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Sammanfattning

Det här examensarbetet undersöker hur underrummet av körbara stigar påverkas
av att utöka den klassiska definitionen av körbarhet, som endast tar hänsyn till
marktopologin, till att även ta hänsyn till fordonets egenskaper i förhållande
till dess omgivning. Hur en eventuell förändrad rutt, som följd av den här
utökningen, påverkar komfort och ruttförlängning undersöks också. Undersökningen
syftar främst till grövre terräng.
Resultaten visar att underrummet av körbara stigar utökas i vissa avseenden
och begränsas i andra. Exempelvis tillåter det nya sättet att utvärdera körbara
stigar det simulerade fordonet att gränsla ett staketliknande hinder medan den
inte korsar tvärs över det. Underrummet av körbara stigar begränsas som följd
av det nya utvärderingssättet när exempelvis en annars körbar sluttningsvinkel
begränsas av de definierade gränserna på genomförbarhetsparametrarna.
Resultaten indikerar även att ett tydligt samband mellan operatörens komfort och plannerad körväg finns i flera fall. Det här sambandet är i hög grad
beroende av terrängen. Faktorer som markfrigång har försumbar påverkan på
planeringen av körvägen medan fordonets lutning och lutningshastighet har
märkbar påverkan.
Det nya utvärderingssättet ser lovande ut för framtida praktisk implementation men resultaten pekar på behov av en robust, detaljerad och validerad
modellering av fordonet i fråga samt mycket robust kartläggning av miljön.
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Abstract

This thesis examines how the subspace of traversable paths is affected by extending the traditional definition of traversability, which solely considers the
terrain topology, to also incorporate concern towards the vehicles configuration. Additionally, the effect of added consideration towards parameters such
as roll, pitch, distance to target and ground clearance, are examined with respect to path planning and cabin comfort during operation. The study focuses
primarily on rougher terrain.
The results show that the subspace of traversable paths is indeed extended
in some cases, but may also be reduced. The extension enabled the simulated vehicle to straddle an obstacle, which it would not otherwise cross. The
traversable subspace may be reduced by defining too conservative feasibility
limits on critical dynamic parameters for the feasibility check, such as slope.
The results indicate that there exists a correlation between an increase in operator comfort and path length in several cases. This relationship is highly
dependent on the terrain. Factors such as ground clearance were found to
have little-to-no impact on the planned route while the angular position and
velocity had an observable impact.
The extended way to define traversability shows promise for future practical implementation but the results indicate the need for robust, detailed and
validated modelling of the vehicle and environment.
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1

Introduction

1.1

Background

The world’s forest industry is a fundamental industry in the global economy
and strives for a more sustainable and efficient production. In Sweden, the
research institute Skogforsk and KTH Royal Institute of Technology are two
of the significant actors driving research in the field of forestry automation.
Previous projects have focused on developing and implementing autonomous
navigation along a given path, with obstacle avoidance taken into consideration
[1]. However, these projects have not covered autonomous traversal in rough
terrain as of yet.

1.2

Purpose

Productivity and efficiency varies greatly among the operators of forestry vehicles and a large fraction of the difference is due to inefficient manual navigation
[2]. Operator discomfort and injuries due to vibrations are prevalent ethical issues [3]. A well designed autonomous system may mitigate this. Inconsiderate
navigation may also damage the soil which is being traversed, the mechanics of
which is described in [4]. This in combination with the effects of deforestation
is significantly harmful towards the environment. Thus, when considering partial or full automation of forestry, a smooth and comfortable path is preferable
and will promote sustainability.
This thesis explores novel ways of determining the traversability of terrain
in the context of motion planning for automated articulated forest machines.
The typical contemporary approach is to exclusively consider the topology
of the terrain when determining traversability [5], [6], [7]. This may limit
the subspace of accessible paths in the planner, thereby limiting productivity.
When the subspace of accessible paths is limited, less than ideal paths might
be chosen over the ideal path such as unnecessary detours. The proposed
approach of evaluating traversability is to consider not only the topology, but
also the vehicle’s motion over the terrain. The aim of the thesis project is to
develop a sampling-based motion planner that incorporates the aforementioned
concept in the path feasibility check and cost function, and evaluate its motion
behavior compared to the traditional method.

1.3

Research Questions

The research questions raised to meet this purpose are as follows:
• Does extending the definition of traversability, to include the pose of
the articulated vehicle, increase the vehicle’s traversable subspace in the
map? Traversable subspace refers to the possible movements through
the environment which are available according to the planner.
• Given a fixed set of parameters that represent the traversability of candidate paths in a cost function, how does parameter weight selection
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impact performance in terms of smoothness and path length for an articulated vehicle?
Parameters that are considered in the study are as follows:
– Roll
– Slope
– Orthogonal distance to direct path
– Ground clearance
See Appendix A for an illustration of the parameter Orthogonal distance to
direct path and Figure 9 for ground clearance.
These parameters represent typical critical feasibility constraints and that is
why they have been chosen. Additional parameters could have been selected
for evaluation, but this would naturally result in less detailed examination of
each parameter as less time would be allocated to each respective parameter.
The same parameters are used for both the feasibility check and cost evaluation
for two reasons. The first reason is that it reduces development time to test the
same parameters in both the parts of the planner. Secondly, for safety reasons
it is desirable to have a margin of safety and to discourage approaching the
feasibility limitations.

1.4

Delimitations

In order to have a reasonable scope in this study, some delimitations are made.
The findings in this study are not bound by a specific vehicle model and may
be extended towards other applications. These delimitations do not compromise the outcome, as the generalized concept of an extended traversability
definition is being evaluated.
A list of these delimitations are as follows:
1. Load bearing capacity of the soil shall not be considered.
2. Achievable speeds in a given path shall not be evaluated.
3. The study will build on a foundation created by students at KTH in
collaboration with Skogforsk in a previous course project [1]. The task
is to replace the path planning module with the extended definition of
traversability.
4. The foundations of the simulation environment is inherited from the
aforementioned project [1]. Thus, the simulated vehicle will not have as
many dynamic elements as the corresponding vehicle has in reality. This
should amplify the effect the new considerations have on the outcome
due to a lack of suspension etc.
5. The working environment is assumed to be static; this is because of the
remote location of the environment. Thus, dynamic obstacles will not
be considered.
8

