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 A B S T R A C T

Forestry machines used nowadays function in a wide variety of terrains. In order to make these vehicles operate 
autonomously advanced control methods are needed. However, current research related to autonomous driving 
generally assumes flat terrain in the control as well as in the estimation. Therefore concerning this matter, this 
paper addresses potential solutions by investigating and applying nonlinear model predictive control (NMPC) 
for autonomous driving in uneven terrain. This paper proposes a hybrid model derived from the dynamic 
six-degrees-of-freedom (6-DOF) model for motion control purposes. The developed NMPC method utilises a 
path tracking approach and aims to minimise the time-independent tracking error between the position of 
the vehicle and path by utilising the proposed hybrid model and three-dimensional (3D) terrain map. The 
effectiveness of the predictive controller is tested using three different test paths and terrains. An all-terrain 
electric vehicle (ATV) called Polaris is utilised to test and confirm the functionality of the control method. In 
addition, the paper proposes a rollover avoidance method and tests it in simulation environment. The method 
aims to lower the vehicle speed in the presence of high roll angles. The results from the actual tests with the 
implementation of the NMPC method indicate that accurate path-tracking results can be obtained with the 
proposed controller in the test paths used in this study with the tracking errors being 0.11 m, 0.07 m and 
0.1 m.
1. Introduction

At the moment used machines in the forest industry operate in very 
variable terrains and normally the harvesting operation includes two 
human-operated machines, specifically a harvester and a forwarder. 
These machines are illustrated in Fig.  1. The trees are felled and the 
branches are removed by the harvester. Moreover, in the forest, it 
also cuts stems into logs. The tasks of the forwarder include loading 
and delivering the logs to the roadside from the forest. From the 
roadside, trucks take them to the wood processing plants. Due to the 
own mass and the heavy load of the forwarder, it may cause harm to 
the forest terrain. Therefore, this research aims to investigate a novel 
type of forest machine concept in which two lighter semi-autonomous 
forwarders are utilised alongside the traditionally operated harvester. 
This allows removing the cabin and crane from the forwarder. From 
this type of design, the machine becomes lighter and more sustainable 
for the forest ground. In this situation, the machine that goes first, 
namely the harvester, drives a desired path, and thus presents the 
driving paths for the forwarder. In addition to this, the harvester’s tasks 
include loading the stems onto the forwarder. The forwarder can follow 
this predefined path using an optimal control method called nonlinear 
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model predictive control (NMPC), which aims to optimise the control 
inputs by utilising a nonlinear system model of the vehicle and by 
minimising an objective function. A detailed description of this new 
forest machine chain can be found from Badar, Backman and Visala 
(2024) and Badar, Ouattara, et al. (2024).

A potential approach for autonomous driving in uneven terrains 
is the NMPC because of its competence to perform under constraints 
in both controls and states but at the same time, it can optimise 
the controls by predicting the responses of the nonlinear system in 
future time steps. The model that is often utilised and possesses the 
required components to examine the dynamic behaviour of the vehicle 
is a six-degree-of-freedom (6-DOF) model (Badar, Backman & Visala, 
2024; Etkin & Reid, 1995; Schofield, 2006; Shim & Ghike, 2007). The 
computation times of the NMPC methods grow in conjunction with the 
count of system controls and states, as well as with the complexity of 
the underlying nonlinear system. In order to solve this issue in the case 
of the NMPC method, a potential solution is the utilisation of a reduced-
order model. The main purpose of such a model is to decrease the 
quantity of the state variables, to reduce the overall system complexity, 
and hence overall computational resources required. Previous papers
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Nomenclature

Abbreviations

3D Three dimensional
ATV All-terrain electric vehicle
CDEKF Continuous discrete extended Kalman filter
CG Centre of gravity
CRA Centre of the rear axle
DOF Degree-of-freedom
ECU Electronic control unit
FF-PID Feed-forward proportional–

integral–derivative
FL Front left
FR Front right
GNSS Global Navigation Satellite System
IMU Inertial measurement unit
LTR Load transfer ratio
MPC Model predictive control
NMPC Nonlinear model predictive control
RL Rear left
RR Rear right
RTK Real-time kinematic
SPAN Synchronous position, attitude, and naviga-

tion
VC Vehicle centre
Subscripts

𝑏 body frame quantity
𝑘 corner of the vehicle
m measured quantity
𝑡 tyre-ground contact patch frame quantity
Greek Symbols
𝛿 steering angle (rad)
𝜙 roll angle (rad)
𝜓 yaw angle (rad)
𝜃 pitch angle (rad)
Symbols

𝑎𝑐 ,d𝐾𝑐 forward acceleration command (ms−2) and 
rate of change of curvature command 
(m−1 s−1)

𝐵𝑘 coefficient of stiffness of the 𝑘th corner 
(Nm−1)

𝐶𝑘 coefficient of damping of the 𝑘th corner 
(Nsm−1)

𝐹𝑥, 𝐹𝑦 total longitudinal force and total lateral 
force (N)

𝐹𝑥,𝑏, 𝐹𝑦,𝑏, 𝐹𝑧,𝑏 longitudinal force, lateral force, and nor-
mal force in body frame (N)

𝐹𝑥,𝑡, 𝐹𝑦,𝑡, 𝐹𝑧,𝑡 longitudinal force, lateral force, and nor-
mal force at tyre-ground contact patch 
frame (N)

𝑘, ̇𝑘 ground height (m), and rate of the change 
of ground height (ms−1)

𝐼𝑥𝑥, 𝐼𝑦𝑦 moments of inertia around the body frame 
𝑥 and y-axes (kgm2)

𝐽 objective function
2 
𝐾,𝐾𝑐 curvature and curvature command (m−1)
𝐿𝑘,𝑀𝑘 rolling moment and pitching moment of the 

𝑘th corner of the vehicle (Nm)
𝑚 mass of the vehicle (kg)
𝑁 prediction horizon
𝑝, 𝑞, 𝑟 roll rate, pitch rate, and yaw rate about CG 

in body frame (rad s−1)
𝑄,𝑅 weighting matrices of the states and con-

trols
min,max minimum and maximum control constraints
𝑡, 𝑙, ℎ Width, length and height of the vehicle (m)
𝑢, 𝑢𝑐 , 𝑣, 𝑤 forward velocity, forward velocity com-

mand, lateral velocity, and vertical velocity 
of VC in body frame (ms−1)

𝑋, 𝑌 ,𝑍 inertial positions of the VC in global frame 
(m)

min,max minimum and maximum state constraints

dealing with NMPC methods have also compared the effect of model 
complexity. For example, Chen et al. (2020) used the following three 
models in model predictive controller (MPC) module: a simple bicycle, 
an 8-DOF, and a 14-DOF. The system plant was the 14-DOF model 
in their study. The study stated that no supplemental advantage was 
gained when more sophisticated models than a bicycle model were used 
for path tracking in MPC methods. Ye et al. (2023) reported that the 
kinematic model provides adequate path-tracking performance when 
the applied speed references were kept under 15 ms−1. The kinematic 
model has also been used for path following, for example by Wang et al. 
(2024) and Yin et al. (2020). Moreover, in Chen and Chen (2020), the 
8-DOF model was used in the MPC module, whereas the system plant 
was the 14-DOF model. The paper concluded that the proposed method 
was capable of giving good results for path following. In turn, in a 
study by Sun et al. (2024) a 3-DOF model was utilised together with a 
nonlinear tyre model. The paper also proposed a fuzzy controller that 
optimised the parameters of the MPC. In a study by Liu et al. (2016), 
the authors utilised four different 2-DOF models with different tyre 
models for obstacle avoidance as well as the 14-DOF model. The study 
concluded that the 2-DOF model with linear tyre model was capable of 
operating in the same way as the 14-DOF model when low speeds were 
utilised.

