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Abstract

The role of autonomous vehicles (AVs) in assisting people is recognised and, therefore, is

in constant development in numerous fields. Specifically, AV’s ability to alleviate global

stressors, including an increased potential for food shortages and the decline in workers for

potentially laborious work. An area where AVs developments are particularly prevalent is

in agriculture. However, the few AVs being used in agriculture are often custom built for

specific purposes and require large development time as a result. This thesis aims to build

and evaluate a versatile architecture that can be transferred to any agricultural vehicle,

thus decreasing the development time.

This thesis presents a novel architecture known as a semi-autonomous architecture

(SAA). The research involved investigating and incorporating specific sensors, and also

developing a common software module to perform the localisation, navigation and map-

ping particularly suited for corridor crop agricultural environment. This architecture was

integrated and implemented on a Yamaha golf cart, infusing it with purposely positioned

sensors and supportive electronics to allow a Robotic Operating System (ROS) framework

to gather information and control the vehicle. As the architecture is modular in nature, it

can be transferred to different customised platforms.

To determine the efficacy of the SAA, the platform went through a field trial and

simulations to test the fundamentals of an agricultural AV. This meant investigating the

SAA’s ability to map, plan paths, avoid obstacles and maintain a specific distance from a

row. The evaluation demonstrated that both ’RTAB-Map’ and ’Gmapping’ could produce

accurate maps of a vineyard. Additionally, grid-based planners, such as Dijkstra and A*,

performed better than a sample-based planner bias-IRRT*. Regarding obstacle avoidance,
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the SAA required a greater range of sensors to detect small and oddly shaped objects

that could be found in a vineyard. The SAA maintained within 5mm of the specified

distance when aiming to follow the row. The results from these experiments demonstrated

the SAA’s ability to successfully transform a Yamaha golf cart into a semi-autonomous

agricultural vehicle.
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Chapter 1

Introduction

Improvements in technology are to further benefit the lives of people and the world around

us, with inventions such as the wheel, bike, combustion engine and one day the fully

autonomous vehicle (AV). The idea that one day humans won’t have to drive on the

road benefits both ourselves and each other, with most accidents occurring due to human

error. Many companies [1][2][3] have taken on this task, and are etching closure to full

autonomy. In a relatively short time, autonomous vehicles (AVs) have come a long way

and are assisting people in their day to day needs, be it while shopping or when travelling

[3]. An area where AVs are assisting in, but are not as well known by the public is in the

agriculture sector. There have been developments in autonomous agriculture since the

1950s [4], with more in-depth demonstrations of autonomous driving from the 1980s [5]

to this very day [6]. This development in AVs for the agriculture sector is paramount to

minimize laborious tasks and maximise produce, with fresh fruit production constantly

increasing with 887.03 million metric tons globally in 2020 [7]. By being able to integrate

technology into this field, greater stability can be brought to its production, relieving

some stressors from the growers. When reviewing the current literature there are vehicles

already that are capable of navigating to a reasonable level of autonomy within agriculture.

1.1 Agriculture Automation

The agriculture sector encompasses many tasks that can be improved by using an AV,

such as assisting harvesters by carrying equipment, performing the harvesting itself, and
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data collection for decisions on what to do or enhance for future harvest. As a whole, the

agriculture environment is physically demanding on workers and financially stressful for

the growers due to seasonal changes and labour shortages; these are some of the reasons

that led to the research into assisting and automating work areas. This innovation is

done for the same reason as other technological improvements in different fields; to make

life for the growers and workers safer, efficient and consistent, with the end goal being

an intelligent system where everyone can benefit and the AV being a vital role in this future.