1.5

Methodology

To be able to compare and draw conclusions between the effects of cost function
selection, parameter selection as well as the effects of expanding the definition
of traversability, two methods have been selected.
A qualitative methodology has been selected when examining the effects of
expanding the definition of traversability. Context dependent information is
derived from case studies which suits the assessment of the first research question as each feasibility parameter has its own applicable context [8]. Individual
representative cases will provide an answer to the first research question as
presented in section 1.3, when compared to a base-line case using the original
definition. The baseline only considers some topology features of the terrain
such as slope.
In contrast, a quantitative methodology has been deemed most appropriate
when examining the performance of the cost function, which is liable to biases
arising from map dependencies. This judgement was based on the nature of
the aim of the study as recommended in [9]. The book specifically states that
a quantitative research method is suited for comparing relationships between
variables in an objective theory.
The qualitative method uses a case study consisting of a simple constructed
map containing key obstacles such as a ramp or a fence. A ramp or a fence
are key obstacles as they may be traversable from one but not all directions,
traversability is therefore dependent on the relative pose of the vehicle to that
of the obstacle in these cases. If movement is proven to be impossible using the
original feasibility check, which checks the traversability of the terrain, while
it is possible after the implementation, means that the extended definition of
traversability increases the travesable subspace of the vehicle, thus answering
the first research question. The potential degree of impact of the extended
definition can thereafter be investigated by further examining the range of approved motion and comparing its performance with a baseline which utilizes
a typical contemporary traversabilty definition in representative terrain.
The quantitative method is performed as such: multiple test cases with varying weights of input parameters, such as roll angle, slope, distance to the path
and ground clearance, are performed which provide measurement data on the
operational performance of the vehicle. This resulting data is in the form of:
smoothness and path length. An analysis technique such as multiple regression, as presented in Nicholas Wallimans book - [Research Methods : The
Basics] [10], can be used to analyse the results. Multiple regression is a technique used to measure the effect of two or more independent variables on a
single dependent variable. Multiple groups of tests such as these, with varying
start and end points, are then run to mitigate the effects of biases from the
map. Conclusions can then be drawn when results from all groups of tests are
compared to a base-line measurement, where the vehicle solely strives to follow
the global path. This then generates an answer to the second research question
as presented in section 1.3. Additionally, observing individually selected cases

9

may also provide additional insight as well as solidify and validate any findings.

1.6

Division of Work

Throughout the study, an agile SCRUM work structure was used to distribute
work while both authors maintained general areas of responsibility. Areas such
as simulation environment development and data processing was handled by M.
Källström while algorithm implementation and data collection was managed
by A. Axelsson. Note however that cross-task work was utilized in order to
ensure minimal errors and efficient workflow.

1.7

Related Work

A significant amount of research, that has been performed related to path
planning, have used the assumption of a binary classification of a terrain’s
traversability [5], [6], [7]. According to this premise, the terrain is either
traversable or non-traversable with no leeway in between. For applications
that place high requirements on efficiency, such as the JPL’s mars rovers, Opportunity and Spirit, this becomes significantly problematic. This is because
there often occur situations where the ideal, and in some cases only, option
is to surmount obstacles of low elevation or travel through patches of uneven
rough terrain rather than opting for a long detour instead.
Some attempts have been made to remedy this issue such as Sanjiv Singh et
al. and Joseph Carsten et al. papers [11], [12] who base their work on terrain
characteristics which include elevation, slope and roughness combined with a
cost function. This allows for more descriptive path planning calculations.
Multiple researchers achieve the traversability analysis through the use of point
clouds. Xiangrui Meng et al. [13] used point cloud data to generate an elevation map which in turn facilitated the estimation of terrain features. Similarly,
Philipp Krüsi et al. work in Driving on Point Clouds: Motion Planning, Trajectory Optimization, and Terrain Assessment in Generic Non-planar Environments [14] developed a real-time planner which directly utilizes a scanned
point cloud. Traversability and travel costs are determined by a roughness
value which is deduced from a distribution of the data points in the point
cloud by fitting a vehicle sized planar patch to it.
Terrain traversability can be assessed in a number of ways. Semantic assessments assign attributes/labels to objects/surfaces which are external to their
topology - such as material, type of object, fragility and if it is occupied, free
or unknown etc. In Employing Natural Terrain Semantics in Motion Planning
for a Multi-Legged Robot Belter et al. [15] argue that this type of terrain classification is essential in some environments because of factors such as bearing
capacity otherwise being unknown. Metric assessments regard the probability
of features in a map or other mathematical tools such as histogram theory [16],
[17].[18]
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Additionally, fuzzy logic can be utilized as seen in Seraji and Howards paper,
Behavior-based robot navigation on challenging terrain: A fuzzy logic approach
[19]. As presented in the paper, the navigation of the robot is accomplished
using fuzzy logic-based rule statements, which incorporates human reasoning
and decision making, rather than the more conventional analytical methods.
Rule-based fuzzy logic has the benefit of adding scientific formalism for the
decision making and rationale when uncertainties and inaccurate information
are present. As a result, the navigation becomes more robust when dealing
with these faults that are inherent in sensing and perception of natural environments.
A combination of concern towards the topology along with the physical properties of the vehicle is desired because these are the factors which constrain
the movement of the vehicle. This is different from the common simplification
of assuming that the topology is flat and that the vehicle is holonomic during
path planning. However, the successful implementation of these factors in the
context of path planning is not trivial according to Chen et al. in A path
planning method of anti-jamming ability improvement for autonomous vehicle
navigating in off-road environments [20]. The state-of-the-art path planning
implementations specifically targeting rough terrain do sometimes incorporate
some level of local consideration for these factors but lack them on a larger
scale. This is an issue because it does not guarantee feasibility nor optimality
of any generated path.[14]
Bijo Sebastian and Pinhas Ben-Tzvi have in Physics Based Path Planning for
Autonomous Tracked Vehicle in Challenging Terrain [21] presented a physicsbased path planning solution for challenging terrain in the context of an autonomous differential drive robot. Their planning implementation consist of
two levels. The high-level planner operates in a 2D occupancy grid map. The
physics simulator evaluates the traversability between two cells and the translation is deemed not feasible if the simulation runs too long.
An additional approach towards path planning is the use of probability theory when calculating the cost in the cost function. For instance in the paper
written by A. Muralidharan concerning ”Path Planning for Minimizing the
Expected Cost Until Success”, a probabilistic model of a cost function using
the probability of a Boolean value of success or failure was applied [22].
An additional topic that is frequently examined when navigating a vehicle
autonomously is local path planning as the global map is often dynamic in
nature and changes during operation may occur unexpectedly. Handling the
discrepancies between the global and local understanding of the terrain can
be done by performing real-time local path planning optimizations as seen in
[14], [21]. Factors such as limited computational power and simplistic models
(e.g. ignoring non-holonomic constraints) being insufficient for certain applications has also given rise to long distance global planners based on simplified
assumptions, meaning that large parts of the space of potential paths are disregarded [14], [23]. This leads to a local path optimization implementation
being very valuable to refine parameters, such as smoothness, risk, and path
11

length among other things. Plenty of work has been conducted in this area for
planar terrain. Only limited effort has been put into local path optimization
for non-planar terrain. One previous attempt employed the potential fields
approach. The approach should also improve the performance, Philipp Krüsi
et al. noted improvements up to 22.9% with an average of 8.2% in terms of
cost performance due to their local path optimizations. This indicates the
importance of considering how the vehicle interacts with the terrain.[14]
One way of performing local path planning optimizations is to generate a set
of local static, or dynamic, candidate paths and thereafter select one of them
for traversal. Path selection is typically performed using a cost function. A
cost function can be, for example, a sum of weighted costs or an integral of a
continuous arc [24], [11]. Bijo Sebastian and Pinhas Ben-Tzvi perform local
physics simulations to optimize the path.[21]
This study seeks to evaluate a sampling-based trajectory roll-out path planner utilizing a cost function, based on vehicle configuration with respect to
topology, for path selection.
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2

Frame of Reference

This chapter summarizes the literature study concerning path planning in
rough terrain, vehicle and terrain representation, feasibility evaluation and
cost functions.