In Lee et al. (2013), the authors studied an MPC-based rollover 
avoidance method using the load transfer ratio (LTR). Different types of 
sophisticated controllers have also been proposed by classical control 
theory in the path tracking framework, as in Hu et al. (2016), or 
in rollover avoidance (Imine et al., 2012). In this paper, rollover 
avoidance is also discussed. However, particularly in the context of 
NMPC, the roll angle prediction is monitored, and the NMPC speed 
reference is calculated on the basis of that. In previous studies, the 
main limitation has been that the ground profile is expected to be 
flat, meaning that the models do not take into account the shape of 
the terrain. Therefore, these models cannot account for the pitching or 
rolling dynamics caused by uneven terrain (Badar, Backman & Visala, 
2024). In contrast to the aforementioned studies, this paper focusses 
on autonomous driving in uneven terrain and takes into account the 
terrain in the proposed hybrid model. This paper also differs from other 
papers that consider uneven ground. For example, when comparing 
with Yu et al. (2021), this paper includes the terrain in the dynamics of 
the prediction model, whereas they use the terrain geometry. Similarly, 
the method proposed in Tan et al. (2022) is at its core an MPC, not an 
NMPC.

In this paper, the main objective is to determine and formulate 
a suitable real-time model that can be used for autonomous driving 
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Fig. 1. In (a) a harvester is shown. In (b) a forwarder is shown. Both of these machines are part of the current forestry industry.
Source: Ponsse.
Fig. 2. Function block diagram of the forwarder unit (Tabish Badar, 2024). 
Fig. 3. Research platform used (Badar, Backman & Visala, 2024). 
3 
in uneven terrain. Designing such a model is a two-fold problem, 
since it should be at the same time reasonably exact to describe the 
fundamental dynamic responses of the vehicle, but also sufficiently 
simple to be manageable for real-time implementation and operation. 
The main contribution of this paper when compared with previous 
studies is that the ground is not assumed to be flat in the control 
method. Instead, the height odometry methods published in Badar et al. 
(2023) and in Badar, Ouattara, et al. (2024) are used to get spatial 
positions for each wheel and the corresponding height values of the 
ground. This is accomplished by utilising measurements of the wheel 
heights as well as the attitude of the vehicle. After preprocessing, the 
wheel paths are used as a 3D map in the hybrid model-based NMPC 
and continuous discrete extended Kalman filter (CDEKF). Furthermore, 
the main goal of this paper is that with the combination of the hybrid 
model and the 3D terrain model, the NMPC method is not only capable 
of achieving relatively accurate path tracking results, but also able to 
capture the necessary dynamic behaviour of the vehicle when driving 
in terrain. For example, roll angle predictions should be sufficiently 
accurate so that they can be utilised to avoid rollover. More precisely, 
the speed reference of the NMPC module can be reduced or set to zero 
when it is suspected that the roll angle is close to the limit.

2. Materials and methods

This section first presents information on the research platform 
used. The section continues by presenting the test paths and the 3D 
maps that are used in the NMPC method and CDEKF. Furthermore, the 



J. Knuutinen et al. Biosystems Engineering 263 (2026) 104375 
Fig. 4. Sensors and other electronics equipment installed in Polaris (Badar, Ouattara, et al., 2024).
section also shows the actual NMPC method implemented. Finally, the 
state estimation method and simulation environment are described.

Fig.  2 shows the function block diagram that illustrates the overall 
architecture of forwarder control system. These modules are presented 
more in detail in the following sections.

2.1. Research platform

Fig.  3 presents the Polaris e-ATV, which is used as a research plat-
form in this study. Polaris is equipped with different sensors enabling 
autonomous driving. The most relevant electronic devices and sensors 
to support this and in particular for this paper are two electronic control 
units (ECUs) from EPEC company, a synchronous position, attitude, and 
navigation (SPAN) unit, Pinwheel’s global navigation satellite system 
(GNSS) antenna, and four Hall-effect sensors. These devices are shown 
in Fig.  4.

The ECUs that are present in Polaris are responsible for the low-
level velocity and steering control in automatic mode. The ECUs are 
used to receive control commands from the main computer, take care 
of low-level communication with the sensors in the Polaris, as well as 
send the necessary sensor data via the J1939 bus to the main computer. 
The used ECU model is illustrated in Fig.  4(a). Furthermore, the SPAN 
unit is used to obtain position information of the vehicle. It is used 
together with the Pinwheel GNSS antenna, real-time kinematics (RTK) 
corrections via 4G link, and the inertial measurement unit (IMU). The 
SPAN unit and Pinwheel’s GNSS antenna are shown in Figs.  4(b) and 
(c), respectively. In turn, the wheel heights are measured using the 
Hall-effect sensors. These sensors are mounted in each shaft of the four 
wheels as shown in Fig.  4(d) (Badar, Ouattara, et al., 2024) (Badar, 
Backman & Visala, 2024).

2.2. Test paths and 3D maps

In this study, three different paths are studied. The first path is 
located in Otaniemi, Espoo (Finland). In addition, uneven concrete and 
forest paths located in Vakola, Vihti (Finland) are used to examine the 
performance of the control system. Throughout the rest of the paper, 
these paths are called Otaniemi path, Vakola concrete path, and Forest 
path.

Fig.  7 shows a satellite image of the area, from which the Vakola 
concrete and the Forest path can be seen. The Otaniemi path is a 
relatively flat asphalt path that is located in a parking lot. In turn, the 
Vakola concrete path is a circular-shaped path with considerable height 
4 
differences and fairly large variations in slope for the Polaris-type 
vehicle. The used Forest path, on the other hand, is located near the 
Vakola concrete path and is used to demonstrate autonomous driving 
in the forest environment.

In the case of the Otaniemi path, the available point cloud data from 
the National Land Survey of Finland is utilised (National Land Survey 
of Finland, 2024). Moreover, Fig.  5 shows the interpolated map points 
in the Otaniemi path and the path. Fig.  6, on the other hand, shows 
part of the original point cloud, which has been modified by adding 
unevenness to the path. It is used to test the proposed vehicle speed 
reduction method in the presence of high roll angles in a simulation 
environment.