There are a few ways to integrate automation into agriculture, one that changes the

growing methods through placing crops into factory-style buildings [8], and another that

is to design robotics around the current crop layout. The latter is a route that is taken in

this thesis and is possibly the most sought after automation at this stage, due to its use of

current infrastructure. This infrastructure can be seen within New Zealand alone, where

there is 64580 hectares of wine grapes and 12710 hectares of apple orchards orchards as of

June 30th 2020 [9], with the global amount of grapes and apples produced in 2020 being

78.03 and 86.44 million metric tons [10]. These numbers can be taken as a significant

amount of investment that farmers have placed into their infrastructure and therefore

will want to make the most of it. This is further verified by the large development and

investment in to autonomous technology, specifically seen in tractors with John Deere

producing their first fully autonomous tractor this year [6] and other companies following

suite [11].

Farms often usually covering hectares of land, there will always be a need for vehicles

to move tools, pick crops and transport staff. This need for vehicles is where AVs can

assist in; starting in more closed areas such as pruning and harvest, with progressions to

all other areas. Using AVs could significantly lower injuries and fatalities in the agriculture

sector, with 90% of fatalities resulting from machinery and vehicle use in New Zealand [12].

The research into autonomous vehicles for different agriculture areas such as vineyards

can potentially save lives and reduce injuries for the people working in these fields.

The current autonomous agricultural vehicles are being developed to be task specific

and therefore lack the versatility to be applied around different farms and crops. Where

common sensors such as LiDAR, camera, RADAR, ultrasonic, GPS, IMU, encoders and
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functions such as localisation, navigation and mapping are built-in to fit to each vehicle.

These sensors and functions can be built as a common and modular architecture and can

be transferable across different vehicles that operate in the corridor crop agricultural or

horticultural environment.

1.2 Objective

The objective of this thesis is to presents a transferable architecture that transforms a

vehicle into a semi-autonomous platform, which is capable of traversing corridor crop

environments.

1.3 Methodology

The main concept for this work was to integrate and implement a transferable semi-

autonomous architecture (SAA) on a vehicle. This was done to fill a gap in existing research

around transferable autonomy for agriculture vehicles. As such, this meant that both real

world application and simulation were used appropriately to collect data representative

of the SAA’s performance. The University of Waikato provided the area for initial

development, with greater understanding coming from a field trail at a vineyard in Hastings,

New Zealand. The simulation results were achieved through the physics engine ’Gazebo’

[13], that made it possible for experimentation on vineyard-like worlds, and rapid changing

of worlds to investigate different aspects of the SAAs autonomy. The experimentation was

targeted at challenging the different fundamentals of autonomous driving for agriculture,

such as, mapping, path planning, obstacle avoidance, and a potential need for maintaining

accurate distance from a row. To investigate these characteristics of autonomy all

experiments involved adjusted a single parameter of the test, which was then accompanied

by a test in a more realistic vineyard environment. These experiments were then run

multiple times to make sure results were consistent and that useful information could be

extracted from the data. The use of Robotic Operating System (ROS) [14], and its ’bag’

system allowed for the visualisation and recording of sensor data during the experiments.

This made it possible to replay data from historical testing on multiple configurations of
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software allowing for greater comparisons. The use of standard deviation, mean values,

and general statistics allowed for the data to be analysed to determine accuracy and

speed of the autonomous characteristics. This quantitative analysis was also assisted

through qualitative analysis to provide another approach and re-iterate the message from

the quantitative results. This approach was taken to verify the SAA ability to raise a

vehicle autonomy level from 0 to at least a 3[15] making it semi-autonomous. Without

this investigation of the different components this understanding would not be achieved.

1.4 Contribution

• A semi-autonomous architecture that is capable of integrating into a vehicle, and

providing the ability to navigate and map corridor crop environments.

• A ROS architecture that is able to control an ackermann based vehicle.

• A Gazebo simulation for testing autonomy in a vineyard environment.

• A comparison between grid and sample based path planning algorithms for a corridor

crop environment.

• A behaviour tree structures to manage the ROS nodes, allowing for changes in the

state while navigating.

