are always used

Table 4: GRAMPC options.

4.3 Reference tracking NMPC

The error model-based NMPC stabilizes the system into an equilibrium in the
origin, assuming 0 = f(0, 0), since l(0, 0) = 0 and l(x, u) > 0 if (x, u) = (0, 0).
This type of problem is called a regulation problem, and can be used for
path following only if an error dynamics model is used. As the vehicle travels
along the path, only the errors with respect to the closest point in front of
the vehicle are provided as its current state. The consequence is that the
feedforward property of MPC is lost, since only the closest reference path
point is taken into account for the control computation. To stabilize the
system with respect to a time-varying reference path over the prediction
horizon, the stage cost should be defined as

l(x(k), u(k)) := ||x(k)− xref (k)||2Q + ||u(k)− uref (k)||2R (4.5)

and the terminal cost should be

Vf (x(N)) := ||x(N)− xref (N)||2P. (4.6)

This type of MPC is called reference tracking MPC.

FORCESPRO is used for the implementation of this type of NMPC since
it allows non-constant reference trajectories. The problem formulation is
now designed in discrete-time since both discrete and continuous systems are
supported by FORCESPRO. The FORCESPRO tool also provides numer-
ical integration methods for discretization, so the kinematic model can be
defined in continuous-time. The Runge–Kutta 4 method is selected for the
discretization of the kinematic model from Section 2. A reference trajectory
provider of coordinates and desired speeds (xref,k, yref,k, vref,k) of length N
is implemented in the LHD control software to provide the FORCESPRO
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NLP-solver with reference path data. The reference path trajectory and a
measured initial state are given as inputs to the NLP-solver which minimizes
predicted vehicle deviations from the reference path. The discrete-time NMPC
problem formulation is

minimize
x,u

∆xᵀ(N)P∆x(N) +
N−1∑
k=0

∆xᵀ(k)Q∆x(k) + ∆uᵀ(k)R∆u(k)

(4.7a)

subject to x(0) = x0, (4.7b)

x(k + 1) = φRK4(x(k),u(k)), k = 0, ..., N − 1, (4.7c)

γmin ≤ γ(k) ≤ γmax, k = 0, ..., N − 1, (4.7d)

vmin ≤ v(k) ≤ vmax, k = 0, ..., N − 1, (4.7e)

ωmin ≤ ω(k) ≤ ωmax, k = 0, ..., N − 1 (4.7f)

where φRK4(·) is the 4th order Runge–Kutta (RK4) discretization of the
continuous-time kinematics and where

∆x(k) =


x(k)
y(k)
θ(k)
γ(k)

−

xref (k)
yref (k)

0
0

 (4.8)

is the state vector tracking the (xref , yref )-coordinates in the path. The vector

∆u(k) =

[
v(k)
ω(k)

]
−
[
vref (k)

0

]
(4.9)

is the control input vector tracking the speed profile.

The weighting matrices are tuned to track the desired speed very closely
while not deviating from the path, so the weight on the speed tracking is set
to be a factor 100 larger than the other weights. The scaling of the tuning
weights has an effect on how well and how fast the problem converges. It is
found through experimentation that weights in the order of 10−3 are good
for this problem, which explains the difference to the weights in the error
model-based NMPC formulation. The weighting matrices are

P = Q = diag(0.001, 0.001, 0, 0) ∈ R4×4 (4.10)

21



Uppsala University

and
R = diag(0.1, 0.001) ∈ R2×2. (4.11)

The constraints are the same as in Section 4.2 with the exception of the
upper bound of the speed, which here is constant and bounded by the top
speed of the vehicle. The large penalty on deviations from the speed profile is
enough to keep the speed close to the desired reference speed. The numerical
values of the constraints are listed in Table 5.

Quantity Minimum Maximum Unit

γ(k) −0.65 0.65 rad
v(k) 0.0 7.0 m/s
ω(k) −0.26 0.26 rad/s

Table 5: Constraints on the reference tracking NMPC.

The most important options that were set for the FORCESPRO implemen-
tation, such as choice of integrator and solver method, are listed in Table 6.