In the case of Vakola concrete and Forest paths, 3D maps of the 
test paths for both the NMPC and the EKF module are obtained using 
the methods introduced in Badar et al. (2023) and Badar, Ouattara, 
et al. (2024). Badar, Ouattara, et al. (2024) also includes a discussion 
of transmitting the generated height map from the harvester to the 
forwarder. In the forest path, UAV-based map data is used together with 
the methods to obtain the height of the path. The methods presented 
output the 3D path for each wheel. The methods require that the 
path is driven beforehand and that RTK-GNSS, IMU, and wheel height 
measurements are recorded at 20 Hz. This also demonstrates the semi-
autonomous harvester forwarder concept where the harvester goes 
first and the forwarder follows the path. The wheel paths from the 
right and left rear wheels are used to create the map. In the forest 
path, moving average filtering is used to reduce spikiness. The used 
wheel paths are visible in Fig.  8. In the case of the Forest path, a 
suitable shorter path is selected from the entire path shown in Fig.  7. 
This is done because the experiments showed that the low-level speed 
controller as well as the GNSS receiver worked in that particular path in 
an acceptable manner. Furthermore, the 3D wheel paths obtained are 
first resampled using scattered interpolation (SCATTERINTERPOLANT) 
with the nearest method available in MATLAB. This is done to obtain a 
rectangular point grid and the corresponding height values with a step 
size of 0.3 m in both the 𝑥 and 𝑦 directions on the Vakola concrete 
path and 0.5 m in both the 𝑥 and 𝑦 directions on the forest path. After 
that, these sampled grid value pairs are utilised in the B-spline based 
multivariate interpolate method presented in Lee et al. (1997) and used 
in C++ implementations of the NMPC module and CDEKF. The key 
characteristics of the paths are summarised in Table  1.
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Fig. 5. Open-source point cloud provided by the National Land Survey of Finland and the path from Otaniemi. The colour indicates the height of the terrain. 
(For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
Fig. 6. Modified point cloud and the path used to test the rollover avoidance method. The colour indicates the height of the terrain. (For interpretation of the 
references to colour in this figure legend, the reader is referred to the web version of this article.)
Table 1
Terrain characteristics.
 Terrain characteristics/path Vakola Forest Otaniemi Otaniemi modified 
 Terrain material Concrete Gravel Asphalt Asphalt  
 Max height (m) 39.77 70.44 2.53 2.53  
 Min height (m) 39.30 69.12 1.57 1.57  
 Max slope (deg) 22.9 5.2 2.0 22.4  
 Min slope (deg) −13.8 −5.0 −1.9 −15.53  
5 
2.3. Vehicle modelling for motion control

The proposed hybrid model for motion control is derived from the 
dynamic 6-DOF model presented in Badar, Backman and Visala (2024). 
The reason to adopt a hybrid model instead of a 6-DOF dynamical 
model is that the NMPC is computationally infeasible at 20 Hz for the 
6-DOF model. As described in Badar, Knuutinen et al. (2024), the 6-
DOF model fits the high-fidelity simulations, whereas the hybrid model 
is adapted for real-time NMPC implementation. Fig.  9 shows a 3D 
schematic of the 6-DOF vehicle. The figure also shows the different 
coordinate systems and the sign convention used in the modelling. This 
paper adapts the 6-DOF conventions presented there.
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Fig. 7. Locations of the Vakola concrete path and the Forest path (Badar, Backman & Visala, 2024).
Fig. 8. (a) Rear left and rear right 3D wheel paths in the Vakola concrete path. (b) Rear left and rear right 3D wheel paths in the Forest path.
The proposed hybrid model leverages the rigid body dynamics as-
sumption, and it combines kinematic and dynamic parts. The kinematic 
part is used to model the position and heading of the vehicle in the 
inertial frame. Moreover, it is presumed that the centre of gravity (CG) 
and the centre of the vehicle (VC) align. This simply means that it is 
assumed that the vehicle has, during its operation period, symmetric di-
mensions and an unvarying homogeneous mass distribution. As shown 
in Fig.  9, the body frame is tied to the VC. For the dynamic part of the 
model, the 2-DOF dynamic element is utilised. It is used to describe in 
the body frame the pitching and rolling dynamics.
6 
The velocities in the inertial frame are determined by utilising the 
following 

⎡

⎢

⎢

⎣

𝑋̇
𝑌̇
𝑍̇

⎤

⎥

⎥

⎦

= 𝐓1

⎡

⎢

⎢

⎣

𝑢
0
0

⎤

⎥

⎥

⎦

, (1)

where 𝑋̇, 𝑌̇ , 𝑍̇ correspond to the inertial velocities of the VC and 𝑢
is the forward velocity in the body frame. Moreover, 𝐓𝟏 is the matrix 
from the body frame to the inertial frame. It can be defined as in Etkin 
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Fig. 9. 3D schematic of the 6-DOF model presented in Badar, Backman and Visala (2024). The same coordinate systems and the sign convention are used also 
in this paper.
and Reid (1995). 

𝐓1 =
⎡

⎢

⎢

⎣

cos𝜓 − sin𝜓 0
sin𝜓 cos𝜓 0
0 0 1

⎤

⎥

⎥

⎦

⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟
𝐑𝑧(𝜓)

⎡

⎢

⎢

⎣

cos 𝜃 0 sin 𝜃
0 1 0

− sin 𝜃 0 cos 𝜃

⎤

⎥

⎥

⎦

⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟
𝐑𝑦(𝜃)

⎡

⎢

⎢

⎣

1 0 0
0 cos𝜙 − sin𝜙
0 sin𝜙 cos𝜙

⎤

⎥

⎥

⎦

⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟
𝐑𝑥(𝜙)

,

(2)

where 𝜙, 𝜃, 𝜓 are the roll, pitch, and heading angles, respectively. From 
Eq. (1) it can be seen that it presents a 3D kinematic model and takes 
into account the forward velocity of the vehicle. It also incorporates the 
terrain changes, but it neglects the lateral 𝑣 and vertical 𝑤 velocities of 
the VC, which are present in the 6-DOF model and can also be seen in 
Fig.  9.

In the case of the dynamic 6-DOF model, the angular velocities in 
the body frame can be utilised to obtain the rate of change of the roll, 
pitch, and yaw angles using:
⎡

⎢

⎢

⎣

𝜙̇
𝜃̇
𝜓̇

⎤

⎥

⎥

⎦

=
⎡

⎢

⎢

⎣

1 sin𝜙 tan 𝜃 cos𝜙 tan 𝜃
0 cos𝜙 − sin𝜙
0 sin𝜙 sec 𝜃 cos𝜙 sec 𝜃

⎤

⎥

⎥

⎦

⎡

⎢

⎢

⎣

𝑝
𝑞
𝑟

⎤

⎥

⎥

⎦

, (3)

where 𝑝 is roll rate, 𝑞 is pitch rate, and 𝑟 is yaw rate (Etkin & Reid, 
1995).