1.5 Overview

This thesis has in total five chapters that cover the different aspects of the research that

was done for the SAA. The literature review that assisted in determining the need for

this thesis is outlined in chapter 2. Following this, the manners in which the specific

architecture was developed and integrated are outlined in chapter 3. This architecture

is then tested and reviewed in chapter 4, with the concluding remarks and future work

found in chapter 5.
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Chapter 2

Literature Review

This chapter investigates existing literature around autonomous vehicles. These find-

ings identify gaps in current literature that determine the need for a transferable semi-

autonomous architecture (SAA) for agricultural vehicles. Autonomous solutions for road,

agriculture, and factory tasks were reviewed to get a comprehensive understanding of

suitable sensors. This is further expanded to investigate the mapping and navigation

methods that allow for the vehicle’s autonomous nature.

2.1 Road Vehicles Current Level of Autonomy and

Suitability for Agriculture

Many companies are looking into commercial AVs for everyday drivers, such as Tesla

[16][17] , Toyota [2], Waymo [3][18], Audi and many more [19]. A way to classify the

autonomy of AVs is by using the SAE levels of automation, as seen in Figure 2.1 from [20].

As of 2019, there were no commercial vehicles above level 3 [21]. When comparing level 5

to level 3, there is not a significant difference in levels; however, the technological gap

is significant, showing that there is still a lot of development left in the AV field. Even

though companies have no high-level autonomy vehicles, they still provide good overviews

of the current and potential vehicle systems.
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Figure 2.1: SAE levels of automation.

Toyota produced a white paper [2], where it covers their outlook on AVs, the key

aspects of AVs, deployment of personally-owned vehicles, and the current technology

on their vehicles. This company looks to improve on the current safety system that

incorporates RADAR to detect obstacles, and reach an autonomy level of 2 in 2021. This

work looks to be in tandem with the development of an autonomous mobility service or

”MaaS”, which is meant to be of level 4 autonomy when finished and act as a ride share

service. A platform designed for this purpose called ”e-Palette” was used during the 2020

Tokyo Olympics, but was stopped due to an incident occurring while travelling [22]. This

incident is not the only one, as within the years 2015-2020, there was 316 collision reports

and 303 in 2021 from the California state alone [23]. These incident reiterates the further

development still required in the autonomous vehicle space. The white paper mentions

the types of sensors they believe are required for an AV. These sensors are cameras, sonar,

LiDAR, RADAR, GNSS, IMUs, wheel speed and angle monitors. This wide range of

sensors is seen in other research through this review. Therefore this provides an important

starting point for sensor decisions if one of the biggest companies in the world also sees

the potential in having all of those sensors.

A few studies have taken on the task to investigate these sensors for both highway and
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rural environments [24]. This paper is based on the highway, and rural environments within

the Netherlands and further considerations are required when reviewing this research.

2.2 Sensor Requirements for Road Vehicles

2.2.1 Theoretical Analysis of Sensor Requirements for Road Ve-

hicle

The paper [24] firstly investigates the minimum requirement of road vehicles and further

assists in determining the agriculture environment requirements. These categories can

be defined in the vehicle’s operational design domain (ODD) [25], with the end goal

of having it work day or night, sunshine or rain, and maintain its path while avoiding

obstacles. The ODD results [24] starting with the highway environment demonstrate that

for transport vehicles in high-speed road usage, there is a significant focus for obstacle

detection directly in front of the vehicle. The analysis showed that obstacle information

only needed to be known up to 4.55 m lateral, 67 m backward, and 134 m forward for

the highway scenario. This analysis was based on local road speeds, lane sizes, and road

curvature but still provided helpful information for most highways and demonstrated how

they were calculated, allowing it to transfer to other scenarios such as a vineyard. The

emphasis on front-facing detection in the highway environment is understandable as the

most significant risk or danger comes from a potential obstacle stopped in front, such

as sudden traffic or a crash. This risk is further back from data found from the Waymo

safety report [3], which showed that 29% of crashes are a rear-ended scenario. In contrast,

the sides and back detection mainly determines if a lane change is possible. The highway

environment demonstrates the required sensor parameters for high speed and confined

movements, which does not apply to a vineyard environment. An AV speed while pruning

or harvesting is likely slower than an average person’s walking speed. This environment

provides insight into sensor requirements due to the vineyard rows acting as ”road lanes”,

but a similar analysis is seen in the rural setting.