2.1

Vehicle Representation

This study is one of several projects which are performed in a collaboration
between KTH and Skogforsk [1]. The test rig used in one of those projects was
the type of vehicle which was simulated in the inherited simulation environment. The vehicle consists of three body sections and steers by utilizing the
waist actuators. Six independent pendulum arms control the height of each
driving wheel. The state of the test rig at the end of the course project, from
which this material was inherited, can be seen in Figure 1.

Figure 1: Image of the test rig at the end of the previous course project in
collaboration with Skogforsk. The steering waists have been marked. [1]
A detailed mathematical representation of the kinematics and dynamics of a
three-section vehicle is presented in E. Antonyuk and A. Zabuga’s paper concerning the motion of an articulated vehicle [25]. It highlights that precise
modelling of the system and constraints are essential requirements for accurate results.

2.1.1

Vehicle-Terrain Interaction

When modeling the dynamics of any given system containing two separate
dynamical entities, such as a vehicle and terrain, the chosen model must be
taken into consideration. During dynamical modelling of a fixed standard
wheel, rigid-body point contacts are frequently used, as opposed to surface
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contacts, to decrease the complexity of the calculations. Decreasing computational complexity increase the suitability of an implementation to operate
in real-time. However, it is important to note that while the assumptions are
made, the motion of the vehicle is influenced by a surface contact and the
geometry of the wheel.[18]
Additionally, two assumptions are made to simplify the modeling, and thus
reduce computational effort. These are:
1. The wheels are not deformable
2. No slipping, skidding or sliding occurs
Articulated vehicles consisting of multiple sections have an increased number
of contact points and therefore these locations often need to be identified. Each
individual section possesses a relative coordinate system as seen in Figure 2.
By measuring the angles γ1 and γ2 , the position of the vehicle’s wheels relative
to a fixed reference frame on the vehicle’s primary section can be obtained
through the application of homogeneous transformations.

Figure 2: Top view of a three section articulate vehicle
A homogeneous transform allows a vector from the relative coordinate frame i
to be expressed in the relative coordinate frame j using rotational and transla14

tional transformation matrices combined with homogeneous coordinates. This
type of transform is exceptionally attractive when programming as the inherent compact notation is computationally efficient [26].
Homogeneous transformations are represented using the following function
seen in eq. (1):
j  j
 
Ri j pi i v
v
=
(1)
1
1
0T
1
where v is the vector in each respective reference frame, R and p are respectively the rotation matrix and translational matrices from reference frame i,
to reference frame j.
After applying eq. (1), the wheels’ coordinates are transformed from each
sections’ relative coordinate frame to the primary sections’.

2.2

Terrain Representations

According to Springer Handbook of Robotics [18], there are numerous ways of
representing natural terrain from sensor data. These include metric, topological and semantic representations.
When constructing maps for path planning purposes, there are two popular
options for terrain representation whose selection is based on factors such as:
data storage capacity, processing power resources, resolution constraints and
path planning algorithm selection. These two representations are termed point
cloud maps and grid maps and they have differing benefits and drawbacks.
Point cloud maps are collections of data points in three-dimensional space and
are generally produced using 3D scanners such as LIDARS or stereo cameras.
This can be seen as raw data from the sensors which is directly utilized during
path planning. A generic point cloud map can be observed in Figure 3. A
point cloud map has the benefit of not being artificially discretized at the cost
of an unbounded memory usage.
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Figure 3: Illustration of a point cloud, from [27].
This is in contrast to grid maps which convert the raw data into a surface
or volumetric representation in the form of cells or voxels. This representation is one of the simplest environment representations and each cell, which
are indexed, contain information concerning occupancy (occupancy grid map)
and/or traversal cost (cost map). As a result of the map’s inherent characteristics, memory must be allocated prior to the construction and update of the
map. Additionally, grid maps are favored as they are easy to manipulate and
the data is readily accessible by a computer.[28]
There are several different forms of grid maps. Common grid maps include:
voxel grid maps, 2.5D maps, height maps, and elevation maps.
2.2.1

Voxel Grid Map

Voxel grid maps are 3D renditions of grid maps and consists of a collection of
voxels, which are defined as 3D pixels. These voxels possesses attributes such
as occupancy and/or traversal cost which are used during path planning. There
are several different methods for determining the occupancy of each voxel, each
with varying results. Traditionally, algorithms which convert raw sensor data
or point cloud data into voxel data using spatial-occupancy enumeration [29].
However there have been alternative methods devised such as the one presented
in Samuli Laine’s paper A Topological Approach to Voxelization, which builds
on the connectivity and separability properties of the input and the intersection
targets [30]. A typical illustration of such a map can be viewed in Figure 4.
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Figure 4: Rendition of a voxel map, from [31]. The voxel size progressively
increases resulting in coarser rendition.
2.2.2

2.5D Map

2.5D maps, commonly termed height maps, are an extension of a 2D grid map
where each cell in a 2D grid is assigned additional information such as height
which enables the description of uneven terrain. The cells’ height attribute is
determined by the average of all scan points that fall into the cell. As a result
of the compact nature and order of information in such a map, the memory
storage is highly efficient.
2.2.3

Elevation Map

Elevation maps are also extensions of the conventional 2D map where a probabilistic estimate of the height is allocated to each cell. This is the most
popular map type [15]. It is important to note that the uncertainty increases
with increased distance. These types of maps are widely used when dealing
with environments which lack vertical obstacles and overhangs as they are only
able to represent a single level.[18] An elevation map is illustrated in Figure 5.