However, in the context of the hybrid model, the yaw rate in the 
body frame is calculated by utilising

𝑟 = 𝑢𝐾 = 𝑢
tan 𝛿𝑘
𝑙

, (4)

where 𝐾 is curvature, 𝛿𝑘 is steering angle and 𝑙 is wheelbase.
It should be noted that defining the curvature in this way applies to 

the centre of the rear axle (CRA) of the vehicle. Eq.  (4) still maintains 
its validity also for the centre of the vehicle, since the hybrid model 
assumes rigid body dynamics and zero slipping conditions. Therefore, 
7 
when we apply Eq. (4) in Eq. (3), the following updated equations are 
derived for the hybrid model:
𝜓̇ =

(

𝑞 sin𝜙 + 𝑢𝐾 cos𝜙
)

∕ cos 𝜃, (5)

𝜃̇ = 𝑞 cos𝜙 − 𝑢𝐾 sin𝜙, (6)

𝜙̇ = 𝑝 + 𝜓̇ sin 𝜃. (7)

Note that, when both the roll and pitch angles are zero, then Eq. (5) 
yields to 𝜓̇ = 𝑢𝐾. That is commonly utilised in 2D plane based 
kinematic modelling.

The rate of change of angular velocities in the body frame is 
determined using the following
𝑝̇ =

∑

𝑘
𝐿𝑘∕𝐼𝑥𝑥, (8)

𝑞̇ =
∑

𝑘
𝑀𝑘∕𝐼𝑦𝑦, (9)

where 𝐼𝑥𝑥 and 𝐼𝑦𝑦 are the terms related to moments of inertia around 
the body frame 𝑥 and 𝑦-axes, respectively. The subscript 𝑘 corresponds 
to the 𝑘th corner of the vehicle. Moreover, the rolling (𝐿𝑘) and pitching 
(𝑀𝑘) moments at each corner can be written using the following: 

⎡

⎢

⎢

⎣

𝐿𝑘
𝑀𝑘
−

⎤

⎥

⎥

⎦

=
⎛

⎜

⎜

⎝

𝐩𝑘 +
(

𝐑𝑧(−𝜓)𝐓1
)−1

⎡

⎢

⎢

⎣

0
0

−𝛥𝑘

⎤

⎥

⎥

⎦

⎞

⎟

⎟

⎠

×

⎡

⎢

⎢

⎢

⎣

𝐹𝑥𝑘,𝑏
𝐹𝑦𝑘,𝑏
𝐹𝑧𝑘,𝑏 .

⎤

⎥

⎥

⎥

⎦

. (10)

In Eq. (10) the forces (𝐹𝑥𝑘,𝑏 , 𝐹𝑦𝑘,𝑏 , 𝐹𝑧𝑘,𝑏 ) applied are in the body frame, 
and the subscript 𝑏 is utilised to indicate that. In turn, 𝐩𝑘 is used to 
describe the position of the 𝑘th wheel centre from the VC. In turn, × is 
a cross-product operator. Eq.  (10) also takes into account the deflection 
of the 𝑘th suspension system. This is achieved by using 𝛥𝑘, as over the 
period of compression or elongation, it has an impact on the moment 
arm length. Furthermore, 𝛥𝑘 is transformed to the body frame as in 
Shim and Ghike (2007).
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2.3.1. Modelling tyre forces for hybrid model
In the case of the hybrid vehicle model, the individual lateral or 

longitudinal tyre forces are not taken into account. Alternatively, it is 
assumed that the total longitudinal and centripetal force experienced 
by CG is known, thus simplifying the force calculation. This is because 
tyre specific parameters such as cornering stiffness, side-slip angles, 
and longitudinal slip parameter, are difficult to estimate. Moreover, the 
distribution of the resulting total forces to each 𝑘th corner of the vehicle 
is carried out according to its mass 𝑚𝑘. The total longitudinal force in 
the body frame is calculated by neglecting the longitudinal and lateral 
slips of the tyres as follows: 

𝐹𝑥 = 𝑚𝑢̇. (11)

In turn, the total lateral force in the body frame is calculated as follows 

𝐹𝑦 = 𝑚𝑢2𝐾, (12)

where 𝑚 is the mass of the vehicle. Hence, the longitudinal, lateral, 
and normal forces at each tyre-ground contact patch of the vehicle are 
calculated as written below:

𝐹𝑥𝑘,𝑡 = 𝜇𝑥𝐹𝑧𝑘,𝑡 (13)

𝐹𝑦𝑘,𝑡 = 𝜇𝑦𝐹𝑧𝑘,𝑡 (14)

𝐹𝑧𝑘,𝑡 = −𝐵𝑘(𝑍𝑘 −𝑘) − 𝐶𝑘(𝑍̇𝑘 − ̇𝑘), (15)

where

𝜇𝑥 = 𝐹𝑥∕

(

∑

𝑘
𝐹𝑧𝑘,𝑡

)

; 𝜇𝑦 = 𝐹𝑦∕

(

∑

𝑘
𝐹𝑧𝑘,𝑡

)

.

In Eq. (15) 𝐵𝑘 and 𝐶𝑘 are the coefficients of stiffness and damping 
of the suspension system, respectively. 𝑍𝑘 and 𝑍̇𝑘 are the height and 
inertial velocity of the 𝑘th wheel, respectively. The height of the ground 
under the 𝑘th wheel is denoted by 𝐻𝑘. 𝐻𝑘 is obtained from the 3D map 
using the multivariate interpolation method mentioned in Section 2.2. 
Moreover, 𝐻̇𝑘 is obtained by calculating the rate of change in ground 
height under the 𝑘th wheel. The calculation of 𝐻𝑘 and 𝐻̇𝑘 is as follows: 

𝑘 = 𝐦𝐚𝐩
(

𝑋𝑘, 𝑌𝑘
)

, ̇ =
𝜕𝑘
𝜕𝑋𝑘

𝑋̇ +
𝜕𝑘
𝜕𝑌𝑘

𝑌̇ , (16)

where 𝐦𝐚𝐩 is the interpolation method. As Eq. (10) requires that the 
forces are in the body frame, these must be transformed from the 
tyre-ground contact patch frame by utilising the following 
⎡

⎢

⎢

⎢

⎣

𝐹𝑥𝑘,𝑏
𝐹𝑦𝑘,𝑏
𝐹𝑧𝑘,𝑏

⎤

⎥

⎥

⎥

⎦

= 𝐑𝑥(−𝜙)𝐑𝑦(−𝜃)
⎡

⎢

⎢

⎢

⎣

𝐹𝑥𝑘,𝑡
𝐹𝑦𝑘,𝑡
𝐹𝑧𝑘,𝑡

⎤

⎥

⎥

⎥

⎦

. (17)