The rural environment provides many more challenges as there are more significant
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amounts of traffic in both vehicles and pedestrians while also encountering much more

complicated driving scenarios in the form of different intersections. This difficulty is easily

seen through the percentages of crashes at intersections being 24%, being the second

highest being rear-ends [3]. The rural environment looks to have more in common with

a vineyard environment, with many scenarios being the same or similar. The research

looked into a total of eight settings for the rural environment and presented surprising

results, with relatively long-distance detection required in every direction. These distances

for the sensors to cover was just over 150 m forward and to the sides, and backwards only

requiring just over 60 m [24]. This extensive coverage is due to the rural environment

expecting speeds up to 80 km/h and requiring the vehicle to perform overtaking maneuvers

which can, in turn, make the speeds being dealt with doubled due to oncoming traffic.

The literature looked into currently available sensors on the market to cover the defined

regions of interest from the prior two analyses. It determined that sensors such as LiDAR

or RADAR be used for long-range detection, with RADAR potentially requiring sensor

fusion to overcome poor angular resolution. At the same time, the LiDAR has good

resolution but can struggle in poor weather conditions. The camera sensors would be

mainly used for object and lane detection or potentially be fused with RADAR to provide

a better field of view. The ultrasonic sensors will be used for short-range maneuvers such

as parking and will also assist the other sensors at short range due to them not detecting

obstacles at very close range. The literature did note that there are no sensors that could

accommodate the requirements for overtaking a vehicle with potential oncoming traffic in

the oncoming lane due to the net speed at which the traffic would be approaching. This

claim is somewhat challenged through the safety report by Waymo [3], who present their

LiDAR, who can see ”almost three football fields away” or approximately 270 m. Given

that the LiDAR is not publicly available means the papers [24] claim can still stand.

As noted prior, one of the main reasons for the extensive range required by the sensors

in the research is the speed of the environments. The speed meant that there was less time

to determine if an emergency brake, lane change or lane sharing was required. Since the

vineyard vehicle is likely to operate at much slower speeds, it may allow for not as many
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long-range sensors such as LiDAR and RADAR, which can decrease the computation and

cost for the AV.

The sensors and reasoning for sensor placement can be transferred to an AV that will

operate in a vineyard. Still, due to the vineyard being a more closed environment than

the open road, the same amount and sensor choices may not be required. This deems that

further research for an appropriate ODD of a vineyard AV is defined and testing around

this design to narrow down a sensible sensor selection. Current road AVs do provide a

greater understanding and a good starting point for both sensors and the task that the

vehicle needs to handle to be fully autonomous.

2.2.2 Practical View of Sensor Selection and Placement for Road

Vehicle

The BRAiVE vehicle (BRAin driVE) [26] has an extensive range of sensors consisting of

ten cameras, five LiDARs, one GPU+IMU unit and an E-stop system. These sensors are

placed in specific areas to provide 360° of coverage for the vehicle. The camera system

involves four cameras behind the windshield acting as two stereoscopic pairs with different

baselines, providing both obstacle detection and depth information for the vehicle. The

obstacle detection from the front-facing cameras combines three LiDARs on the front

bumper, with two planners (2D) LiDARs facing diagonally out with one multi-plane

(3D) LiDAR facing forward. The purpose of these LiDARs was to provide obstacle

detection and assist in localization. The multi-plane LiDAR is an IBEO Lux that allows

measurements through atmospheric clutter like rain and dust. This ability to still detect