Figure 5: Illustration of an elevation map, from [31].
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2.3

Path Planning Algorithms

Sampling based path planning algorithms generally generate one or more candidate paths until one is found which is deemed good enough. Most path
planning algorithms builds on a cost function to select which candidate path
is optimal. This points to the importance of constructing a favorable cost
function for each application. Using a two-stage planner, a global followed by
a local optimization, is often preferable [32]. This is a method of mitigating
the influence of unexpected changes in the environment as well as to decrease
computational load.
2.3.1

Planning Algorithm: A*

The A* algorithm finds a path between two defined points and explores the
configuration space based on the current length of the path and estimated
length to the goal. The algorithm expands the current most optimal path,
in terms of current and estimated future (heuristic) cost, in each iteration.
Therefore, it is denoted as a best-first-algorithm. The most optimal path is
always chosen, given the available information and path propagation rules. A
solution will always be found if it exists. A drawback of a practical implementation of A* is that it is more memory inefficient when compared to some other
algorithms. A mathematical representation of the path cost in each iteration
f (n) is formulated as,
f (n) = g(n) + h(n)

(2)

where n is the node, g(n) represents the current path length cost and h(n)
represents the heuristic cost (estimated cost to goal).[33]
2.3.2

Planning Algorithm: D*

Another path planning algorithm known as ”Dynamic A* Search” and is more
commonly referred to as D*, is used during path planning of mobile robots.
D* is more favorable in complex environments when compared to A* as it is
generally more efficient in these situations [33]. However, the D* algorithm’s
real-time performance is not ideal either way. It is a heuristic algorithm and
was developed for dynamic environments using A* as a base. This means that
eq (2) is used as the foundation once more. When a change occurs in the map,
only the relevant nodes are affected and the required replanning is limited
when using D*, which is in contrast to the A* algorithm which is forced to
replan the entire route. Additional clarity as to how g(n) is calculated is given
by eq. (3),
g(n) = g(np ) + ∆g(np , n)

(3)

where np denotes a parent node in the path. ∆g(np , n) refers to the increased
cost between a parent node and its child in the graph. The calculation basis
of this should be task specific such that relevant parameters determine the
outcome.[32]
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2.3.3

Local Path Optimization

Local path optimization is employed to yield a higher resolution path where
more considerations are made. This is ordinarily not feasible in a global planner due to the complexity of the evaluation and may be resolved by using a
local optimizer. One such approach is called the dynamic window approach
and is presented in The Dynamic Window Approach to Collision Avoidance
[34]. The dynamic window approach is based on generating feasible velocity
commands which are achievable within a short time frame. The subspace for
these velocity commands is called the dynamic window and is constrained by
the dynamics of the vehicle so that it, for example, is able to stop safely. This
specific implementation has a two-dimensional search space and focuses on reactive path corrections in a dynamic environment to avoid collisions. Another
local path optimizer is a model-predictive trajectory generation algorithm as
presented in Motion Planning in Urban Environments [35]. The generated trajectories between start and end vehicle states are in the form of dynamically
feasible accelerations. The approach requires an accurate model to predict the
motion over the trajectories. The presented model incorporates the following parameters: controller delay, curvature limits, curvature rate limit, and
maximum acceleration retardation of the vehicle. Trajectory evaluation is a
function of proximity to obstacles, the distance from a direct path and their
smoothness.

2.4

Feasibility of Paths and Cost Functions

The work done in [36] shows that cost functions may result in infeasible planned
paths if the, vehicle relevant, environmental challenges are not taken into account. Underwater currents are the specific issue in this instance. While the
path may be free of debris or other obstacles, the applied cost function did not
consider the added physical demands which arise due to underwater currents.
In the context of navigation in rough terrain, an equivalence could be drawn
between these underwater currents and a steep slope. An additional example
is to only consider the roll angle of a vehicle and discount factors such as roll
speed and inertia. A valid feasibility check and cost function must include
similar critical behaviors to be practical.
Otsu et al. presents a light-weight body-terrain clearance evaluation algorithm
called Approximate Clearance Evaluation (ACE) in Fast Approximate Clearance Evaluation for Rovers with Articulated Suspension Systems [37] which
derives critical vehicle parameters such as clearance and suspension angles.
The algorithm is conservative in the sense that it estimates the worst-case
scenario in each evaluation. This type of clearance evaluation may be desirable if safety is the primary priority. A suitable example is if the algorithm’s
purpose is to be deployed on future planetary rovers. As a result, the vehicles
dynamical properties need to be taken into consideration.
As seen in Section 2.3, both A* and D* employ the use of a cost function,
to select the most suitable path. The function, g(n), in eq. (3), is the function which determines which path is deemed optimal while the weight of the
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heuristic function, h(n), determine how favored exploration is in comparison
to moving directly towards the goal. A generalization of this type of cost function is mentioned by Fu et. al. in A Heuristic Evolutionary Algorithm of UAV
Path Planning which is a sum of weighted parameter costs, see eq. (4) [24],
Ct =

n
X

wi Ci

(4)

i=1

where wi is the weight attributed to the cost function Ci from n different cost
considerations. The sum of these weighted costs nets the total cost Ct .
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3

Method and Implementation

This section describes the proposed high mobility rough terrain motion planner, forming the basis for answering the research questions. The section is
partitioned to describe how each step in the basic path selection strategy is
achieved. This basic path selection strategy is visualized in Figure 6.

Figure 6: Basic path selection strategy
As described in Figure 6, there are several steps which have to be implemented
to be able to evaluate the research questions. The initial step is to generate
a number of candidate paths to evaluate. The following step is to check the
feasibility of each candidate path with respect to the vehicle limitations along
with the topology over the path. The last step is to estimate the cost of each
feasible path to select the least expensive path as the locally optimal path to
execute. It is this information flow which is primarily designed in the study,
see Appendix B to view the larger encompassing scope of the logic flow surrounding this.

3.1

Applied software and analysis tools

The study used several different tools and software to facilitate the implementation, testing and visualize of the algorithm and the subsequent results.
The algorithm was constructed and programmed using a Python based framework and used the Robotic Operating System [38], commonly referred to as
ROS, running the Kinetic distribution on a Ubuntu 16.04 system. ROS is a
set of software libraries and tools that simplifies the creation of robot application. It emphasises the use of modular functionality, multi-threading, package
management and message-passing between processes.
The simulations and mapping were executed using the simulation environment
GAZEBO [39], which is closely compatible with ROS software.
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Data processing and analysis was performed using Matlab. This multiple
regression analysis and visualization of the results are included in this.