Parameter/Option Setting Description

N 10 Number of prediction horizon steps
Td 0.2 Discretization time step / s
Integrator Runge–Kutta 4 Discretization method for the system dynamics
Solver method SQP NLP Use SQP as NLP-solver method
Maxit 200 Maximum number of SQP iterations

Table 6: FORCESPRO options.
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5 Simulation results

The evaluations of the controllers are done by simulation in an environment
provided by Epiroc Rock Drills AB. The simulation environment includes
features such as routes from real mines and a vehicle model with actuators
and localization. The simulations are performed on an Epiroc Module, which
is the same hardware that is used in real LHD vehicles. The Epiroc Module is
based on a Linux 32-bit operating system and has a 1.0 GHz AMD GX-210JC
processor. Because of hardware lab access reasons, the simulation of the
current controller is done in the same simulation environment, but on a virtual
linux machine. The computer running the virtual machine is a laptop with
an Intel(R) Core(TM) i7-9850H 2.60 GHz processor.

The experiment is conducted by letting an LHD vehicle autonomously
drive the same route three times, once for each path following controller. Mea-
surements on global position and estimations on lateral error are made with
a sampling rate of 20 Hz. The control inputs applied to the vehicle and the
execution time for the embedded computer to compute the control inputs are
also recorded. The plots in figure 4 show a full view and a zoomed in segment
from the trajectory of the LHD vehicle with the three different controllers.
All the implemented controllers steer the vehicle to follow the path successfully.
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Figure 4: Simulated vehicle trajectories.
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Figure 5 shows the estimated lateral path error for the controllers. The
difference between controllers is not very clear, but the reference tracking
NMPC has the highest peak error of approximately 0.4 m. An analysis of the
root mean square error (RMSE), defined as

RMSE =

√√√√ 1

Nsim

Nsim∑
i=1

ε2L(i) (5.1)

where Nsim is the number of samples in the simulation, shows that the error
model-based NMPC slightly outperformed the other controllers in minimizing
the path error. The results are presented in Table 7.

Controller RMSE Unit

Current 0.117 m
Error model-based NMPC 0.107 m
Reference tracking NMPC 0.122 m

Table 7: RMSE of the controllers.
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Figure 5: Estimated path error from the simulations.
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In Figure 6, the computed control inputs are presented. The plot in
Figure 6a shows the speed while Figure 6b shows the steering rate applied to
the vehicle. It is clear that the NMPCs control the vehicle in a less aggressive
manner, and the current controller is the most aggressive. It can be seen
in the upper subplot that the model predictive controllers at times reach
the physical limits of the vehicle which are represented by the constraints
in the NMPC problem formulations. Also, the reference tracking NMPC is
able to maintain the reference speed profile, unlike the error model-based
NMPC. The explanation is the tuning weights in the NMPC formulations,
where the penalty of deviating from the speed profile is a lot higher for the
reference tracking NMPC than for the error model-based NMPC. To evaluate
these controllers fairly, either the same parameters should be used for both
controllers, or optimal tuning parameters with respect to the some shared
metric like for example path error, should be used.
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Figure 6: Simulated control inputs.
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The computation times for the controllers are presented in Figure 7. It
is clear that both MPCs are able to execute the computations within the
millisecond range and that the FORCESPRO SQP-algorithm is roughly twice
as fast as the augmented Lagrangian method in GRAMPC in this instance.
Note that tuning of optimization options and parameters can affect the com-
putation time and that this is the result of mostly using the default options.
The current controller is simulated on a computer with a faster processor,
which means no comparison can be made to the MPC implementations. It is
however expected to be faster, since no solving of an optimization problem is
involved in the control computations of the current controller.
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Figure 7: The computation time for the simulations.
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6 Conclusions

In this thesis two nonlinear model predictive controllers for articulated vehicles
are presented. One is based on an error dynamics model and is formulated as
a regulation problem, and one is based on a kinematic model and formulates
the NMPC-problem as a reference tracking problem. The resulting controllers
are evaluated and compared to the currently used path following controller by
simulation on the same hardware that is used in real LHD vehicles. All the
controllers are able to follow the path successfully, with a similar maximum
level of path error of approximately 0.4 m. The implemented NMPCs limit
the control inputs within the physical limits of the vehicle and finish the
control computations within a range of milliseconds.

Before this thesis, path following NMPC for center-articulated vehicles
had been demonstrated in MATLAB simulations [20]. In this thesis, the
controllers are implemented in the software of a semi-autonomous LHD
and the controller performance is evaluated in a more advanced simulation
environment. The simulations are however done for only one longitudinal
speed profile. A future research direction is to evaluate how the different
controllers perform under different speed profiles in a realistic environment.
Field testing of the controllers would be particularly of interest. Investigating
the usage of a dynamic model in the reference tracking MPC would also be
a direction that could improve the prediction error and possibly reduce the
path tracking error.
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