2.3.2. Actuator dynamics for hybrid model
The kinematic model often takes velocity and curvature as input 

(Backman et al., 2012). Hence, to model the actuator dynamics of the 
platform a first order low pass filter type speed and curvature dynamics 
are utilised. These are included in the hybrid model as follows:

𝑢̇ = 𝑐𝛼𝑢 + 𝑐𝛽𝑢𝑐 (18)

𝐾̇ = 𝑐𝜅𝐾 + 𝑐𝜆𝐾𝑐 . (19)

In Eqs.  (18) and (19), the terms 𝑐(⋅) imply time constants. In turn, 𝑢𝑐
and 𝐾𝑐 are the actual commands. As a result, the state vector for the 
hybrid vehicle model is: 

(𝜏) = (𝑋, 𝑌 ,𝑍, 𝜙, 𝜃, 𝜓, 𝑢, 𝑝, 𝑞, 𝐾). (20)
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2.4. Nonlinear model predictive control

In general, the NMPC calculates the optimal control trajectory by 
minimising the objective function by utilising the current state infor-
mation and the nonlinear dynamic model of the system, which is used 
to predict the system responses. Once the optimisation is completed, 
the first controls calculated are applied to the system. Thereafter, 
the optimisation is carried out again with the new state information 
obtained. In this paper, the NMPC module uses the states estimates 
from the CDEKF module, the hybrid model shown in Section 2.3 for 
the prediction, and the 3D map information presented in Section 2.2 to 
account for vehicle dynamics on uneven ground. The NMPC problem 
can be written as: 
minimise 𝐽 ((𝑡𝑘), (𝑡𝑘)),

subject to: (𝑡𝑘+1) = 𝐹 ((𝑡𝑘), (𝑡𝑘))

min ≤ (𝑡𝑘) ≤ max
min ≤  (𝑡𝑘) ≤ max,

(21)

where (𝑡𝑘) and  (𝑡𝑘) are state and control vector of the system, re-
spectively. The state vector (𝑡𝑘) is defined as in Eq. (20) and optimised 
controls are designated to be the acceleration 𝑎𝑐 = 𝑢̇𝑐 and the rate of 
change of curvature dK𝑐 = 𝐾̇𝑐 . Moreover, in Eq. (21) 𝐹 ((𝑡𝑘), (𝑡𝑘)) is a 
nonlinear dynamical model and 𝐽 ((𝑡𝑘), (𝑡𝑘)) is an objective function. 
They are utilised to formulate the optimal control problem. In this case 
𝐹 ((𝑡𝑘), (𝑡𝑘)) is the hybrid model presented in Section 2.3. As can be 
seen from Eq. (21), formulating the control problem like this offers a 
way to handle state (min, max) and control (min, max) constraints 
during the optimisation.

The objective function 𝐽 ( , ) is generally given as 
𝑁−1
∑

𝑘=0

(

‖(𝑡𝑘+1) − ref(𝑡𝑘+1)‖2𝑄 + ‖ (𝑡𝑘) −ref(𝑡𝑘)‖2𝑅
)

(22)

where 𝑁 is the prediction horizon and (𝑡𝑘+1) and  (𝑡𝑘) being the 
predicted state and control values at each prediction step, respectively. 
In turn, ref(𝑡𝑘+1) and ref(𝑡𝑘) are the state and control reference values, 
respectively. Moreover, 𝑄 and 𝑅 are positive semi-definite matrices, 
and they are used to give weights to the states and control inputs, 
respectively. Thus, by minimising Eq. (22) the control values are calcu-
lated at each time step. In this case, the objective function depends on 
two controls 𝑎𝑐 and dK𝑐 , and five states, the 𝑥 and 𝑦 positions, heading 
angle (𝜓), forward velocity (𝑢), and roll angle (𝜙).

In this paper, the NMPC module is designed by utilising the VIATOC 
toolkit (Kalmari et al., 2015). The gradient projection method and the 
following two steps provide a solution to the control problem. The state 
trajectory is first obtained using the previous control trajectory and 
integrating the dynamics. The nonlinear dynamics are also linearised 
in this point. After that, a line-search based optimisation is utilised to 
solve the problem. In general, the gradient projection method can be 
utilised to minimise the function in the presence of linear constraints 
(Rosen, 1960). In VIATOC, the number of iterations can be defined by 
the user. As mentioned in Kalmari et al. (2015), computation times 
are often more prioritised than the precise optimal solution found by 
the NMPC method. Therefore, the possibility to define the number of 
iterations is important in order to control this factor of the problem. 
Other reasons for selecting VIATOC include its code generation ca-
pabilities as well as its support for automatic differentiation, which 
computes the Jacobian of the nonlinear system. Finally, the VIATOC 
allows modification of the objective function of the optimal control 
problem. The objective function does not have to be quadratic, as 
mentioned in Kalmari et al. (2015). The limitation is that the first 
derivatives must be defined in the objective function. Therefore, in 
VIATOC the path tracking method is utilised, which means that the 
NMPC tries to track the 2D reference position path.

As mentioned, optimised controls are designated to be the accel-
eration 𝑎 = 𝑢̇  and the rate of change of curvature dK = 𝐾̇ . In 
𝑐 𝑐 𝑐 𝑐
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the NMPC method, limits can be set on these variables, preventing 
rapid changes in the actual control commands 𝑢𝑐 and 𝐾𝑐 . This kind 
of approach is also used in Backman et al. (2012). Table  2 shows the 
general information about the NMPC parameters that were utilised. 
Table  3 shows the parameters used in the objective function.

As mentioned, the path tracking method is utilised instead of the 
traditional reference tracking. The cost for the 𝑥 and 𝑦 position in the 
case of reference tracking can be expressed with the following equation: 

𝐽𝑥,𝑦(𝑡𝑘) = ‖𝑥,𝑦(𝑡𝑘+1) − ref,x,y(𝑡𝑘+1)‖2𝑄𝑥,𝑦 , (23)

where 𝐽𝑥,𝑦(𝑡𝑘) is the cost related to 𝑥 𝑦 position, 𝑥,𝑦(𝑡𝑘+1) is predicted 𝑥
𝑦 position at predicted time 𝑡𝑘+1, the ref,x,y(𝑡𝑘+1) is time dependent 𝑥 𝑦
reference position and 𝑄𝑥,𝑦 is weighting matrix used with 𝑥 𝑦 position. 
The difference between path tracking and reference tracking is that in 
path tracking the path is not time-dependent, but for each predicted 
position, a point on the path is found that is closest to the predicted 
position (Kalmari et al., 2017). This results in the following cost for 
the 𝑥 and 𝑦 positions: 
𝐽𝑥,𝑦(𝑡𝑘) = min