3.2

Mapping the Environment

The proposed novel way to evaluate traversability was deemed highly dependent on accurate mapping, which ideally also should be memory and speed
efficient. A hybrid approach of mapping, through processing sensor data into
a voxel map and the proceeding to store the information in a 2.5D map, was
adopted for this purpose. Section 2.2 contains detailed information about these
map types. The process is as the following list describes.
1. A point cloud message is published by the sensors
2. The point cloud data is processed into a voxel map
3. The most recent voxel map update adds to a dictionary containing map
heights at defined discrete coordinates
This approach was required because it was found that accessing the voxel
map directly for each node took excessively long with a time complexity of
O(n) where n is the number of elements in the voxel map and would thus
not be feasible for real-time applications. The access time using the current
implementation is constant, i.e. O(1). The map dictionary only contains keys
for known map data and does not require any pre-allocation of memory so it is
only as memory intensive as required and is unbounded. If a request to know
the map height at an unknown location is made, a default response is sent as
the key error exception. The implemented conservative naive approach in this
case is that unknown locations are of the same height as the vehicle’s current
height. Potential mapping gaps must be mitigated, Figure 7 depicts how rough
terrain is mapped by a simulated LIDAR and it shows the information gaps
which may arise, visualized as a voxel grid. This map logging and reading
approach reduced the time complexity of the path analysis tremendously.
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Figure 7: Potential map information gaps

3.3

Candidate Paths

The purpose of a feasibility check and cost function is to evaluate which of
the feasible paths should be selected. Therefore, a set of candidate paths need
to be generated in advance. A number of candidate paths are generated at
regular intervals and the feasible option with the lowest cost is selected. This
is done to optimize the local path, inspired by the dynamic window approach
as seen in [34]. These candidate paths are constant relative to the vehicle reference frame. The reasoning behind this is that the possible ways to steer from
any given pose is predictable and static relative to the vehicle itself for each
configuration. It also eliminates a possible dependency on a specific search
algorithm to generate the paths. These candidate paths are subject to both a
feasibility check and cost function evaluation.
The candidate paths are generated through a mathematical function, any application suitable function may be used. The function forms a curve which the
vehicle can traverse from its current pose. A modified Sigmoid function was
chosen for this purpose. The slope and displacement from the original course
are easily manipulated by changing two parameters in the function, see eq.
(5),
s
(5)
1 + e−ax
where s and a represents the displacement and slope respectively. In order
to keep the slope of the curve relatively similar and feasible for the vehicle
between all different candidate paths, a is set as a function of s, see eq. (6),
f (x) =

a = 0.4(smax − 0.4s)
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(6)

a is also constrained in this aspect to avoid an inversion of the curve at certain a and s input combinations. The output from eq. (5) along with the
input value, x, produces coordinates which can be translated relative to the
vehicle. A series of these coordinates from one set of input values in this
function constitute a candidate path. The paths are discretized according to
the step length taken while generating the paths using the chosen mathematical function. Note that this discretization is in the forward direction of the
vehicle during the generation phase as opposed to absolute distance between
nodes. Naturally this makes the more curved paths less reliable, because the
evaluation is sparser. In light of this, the paths which fan out further are not
extended as far during generation. The fact that the candidate paths are not
equal in length requires the cost evaluation to assess the average cost of each
parameter over the entire path instead of a summation.
The parameter range of the Sigmoid function which generates the candidate
paths is of much importance and is therefore required to be properly defined.
The function needs to be adequately positioned relative to the vehicle to get a
meaningful curvature early on in the path without being too extreme and the
span has to be selected with the environment in mind. The paths should not
extend too far in confined environments as this will render them unfeasible.
Additionally, mapping data is less accurate at further distances which results
in longer paths being less reliable. If the paths extend too little it requires
reevaluation more frequently and the planner may move less than ideal due to
lack of foresight.
However, there are more elements to add to these candidate paths other than
the path itself in order to be able to evaluate the research questions of this
study. The paths must also contain information about the vehicle configuration, e.g. relative wheel coordinates. Relative wheel coordinates to the path
are determined by computing a coordinate which is offset orthogonally to the
path with an equal amount to that of the displacement. This is achieved by
multiplying the wheel displacement vectors with a unit vector directed along
the tangential slope of the sigmoid function, see eq. (7),
w
~ r el = w
~·

c~0
||c~0 ||

(7)

where w
~ r el is the relative wheel coordinates with respect to the node, w
~ is the
wheel coordinates relative to the vehicle reference frame and c~0 is the tangent
of the curve. The assumption that each body section follows the same trajectory was made, this is due to the articulated waist steering of the example
vehicle.
Once all candidate paths have been generated, they are translated to the appropriate reference frame, coordinate system, for evaluation with respect to
the terrain topology. The process of translating between reference frames is
fairly simple. The first step is to translate a point in the first reference frame
to a point in another reference frame with the same orientation as the target
frame, followed by an offset in the target frame relative coordinates. This pro-
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cess is a practical application of a homogeneous transformation, see eq. (1),
described by eq. (8),


cos θ − sin θ
~xt =
~xo + ~oo
(8)
sin θ
cos θ
where θ is the rotation of the origin frame, ~xo and ~oo are the coordinates in
and offset of the origin frame relative to the target frame respectively. The
output, ~xt , are the coordinates in the target frame. In the case of transforming a wheel coordinate from a node in a path to the global map ~xo would be
substituted by w
~ r el while θ would be derived from c~0 in eq. (7) and ~oo is that
node’s global coordinates for example. The vehicle itself is also being translated and rotated during run-time, thus this is a two-step process. Firstly, each
node’s data is transformed into the vehicle reference frame and secondly to the
global map. However, because the paths are static in relation to the vehicle
an optimization opportunity presented itself to only generate and transform
the paths once during initialization.
Figure 8 illustrates an example of how a generated set of candidate paths is
represented.

Figure 8: Example set of generated candidate paths
The red and blue dots represent the right and left wheel positions in each
node respectively, while the black lines illustrate the tangent of the curve at
each node which they are orthogonal to. The yellow curve is deemed the
least expensive path in this example and the green section of that curve is the
section which is to be traversed before the next evaluation takes place. The
blue lines and black dots at the tail of the figure represents the body sections
and current wheel positions of the vehicle. Note that the cost and vehicle pose
were randomized in this example. More information about the cost evaluation
of a path is given in Section 3.5.

25

3.4

Feasibility Check

A feasibility check was developed, which defines the subspace of the map that
is traversable. The naive approach only took the surrounding relative ground
height differences into consideration in contrast with the new approach which
considers additional parameters.
The new parameters that are taken into consideration are as follows:
1. Ground clearance (gc )
2. Incline per wheel (∆z)
3. Angular position (αr oll )
4. Angular speed (ωr oll )
These new parameters greatly expand the ability to define what type of terrain is traversable by the vehicle. For example, some vehicles may allow a
greater roll angle or lesser clearance than others. Resemblances to the dynamic window approach [34] and the presented model-predictive trajectory
generation algorithm [35] are that achievable vehicle poses are determined instead of velocities or accelerations. A visualization of the key parameters in a
cross section of a body segment can be seen in Figures 9 and 10.

Figure 9: Cross section of body segment
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Figure 10: Profile picture - side view
The specific feasibility constraints used in this study were set as a result of reasonable and conservative assumptions, verified in simulation. The feasibility
constraint values should be chosen entirely dependent on the vehicle in question. These specific parameters and values were chosen to fit the simulation
simulated model of the XT28 forwarder being used in this study. Redefining
the limits may alter the available subspace of traversable paths greatly. The
measured roll is in this case defined as the roll of vehicle cockpit and the permissible value for this property can vary greatly between vehicles depending
on aspects such as suspension setup and the center of mass.
The first step in the process of implementing a feasibility check of a given path
is to determine critical parameters for each node in the path. This requires
good knowledge of how the vehicle would be situated in each node on the path.
There are functions which transform coordinates between reference frames for
the purpose of translating a pose to a given coordinate, see eq. (1) and eq. (8).
Recall that the candidate paths are generated relative to the vehicle pose and
not the map. Once all the critical parameters of each node in a path has been
determined, they are used to discard paths which are not feasible according
to the defined feasibility constraints. Naturally, all nodes are required to be
feasible in a path which allows for an optimization where a path is discarded
as soon as there is a single non-feasible node during its evaluation. Any given
node is deemed non-feasible if any of the critical feasibility parameters, defined
earlier, do not meet the specified criteria.
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In order to compare the feasibility with a typical contemporary implementation, an alternate simplified feasibility check was developed. This simplified
version verified that the height difference between any of the adjacent cells to
the cell being evaluated was greater than a given constraint. This is illustrated
in Figure 11 (a) where the node under consideration, the one represented using a circular indentation, is deemed infeasible and consequently the path is
deemed untraversable. Additionally, in Figure 11 (b) a node evaluated using
the extended definition is rejected because of insufficient ground clearance.

Figure 11: Visualization of feasibility definitions - contemporary definition
(left), extended definition (right)

3.5

Cost Function

While the feasibility check defines the traversable subspace in the map, a cost
function evaluates the cost of each path and thus determine the locally optimal alternative. This cost function considers parameters which can be tuned
according to how much each one is valued in each application. Some applications may value productivity more than comfort or the other way around.
The chosen parameters are listed below.
1. Ground clearance (gc )
2. Incline per wheel (∆z)
3. Angular position (αr oll )
4. Angular speed (ωr oll )
5. Orthogonal distance to direct path between current position and goal
(d)
These parameters are, in this case, mostly the same as in the feasibility check.
However, the purpose is different here as they are merely used as a preference
when choosing a path as opposed to a delimiter of available paths. This trajectory evaluation was inspired by the one presented in [35]. The weight of
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these cost parameters may be tuned to give a desired pathing behavior. The
cost analysis is performed simultaneously as the feasibility check of each node
in order to optimize the implementation.
A generalized cost function was presented in Section 2, see eq. (4). The
recently listed parameters chosen for evaluation then form the applicable eq.
(9)
Ct = w1 Cg c + w2 Cαr oll + w3 Cω r oll + w4 Cd + w5 C∆z .

(9)

The implemented cost function evaluates and selects the least expensive path
among the feasible candidates. Refer to Figure 8 for an illustration of how
candidate paths are represented.
The cost of each node in a feasible candidate path is evaluated based on the
known topology with respect to the weight of each cost parameter at its location in the global map. Candidate path lengths may not always be identical
and thus each cost is weighted as an average over the entire path. Thus, the
cost of each node is now represented by merging and slightly modifying eq.
(4) and eq. (9) which results in eq. (10),
Cnode =

n
X
wi Ci
i=1

L

(10)

where L signifies the number of nodes in the path and n the number of cost
parameters.
The cost of deviating from the naive path - i.e. a direct approach from the
current position to the goal - has a relatively low cost factor but is cubed,
before being introduced to the cost function, in order to encourage reasonable
deviations, while heavy deviations must be very impactful to be the optimal
path.
The cost analysis and feasibility evaluation are performed simultaneously for
each node, which reduces the required number of computations as each nonfeasible node result in the entire path being discarded.

3.6

Path Execution

Once the least expensive feasible local candidate path has been selected, it is
to be traversed by the vehicle. A fraction of this path is sent to the actuator
controller, which executes the traversal, due to the inherent uncertainty of
sensory input from large distances. Once the path fraction has been traversed
a new candidate analysis is performed. Refer to Figure 8 where the green
section of the yellow path is an example of what is being sent to be traversed.

3.7

Testing Procedure

The testing of the implementation employs the use of computer simulations in
the previously mentioned environment, see section 3.1.
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A series of test cases were set up in order to be able to answer the two research
questions.
1. Simple cases with key shape obstacles which should be traversable from
some but not all directions. The selected key obstacles are a multiapproach-ramp and a fence.
2. Comparison of how the traversable subspace is affected by replacing a
typical contemporary feasibility definition with the extended definition
in a hand-picked case on representative terrain.
3. A series of varied complex cases in representative terrain to evaluate
the impact from weight parameter selections in general terrain. This is
achieved by an analysis of logged key data in several different paths in
the representative terrain with pre-determined cost parameter selection.
4. Several tests on a hand-picked complex representative case to test to
what extent the planner changes its path according to intuition. The
selected case requires the planner to take a detour in order to increase
comfort while traveling from destination A to destination B.
A laser scanned model of a section of the Ouachita National Forest, located in
Arkansas in the United States, was deemed representative of a generic forest
environment [40] and was used in test cases (2-4). Note however that variations in topology occur depending on locations and may affect the results.
The ranges and limits of each weight was determined by empirical experimentation.
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4

Results and Discussion

The results from the extended approach of terrain classification are presented
in this section. The data is collected in discrete time during run-time and
relies on simulated sensors. This means that sensor readings are subject to
simulation errors. Simulation errors arise because of minor inconsistencies such
as clipping geometry which lead to varying sensor readings. The influence of
these propagate through the simulation.

4.1

Feasibility Check of Candidate Paths

The extended approach of defining traversable paths by considering the terrain
in conjunction with the vehicle configurations allows for traversal of obstacles
in one, but not necessarily all, approaches as seen in Figure 12.

Figure 12: Multi-ramp traversable from some but not all approaches. The
green and yellow curves signifies the planned and global path respectively.
The illustration shows how the simulated vehicle avoids traversing into the
steep side of the ramp which could be interpreted as a wall while it deems
traversal from another, smoother, approach as feasible. The cost function
compels the planner to drive off the ramp in the sharp approach. It was also
confirmed that too generous feasibility conditions, such as permissible slope,
lead to frequent failure in the form of collisions and toppling over. Simulation
errors also resulted in some clipping of geometry which caused instability.
The results also showed that the planner will not drive through a fence-like
obstacle, see Figure 13.
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Figure 13: Feasibility check stops collision with fence. Feasible candidates are
visualized in cyan. The global path passes through the obstacle.
The least diverging feasible path is selected in order to circumvent the fence.
as the global path passes through it. Figure 14 shows how the very same
parameters as set in Figure 13 now allows the planner to cross the fence,
which was not previously allowed in the context of the pose, by straddling
it. The global path is in line with the fence. It is important to note that
the planner may deem a path which initially straddles a fence-like obstacle
but then crosses said obstacle if it lacks data. This implementation requires
reliable mapping to avoid such events.