𝑖
‖𝑥,𝑦(𝑡𝑘+1) − ref,x,y(𝑖)‖2𝑄𝑥,𝑦 , (24)

as shown for example in Kalmari et al. (2014). In Eq. (24), ref,x,y(𝑖) is 
non time dependent 𝑥 𝑦 reference position. The index 𝑖∗ that minimises 
Eq. (24) is found in the following way 
𝑖∗ = argmin𝑖((𝑥(𝑡𝑘+1) − ref,x(𝑖))2 + (𝑦(𝑡𝑘+1) − ref,y(𝑖))2), (25)

which eventually produces the following cost for the 𝑥 and 𝑦 states at 
prediction time 𝑡𝑘
𝐽𝑥,𝑦(𝑡𝑘) = (𝑥(𝑡𝑘+1) − ref,x(𝑖∗))2 + (𝑦(𝑡𝑘+1) − ref,y(𝑖∗))2. (26)

From there the partial derivatives with respect to 𝑥 and 𝑦 states can be 
calculated as follows
𝜕𝐽𝑥,𝑦(𝑡𝑘)
𝜕𝑥

= 2(𝑥(𝑡𝑘+1) − ref,x(𝑖∗));
𝜕𝐽𝑥,𝑦(𝑡𝑘)
𝜕𝑦

= 2(𝑦(𝑡𝑘+1) − ref,y(𝑖∗)).

To further highlight the difference between these two approaches, the 
following example can be used, when the reference path is aligned 
with the 𝑥-axis as ref,x,y = {{𝑡 = 0 s , (0, 0)}, {𝑡 = 1 s , (1, 0)}, {𝑡 =
2 s , (2, 0)},…} and the current 𝑥 𝑦 position of the vehicle is (1,1), 
the partial derivative with respect to 𝑥 is zero in the path tracking 
approach. However, in the case of reference tracking, this depends 
on time and the path. This might cause the vehicle to accelerate to 
keep up with the time requirement. The same derivative results can 
also be obtained using distance and line-segment based approach as in 
Backman et al. (2012).

To make the path tracking search procedure computationally feasi-
ble, only the previous closest point and the near path points that follow 
the previous closest point are examined in the calculations instead of 
the whole path. Such a procedure considerably decreases the necessary 
computation times. For the heading, the reference value is tied to the 
path points, meaning that each found closest point will also contain 
associated heading reference information. The path tracking approach 
also needs a forward velocity reference in order for the vehicle to move. 
In this paper, both the forward velocity and the roll angle have constant 
reference values.

2.5. Adjusting speed based on roll angle

To take into account rollover avoidance in the NMPC module, this 
paper uses the following logic. Since the NMPC module predicts the 
future responses of the nonlinear system, this information can also be 
used to advantage in a situation where it is suspected that the roll 
angle will become too large. In such a case, the prediction of the roll 
angle (𝜙) of the NMPC module is utilised to linearly lower the forward 
velocity reference (𝑢ref) in the NMPC module. The method is presented 
in Algorithm 1. The speed reduction starts when the predicted roll 
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Table 2
NMPC Parameters used.
 Parameters Limits/Values Units  
 Forward Acceleration Command (𝑎𝑐 ) ±5 ms−2  
 Change of Curvature Command (dK𝑐 ) ±0.5 m−1s−1  
 Reference Acceleration Command (𝑎𝑐,ref) 0 ms−2  
 Reference Change of Curvature (dK𝑐,ref) 0 m−1  
 Reference Velocity (𝑢ref) 1.0 or 1.5 ms−1  
 Reference roll angle (𝜙ref) 0 rad  
 Velocity (𝑢) [0, 3] ms−1  
 Curvature (𝐾) ±0.15 m−1  
 Roll Angle (𝜙) ±20 degrees 
 Prediction Horizon (𝑁) 100 –  
 Discretisation step (ℎ) 0.05 s  

Table 3
NMPC weighting parameters of the objective function. 
 Parameters Value  
 Position (𝑥, 𝑦) 1  
 Yaw angle (𝜓) 5  
 Forward velocity (𝑢) 50  
 Roll angle (𝜙) 0.0001 
 Forward acceleration (𝑎𝑐 ) 0.5  
 Change of Curvature Command (dK𝑐 ) 2  

angle exceeds 0.20 rad, and the reference speed is reduced to zero 
when it exceeds 0.25 rad. The speed reduction mechanism is tuned in 
simulation.

In addition, the weight of the objective function related to the 
velocity state can be increased in the NMPC module when the velocity 
reference goes below a certain threshold, for example, in this case 
below 0.1 ms−1. This forces the vehicle to stop faster.
Algorithm 1 Adjusting speed based on roll angle
max_roll← max(controller_roll_trajectory)
if (max_roll > max_roll_prev ∧max_roll ≥ 0.2) then
 max_roll_prev← max_roll
 if (max_roll ≥ 0.20 ∧max_roll < 0.25) then
 speed_ref← LinearSpeedDecrease();
 else if (max_roll ≥ 0.25) then
 speed_ref← 0.0
 end if
end if

2.6. State estimation

In the state estimation module, the methods and models presented 
in Badar, Backman and Visala (2024) are used. The state estimation is 
required in the control loop because the NMPC module needs to get 
the most current state information in order to function properly. In 
addition, the actuators of the vehicle have their own dynamics. Real-
world measurements also always contain some noise and time delays 
that need to be estimated. Therefore, the dynamic 6-DOF model and 
CDEKF are used (Badar, Backman & Visala, 2024; Särkkä & Solin, 
2019). Furthermore, the state augmentation method proposed in Moore 
and Tam (1973) is utilised to filter the delays caused by sensors and 
actuators throughout the system.

In the state estimation, the same 3D map is utilised as in the NMPC. 
Therefore, the measurement vector is written as: 
𝑦𝑘 = (𝑋m, 𝑌m, 𝜙m, 𝜃m, 𝜓m, 𝑉E, 𝑉N, 𝑉U, 𝐾m, 𝑢m, 𝛥km ). (27)

In the measurement vector shown in Eq. (27), (𝑋m, 𝑌m) is the spatial 
position of the VC in inertial frame, 𝜙m, 𝜃m, 𝜓m are measured roll, 
pitch and yaw angles, respectively. 𝑉E, 𝑉U and 𝑉U are east, north, 
and up velocities, respectively. These measurements are obtained from 
the SPAN unit. Furthermore, 𝐾 , 𝑢  are measured values for the 
m m
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Fig. 10. Results from the Otaniemi path. (a) shows the tracking result in the local ENU frame. (b) shows the absolute tracking error. (c) shows the estimated 
height of the VC. (d) shows the estimated and commanded velocity. (e) shows the estimated and commanded curvature.
curvature and forward velocity. Finally, 𝛥km  is the spring deflection 
measurement. In turn, these are obtained from the ECUs. Each sensor 
provides data at 20 Hz rate to the main computer. Therefore, the state 
estimation module also runs at 20 Hz. The reader should notice that 
the height measurement (𝑍m) from the SPAN unit is not utilised in the 
process of state estimation, instead the 3D map information presented 
in Section 2.2 is used inside the state estimator to take into account 
uneven ground profile. The states of the system and the measurements 
have the following correspondences 

𝑋𝑚 = 𝑋; 𝑌𝑚 = 𝑌 ;

𝑉E = 𝑋̇; 𝑉N = 𝑌̇ ; 𝑉U = 𝑍̇;

𝜙𝑚 = 𝜙; 𝜃𝑚 = 𝜃; 𝜓𝑚 = 𝜓 ;
(28)
𝐾𝑚 = 𝐾; 𝑢𝑚 = 𝑢; 𝛥𝑘𝑚 = 𝑍𝑘 −𝑘
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Table  4 shows the used state covariance values (𝐐), while Table  5 
shows the covariance values (𝐑) for the measurements. A more detailed 
description of the state estimation method can be found in Badar, 
Backman and Visala (2024).