Figure 14: Planner allows the vehicle to straddle a fence. Feasible candidates
are visualized in cyan. The global path is in line with the obstacle.
Two separate cases of obstacles being traversable in at least one, but not all,
directions have now been presented. These results so far prove that the new
definition of traversability may extend the subspace of feasible paths in a given
planner. They also emphasized the dependency on proper mapping if this approach is desired as a lack of data may lead to collisions and other undesired
behavior.
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It was also of interest to know to what extent the subspace of traversable paths
is affected in typical terrain topology. Three tests with both the contemporary
and extended definitions of feasibility were conducted on the same global path,
the paths can be seen in Figure 15.

Figure 15: Extended and contemporary path comparison. The only acting
cost parameter is distance cost. The yellow and green line represent the global
and planned path respectively.
The image show that the extended definition finds a shorter path to the goal.
The feasibility condition for the contemporary approach had crucial impact
on the chance of success during path execution. This condition value refers
to the height difference tolerance between the cell which is checked and those
adjacent to it. If the condition was too slack the simulated vehicle was prone
to toppling over during path progression while a too strict condition lead to
dead ends where the planner was unable to find any feasible candidates. The
extended definition was also susceptible to a contracted traversable subspace
when too strict feasibility constraints were selected. The condition value for
the contemporary definition set in Figure 15 was tuned to allow the vehicle to
reach the goal without toppling over while also being able to find a way to the
target destination. The traversable subspace was recorded during these tests
and is presented in Table 1.
Table 1: Feasibility performance comparison of the paths seen in Figure 15
Extended
.

Feasible fraction
1452/1734

Contemporary
%
83.74

Feasible fraction
886/1802

%
49.17

As can be seen in the table, the fraction of feasible candidate paths is much
greater with the extended definition of traversability compared to a typical contemporary approach. The implemented contemporary approach is described
in Section 3.4. It is important to note that while these results show a large
potential difference in this case, these specific values seen in Table 1 are not
statistically significant. The numbers simply show that an extended definition
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of traversability may extend the traversable subspace in representative terrain
to a significant degree. However, there is reason to assume that the behavior
is valid to generalize.
Another observation is that rough terrain may lead to gaps where terrain
information is lacking if the mapping is done during run-time, see Figure 7.
The current implementation makes use of a naive approach where it is assumed
that unknown areas have the same height as the current height of the vehicle.
The method of managing this issue will affect the traversable subspace.

4.2

Cost Function Impact on Path Planning

The impact of cost function parameters was simulated, both individually and
in combination, in order to see if there existed a relationship between any of
them and the subsequent output data.
Multiple sets of cases were conducted where the initial starting point and target
position were varied. This enabled rudimentary analysis of the relevance and
notability of environmental biases. Each individual case set contained multiple tests with varying cost function parameter values. A low constant value
was applied to the parameter 5, Orthogonal distance to direct path between
current position and goal (see Section 3.5), to promote movement towards the
target position. Using the collected simulated results, regression analysis was
implemented to uncover any relationship. After conducting the test case-sets,
illustrated in Figure 16.
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Figure 16: Graph showing terrain dependency through: (a) Angular rotational
acceleration, (b) Angular rotational jerk and (c) Path length as a function of
rotational cost function parameter
[Note that each data point represents a single test case and is calculated to
be the highest 1% values of the test case so as to filter out inaccurate fluctuation
of sensor readings. The accelerations and jerks are independent of direction]
An almost negligible reduction in peak discomfort and increase in path length
values can be observed as cost weights increase. The considerable spread of
the values in addition to the weak relationship indicate the output has a significant terrain dependency. This is expected as rougher terrain will influence
the costs of individual candidates to a larger degree. A relatively significant
amount of cases, where the terrain was noticeably rougher with prominent in-
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clination, an increase in operator comfort and path length was observed. These
circumstances were observed in greater detail by executing a few hand-picked
complex representative cases such as the one seen in Figure 17.

Figure 17: Responses resulting from various rotational cost function parameters: (a) Angular rotational acceleration, (b) Angular rotational jerk and (c)
Path length
These tests highlight the effect the cost analysis has on the path when it
matters. The mean comfort in terms of accelerations and jerks is relatively
constant while the maximum measured values are considerably reduced. This
signifies that the planner refrains from undesired paths when possible. However, this dampening effect has a trade-off in the form of increased path length.
The trade-off is a result of the planner being expected to reroute the vehicle
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once it encounters unfavorable terrain.
Figure 18 show the correlation, generated by the multiple regression analysis,
between path length as a function of both rotational cost factor and slope
factor.

Figure 18: Relationship between the path length and cost function parameters
generated by multiple regression analysis (MRA).
The surface generated by the MRA also indicates that there is a trade-off
between the shortest and smoothest path. A high weight on rotational cost
parameters increases the path length dramatically while an increased slope
weight slightly increases the path length. The one-dimensional trade-off between the path length and parameter weight appears to have a linearly proportional relationship. It can be observed that if a smoother path is desired
while the increased path length is to be kept at a minimum it is best to increase the weight of several smoothness cost parameters in conjunction rather
than one. This conclusion can be drawn from inductive reasoning about the
valley-shaped surface and its orientation. A probable explanation is that considering many smoothness aspects nets a more balanced approach compared
to exclusively considering one. Exclusive consideration is likely to lead to long
detours to avoid that aspect at all costs. It also appears that there is an inflexion point where the path length starts to decline while still increasing the
smoothness weights. This phenomenon could be explained as the negation of
the cost contributions of each cost parameter.
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Figure 19 illustrates how different weighing of rotational costs altered a typical
path.

Figure 19: Planner behaviour as a function of weight on rotational costs. The
number in the bottom right of each square signifies the weight given for that
path’s rotational costs. The green and yellow lines represent the planned and
global path, respectively.
The illustration show that too large individual parameter weights resulted in
the completion of the path being highly improbable. This is likely due to the
comfort costs overruling the distance costs. The gradually increasing path
length as a function of increased weight conforms to the results in Figure 17
(c). Figure 20 show pitch and roll angles during progression of the paths in
Figure 19.
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Figure 20: Angle values obtained from test cases in Figure 19. The legend
signifies the weight of the cost parameter. A narrow window moving average
filter has been applied to make the graph more presentable.
The two graphs displaying both the pitch and roll angle over the relative path
progression appear less volatile and concentrated around the mean the higher
the weight on the cost parameter. This conforms to the trends in Figure 17
(a) and (b). The aforementioned notion is confirmed further by deriving the
standard deviation of these values as seen in Table 2.
Table 2: Standard deviation of the roll and pitch angle measurements in Figure
20
Weight
.