2.7. Simulation environment

MATLAB Simulink based simulation environment is created and 
used to test novelties of the proposed method in addition to real field 
tests. It is important to note that the simulation environment enables 
testing of features that are difficult to test in a real-world environment, 
such as rollover testing and a closer look at predicted trajectories. As 
a vehicle model, the 6-DOF model proposed in Badar, Backman and 
Visala (2024) is used. The VIATOC toolkit is also able to generate 
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Fig. 11. Results from the Vakola concrete path. (a) shows the tracking result in the local ENU frame. (b) shows the absolute tracking error. (c) shows the 
estimated height of the VC.
Table 4
EKF state covariance values.
 State Covariance Value 
 𝑋 1 × 10−6  
 𝑌 1 × 10−6  
 𝑍 1 × 10−8  
 𝑢 1 × 10−6  
 𝑣 1 × 10−8  
 𝑤 1 × 10−8  
 𝜙 1 × 10−8  
 𝜃 1 × 10−8  
 𝜓 1 × 10−8  
 𝑝 1 × 10−8  
 𝑞 1 × 10−8  
 𝑟 1 × 10−8  
 𝐾 1 × 10−6  

Table 5
Measurement covariance values.
 Measurement Covariance Value 
 𝛥km 1 × 10−5  
 𝑋m 1 × 10−6  
 𝑋m 1 × 10−6  
 𝜙m 2 × 10−6  
 𝜃m 2 × 10−6  
 𝜓m 1 × 10−7  
 𝑉E 7 × 10−5  
 𝑉N 7 × 10−6  
 𝑉U 7 × 10−6  
 𝑢m 1 × 10−6  
 𝐾m 7 × 10−6  
11 
a Simulink S-function that can be used to test the NMPC method in 
the Simulink simulation environment. In practice, this means that it 
is possible to test the actual C++ controller code in a closed-loop 
simulation.

More specifically, two things are tested and analysed in the simula-
tion environment. The first thing to test is rollover avoidance. On the 
modified Otaniemi path, rollover avoidance is tested using the method 
presented in Section 2.5. Secondly, the roll, pitch and height predictions 
obtained from the NMPC method are analysed in the case of Vakola 
concrete path. This is used to further confirm the functionality of the 
method.

3. Results

3.1. Field tests

3.1.1. Otaniemi path
This section shows the results from the Otaniemi path when a 1.0 

ms−1 reference velocity was used in the NMPC module. Fig.  10(a) 
shows the path tracking result, and Fig.  10(b) shows the corresponding 
tracking error. Fig.  10(c) shows the estimated height of the VC. Figs. 
10(d) and (e) show the velocity and curvature commands and the 
corresponding estimated values, respectively. In Fig.  10(a), the labels 
Reference, EKF and RTK refer to the reference path, the estimated 
position of the CDEKF, and the measured position, respectively. This 
naming convention is also used throughout the results section.

The results indicated that the controller was able to track the path 
even when a sparse open-source 3D map was used. The mean tracking 
error was 0.11 m. The results also showed that the controller did not 
violate the curvature constraint which was 0.15 m−1, instead, it kept 
the curvature command in limit after 200 s. This can be seen in Fig. 
10(e).
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Fig. 12. Results from the Vakola concrete path. (a) shows the estimated and commanded velocity. (b) show the curvature values. (c) and (d) show the estimated 
and measured roll and pitch values, respectively. (e) shows the computation times of the NMPC module.
3.1.2. Vakola concrete path
This section shows the results from the Vakola concrete path when 

1.0 ms−1 was used as the reference velocity in the NMPC module. Figs. 
11(a) and (b) show the tracking performance and the corresponding 
tracking error between the path points and the CDEKF estimate. Fig. 
11(c) shows the height estimate of the VC. In turn, Figs.  12(a) and (b) 
show the estimated and commanded values for both forward velocity 
and curvature. In Fig.  12(c) and (d), the estimated and measured 
roll and pitch angles are shown, respectively. Fig.  12(e) shows the 
computation times of the NMPC module.

The results showed that the proposed NMPC method was able to 
follow the path relatively accurately, although the path had reasonably 
large differences in terrain height for the Polaris-type vehicle. The mean 
tracking error was 0.07 m. The height and terrain variations can be 
12 
observed in Fig.  11(c) and in Figs.  12(c) and (d). The results also 
revealed that the velocity control was unable to maintain its 1 ms−1

reference velocity, but the velocity varied extensively. On the other 
hand, it could be seen that for the curvature, the first-order low-pass 
filter described the dynamics satisfactorily.

From a computational point of view, the proposed control method 
was capable of calculating the control values in the required time when 
an Asus® (ROG Zephyrus M16) laptop was used that used an Intel®
i9-12900H ×20 CPU 5.00 GHz processor.

3.1.3. Forest path
This section shows the results from the Forest path when the 1.5 

ms−1 reference velocity was used in the NMPC module. Figs.  13(a) 
and (b) show the tracking performance and the corresponding tracking 
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Fig. 13. Results from the Forest path. (a) shows the tracking result in the local ENU frame. (b) shows the absolute tracking error. (c) shows the estimated height 
of the VC.
Table 6
Path tracking error summary.
 Path tracking errors/path Vakola Forest Otaniemi 
 Avg error (m) 0.07 0.11 0.10  
 Max error (m) 0.43 0.85 0.49  

error between the path points and the CDEKF estimate. Fig.  13(c) shows 
the estimated height of the VC. Figs.  14(a) and (b) show the estimated 
and commanded values for both forward velocity and curvature, re-
spectively. In Fig.  14(c) and (d), the estimated and measured roll and 
pitch angles are shown, respectively.

The results showed that the calculated absolute error contained 
jumps. The mean absolute tracking error was 0.10 m. It was observed 
that in the forest path, the controller was able to keep the vehicle 
velocity close to the reference velocity. It could be observed that for 
the curvature dynamics, the first order low pass filter based dynamics 
were suitable for the Forest path.