1
5
7.5

Standard deviation
Roll
0.0967
0.0948
0.0893

%
100
98.03
92.34

Pitch
0.0645
0.0572
0.0547

%
100
88.68
84.81

A notable observation about these measurements is that increased rotational
costs reduces the pitch volatility more than the roll volatility. A possible explanation for this result is that the simulated vehicle is rather narrow which
inherently reduces pitch volatility compared to roll volatility. Another aspect
is that since the planner evaluates single cells in the map it may plan to avoid
slopes but with too little margin which causes the wheels to mount the slope
slightly.
Additionally, ground clearance was also examined as a cost parameter which
is primarily relevant for feasibility control. The intended purpose of the cost
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function is to discourage the planner from traversing certain features which
affect the smoothness or path length. Clearance does not in itself affect the
smoothness as long as there is no physical contact between the vehicle and
the object. However, the smoothness may be affected by the alternative route
selected when trying to maximize the clearance but not the clearance itself.
The parameter did not affect the output in terms of path length to a noticeable
extent, see Figure 21. Terrain that contain an increased number of obstacles,
such as tree stumps or protruding stones, may see a larger impact on the path
length as the vehicle will need to reroute around them.

Figure 21: Path length as a function of ground clearance parameter

4.3

Validity of Results

It was of interest to examine how accurately the planned paths are traced by
the vehicle as this affects the validity of the results. This is important to consider as it describes to what degree the measurements represent what they are
intended to represent. Validating the planner tracing accuracy is one of several ways to validate the results. However, planner tracing accuracy is a vital
aspect to validate as this implementation becomes ineffectual if the executed
path is not the planned path. Other validation aspects include terrain and
simulation model validation. The route of a representative test case scenario
can be seen in Figure 22.
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Figure 22: Route of a representative test case
Minor deviation from the planned path naturally occurred, resulting in the
present errors displayed in Figure 23 (a), the periodic spikes are due to a
new path being planned from the current position. The errors are relatively
constant and in line with the defined permissible error margin in the inherited
path pursuit controller. Supplementary graphs containing the corresponding
roll angle, pitch angle and height are illustrated in Figures 23 (b), (c), (d).
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Figure 23: Supplementary graphs containing: (a) Path pursuit error, (b) vehicle height, (c) pitch angle and (d) roll angle of a representative test case
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The average and maximum path deviations are presented in Figure 24.

Figure 24: Average and maximum path pursuit error
The constant path pursuit error, as seen in Figure 23, indicate that the path
planning is subjected to a constant deviation. Simulation errors, such as instability due to clipping, are likely the cause for the outliers in the pursuit
errors. Figure 24 conforms to this notion that the mean deviation is constant.
It also indicates that the path pursuit error is independent of cost parameter
consideration. Additionally, a significant increase of the relatively low velocity
may lead to a greater error during traversal of sharp curvatures.
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5

Conclusion

The purpose of this study was to answer two research questions and the compiled results has concluded the following.
The first research question, presented in Section 1.3, was formulated as:
”Does extending the definition of traversability, to include the
pose of the articulated vehicle, increase the vehicle’s traversable
subspace in the map? Traversable subspace refers to the possible
movements through the environment which are available according
to the planner.”
It can be concluded that the extended traversability definition, employing the
trajectory-based planner, does open up traversal approaches which are unavailable with a typical contemporary definition, this is supported by Figures
12, 13, and 14 and their associated explanations. The potential degree the
traversable subspace is affected by the extended definition is immense, supported by Table 1.
The second research question, presented in Section 1.3, was formulated as:
”Given a fixed set of parameters that represent the traversability
of candidate paths in a cost function, how does parameter weight
selection impact performance in terms of smoothness and path
length for an articulated vehicle?”
It can be concluded that weight selection affect smoothness to a degree but is
also terrain dependent. The average smoothness, in terms of accelerations and
jerks, is relatively unaffected while the extreme values of these parameters are
diminished. This is supported by Figure 17 (a) and (b). Table 2 and Figure 20
highlights the reduced volatility as a function of increased weights. A trade-off
between path length and smoothness was identified in Figure 17 while Figure
18 points out that this trade-off may be minimized by using a balanced cost
function. The notion that the output has a significant terrain dependency is
indicated by Figure 16 where numerous paths, arbitrarily selected, were evaluated with each weight setting. Too large smoothness weights may prohibit
completion of desired global paths, as seen in Figure 19.
The concept of evaluating traversability of the terrain with respect to the
topology and the vehicle’s configuration shows promise but evidently requires
detailed mapping and representative models of how the vehicle would behave
along the planned paths. It has been demonstrated that the proposed path
feasibility extension concept may both expand and contract the subspace of
feasible paths. However, it is also clear that if there are flaws in the models
used for the path evaluation and pursuit or a deficit of map data, the result
may be unreliable. A practical implementation would require dedicated and
stringent efforts when modelling in order to guarantee safety.
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6

Future Work

This study evaluated the impact of traversability measures on rough terrain
path planning. There is room for further studies on this subject and some
suggested future work are hereafter presented.
The implemented vehicle representation in this study was point based (single
map cell). The explanation for this was a desire to reduce computational load.
Obstacle avoidance was slightly unreliable as result of this simplification. An
improvement would be to expand the number of points which define the vehicle, or even surfaces. These surface areas could be used to, for example,
express wheel contact surfaces or proximity cost zones. The absence of a obstacle proximity cost caused the planner to be willing to let the vehicle scrape
against some obstacles while circumventing them. We consider this the largest
flaw with the current implementation.
A multi-stage feasibility evaluation could extend the traversable subspace even
further. This refers to progressively evaluating sections of each candidate path
instead of always requiring the entire candidate path to be feasible in order to
execute a part of it.
The inherited path pursuit controller was not ideal for this application. It
performed according to its defined constraints. However, the ability to follow
the selected candidate path more accurately is desired. Not being able to accurately follow the planned path diminishes the benefits of this type of planner.
Thus, an improved path pursuit controller is desired.
The simulations took longer than expected with an average real-time factor of
0.1. The simulated terrain model was the cause of this, and it was independent
from the planning stage. It would be well worth it to explore other simulation
environments if one desires to attain a larger data set for evaluation. Each
data point presented in this study took roughly 35-40 minutes to produce.
Lastly, this study simulated the outcome of the suggested algorithm. Future
work should include evaluation and validation of terrain and vehicle models
through real experiments with actual forestry vehicles to solidify the findings
further.
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