3.1.4. Result summary from field tests
Table  6 summarises the path-tracking errors, reporting the average 

and maximum errors in all three test paths. The results indicated 
that the proposed control method performed reliably across various 
environments and terrains in terms of path-tracking accuracy.
13 
3.2. Simulation tests

3.2.1. Rollover results
This section shows the simulated rollover avoidance results from 

the modified Otaniemi path when the reference velocity of 1.0 ms−1

was used in the NMPC module. Fig.  15(a) shows the 𝑥𝑦 position of 
the VC and the reference path. Figs.  15(b) and (c) show the roll and 
pitch angles from the simulation. Figs.  15(d) and (e) show both the 
velocity and curvature commands, the velocity and curvature of the 
6-DOF simulation plant, as well as the acceleration and the rate of 
change of curvature commands. Figs.  16(a) and (b) show the roll and 
pitch angles when the rollover avoidance method is not used. In turn, in 
Fig.  17, the roll and pitch angles, and the wheel height predictions are 
shown from selected time instances. The NMPC module utilised these 
roll angle predictions when reducing the velocity reference.

The results showed that the NMPC module was able to predict the 
dynamic behaviour of the vehicle and that the NMPC module lowered 
the vehicle’s forward velocity if the roll angle limits shown in Algorithm 
1 were exceeded in the predictions. The NMPC module achieved this 
by observing the roll angle predictions and calculated the reference 
velocity based on the method shown. A comparison of Fig.  15(b) and 
Fig.  16(a) shows that the rollover avoidance method was used to reduce 
vehicle speed and ensured that the roll angle remained within the 
allowable range.
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Fig. 14. Results from the Forest path. (a) shows the estimated and commanded velocity. (b) shows the estimated and commanded curvature. (c) and (d) shows 
the estimated and measured roll and pitch values, respectively.
3.2.2. Analysis of NMPC predictions
This section examines the NMPC predictions in more detail in the 

same Vakola concrete path that was used in real-world tests. The 
section concentrates in particular on the evaluation of the VC height, 
pitch, and roll angle predictions. Figs.  18(a) and (b) show the pitch 
prediction at times 3 s and 5 s from the NMPC module as well as the 
actual 6-DOF pitching dynamics between the 3 s–8 s and 5 s–10 s. Figs. 
18(c) and (d) present the corresponding results for the 𝑍 position, and 
Figs.  18(e) and (f) for the roll angle.

The results showed that the NMPC module was able to predict the 
pitch and roll angle sufficiently well when compared with the 6-DOF 
output. The results also indicated that, even though the 𝑍 position 
prediction overshooted, the NMPC module was still able to predict 
angles with sufficient accuracy.

4. Discussion

The path tracking results showed that the proposed method was 
suitable for various terrains and environments, including forests. The 
results from the forest path showed that the estimated VC contained 
jumps. This was because within a dense forest, the position methods 
based on RTK-GNSS positioning are not reliable (Badar et al., 2023). 
Due to this fact, the state estimation result was not as consistent within 
the forest. To solve jumps in estimation, LiDAR-based positioning could 
be utilised in the future within the forest environment (Hyyti & Visala, 
2013; Ouattara et al., 2022). Despite the jumps, the controller remained 
stable.
14 
The results indicated that the NMPC controller was able calculate 
optimal control values in real time. The execution frequency was set to 
20 Hz and the prediction horizon was kept at 100 steps, it practically 
meant that the NMPC module predicted the dynamic responses of the 
system by about 5 m when the velocity was 1.0 ms−1. This was shown 
to be enough for the rollover avoidance method shown in this study.

The NMPC module was able to predict the dynamic behaviour of 
the vehicle with sufficient accuracy. This was demonstrated in the 
simulation environment, where the controller was shown to be able 
to limit the roll angle and eventually stop the vehicle. It was also 
shown that the controller angle predictions matched well with the 6-
DOF model. The overshooting of the Z position prediction was due to 
the fact that the hybrid model was kinematic in nature.

In the NMPC module, the path-tracking approach was used instead 
of the traditional reference tracking. This approach allowed the vehicle 
position to be not dependent on time, which was shown to be a suitable 
approach for this type of control task. This required modifications to 
the regular quadratic objective function, since the closest point for 
each predicted trajectory point needed to be searched. The VIATOC 
toolkit offered a way to modify the objective function of the NMPC. The 
weights of the objective function were found using the trial-and-error 
method first in the simulation environment and later tuned using a 
real vehicle. For example, the position weight of the objective function 
was quite low when compared with the velocity weight. This was done 
because of the practical limitations of the test platform’s low-level 
speed controller (FF-PID).

Moreover, on the Otaniemi and Forest paths, the results indicated 
that the low-level speed controller performed better than it did on the 
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Fig. 15. Simulation results from the modified Otaniemi path. (a) shows the 𝑥𝑦 position and reference path in the local ENU frame. (b) and (c) show the roll and 
pitch values, respectively. (d) and (e) show the command values as well as corresponding plant values.

Fig. 16. Simulation results from the modified Otaniemi path. (a) and (b) show roll angles and pitch angles if roll-over avoidance method is not used.
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Fig. 17. Simulation results from the modified Otaniemi path. (a) and (b) show the roll angle and the pitch angle predictions at two time instances, respectively. 
(c) and (d) show the ground height predictions under front right and front left wheels at two time instances.
Vakola concrete track. This was due to the fact that the NMPC assumed 
the ideal first-order low-pass filter-type velocity dynamics, which ba-
sically implied that the low-level controller should be able to realise 
and maintain the velocity command calculated by the NMPC. This 
meant that the low-level controller should do the compensation, for 
example, when driving up a steep hill. To get better velocity control re-
sults on highly uneven ground, the current feed-forward proportional–
integral–derivative (FF-PID) type low-level velocity controller should 
be retuned or adaptive low-level control algorithm should be developed 
to avoid retuning process between different environments. However, 
this was not within the scope of this paper.

5. Conclusion

This study has shown a hybrid vehicle model that can be used 
together with the nonlinear model predictive controller (NMPC) to 
track paths in uneven terrain. The paper also presented other required 
components needed to implement the NMPC method in uneven ter-
rains, namely the method to obtain 3D maps of the driving paths, 
the path tracking approach, and the state estimation method. The real 
world results with the actual research platform from Otaniemi, Vakola 
concrete, and Forest paths indicated that the controller can track the 
16 
path with the required accuracy. In turn, the simulation results showed 
that the NMPC can reduce vehicle speed by monitoring roll angle 
prediction and in this way prevent rollover from happening.
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Fig. 18. Simulation results from the Vakola concrete path. (a)–(b) show pitch predictions at 3 s and 5 s and the corresponding 6-DOF pitch dynamics over 3–8 s
and 5–10 s. (c)–(f) show the same data for the Z position and the roll angle.
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