objects in adverse conditions would be needed while operating in a vineyard, with dirt

in the air and the potential for bad weather to be a high possibility. The other sensors

are placed around the vehicle to assist object detection and localization. The BRAiVE

vehicle has built-in redundancy of sensors, but there seems to be potentially a lack of

diversity in the sensor selection. This observation comes from noticing that the only

sensor that can work well in adverse conditions is the multi-plane LiDAR which only faces

forward. Having the one sensor that can detect objects in poor environmental conditions
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facing forward is understandable. This is the main direction of travel and the area at

which obstacles will be coming at the vehicle the fastest. With that being said, some

scenarios could require more robust sensors, for example, lane changing in heavy fog or rain.

A commercial vehicle that presents their sensors and sensor placements is Waymo [3].

The developed their vehicle to have 360◦ of vision, and has the same sensor choices as

determined by Toyota in their white paper [2]. These sensors include a range of LiDARs

and Camera systems around the vehicle, a 360◦ RADAR on top of the vehicle, an IMU

and GPS for localisation and also supplemental sensors such as audio detection to hear

emergency vehicles.

The sensor decisions and placements can potentially work well in a vineyard environ-

ment. Still, there may be a need for a more extensive range in sensors and similar to the

analysis in the prior paragraph [24], there may not be a need for the number of sensors

for a vineyard AV.

2.3 Defense Advanced Research Projects Agency: Au-

tonomous Vehicles

The Defense Advanced Research Projects Agency (DARPA) hosted two AV competitions

to drive the innovation within the field. These two competitions were the Grand and

Urban challenges, and targeted different scenarios for an AV.

2.3.1 Grand Challenge

A review of two different vehicle systems demonstrates the steep development of AVs

because of the Defense Advanced Research Projects Agency (DARPA) Grand Challenge.

The vehicle needed to be prepared to travel up to 175 miles (282 km) in under 10 hours

through the Mojave desert. The following paragraphs demonstrate similar ideas and

differences in preparedness for the competition.
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A vehicle that competed in 2004 and the 2005 Grand Challenge was ’RASCAL’ [27][28],

which had implemented a multi LiDAR configuration with two horizontal and vertical

SICK planar LiDARs. Combined with the LiDARs, the vehicle was meant to have an

array of ultrasonic sensors, pinhole cameras, and RADAR for obstacle detection while

incorporating DGPS (Differential Global Positioning System) and IMU (Inertial Measure-

ment Unit) for localisation. The localisation system used an Extended Kalman Filter

(EKF) to utilise each localisation sensor fully. This meant dead-reckoning was done using

the IMU between GPS readings or while the GPS signal was lost. The GPS provided

data at 5 Hz and had an accuracy of 10 cm while the differential signal was received and

had anywhere from 1-3 m when it wasn’t. This variance in positioning is much more

significant than what the Stanley team deemed suitable to complete the 2005 course,

mentioning even at a displacement of 0.66 m [29] in some regions of the course was enough

for in-completion. Given that 2004 and 2005 were both at the same venue, [28] it can

be said that this variance, even if RASCAL had no issues, was unlikely to complete the

course. During the build of RASCAL, the RADAR had not been delivered and therefore

was left out, meaning no results were shown for this competition. The RADAR was later

tested before the 2005 competition, showing promising results in detecting metal objects

(e.g. fences). However, it was still not fully integrated [28] and therefore could not provide

any results on the RADAR. The LiDAR system provided essential obstacle detection up to

80 m but showed technical issues with the vertical LiDARs not being used in qualification.

This system was later attempted to be approved upon, with shielding from external light

(which was not used due to the metal shields causing measurement errors) and positional

changes for the sensors, placing one of the LiDARs on top of the vehicle to help detect

road boundaries. It wasn’t apparent in the paper [28] if this would be used in the 2005

competition. RASCAL in 2004 was presented as a rushed, not thoroughly tested AV,

and this was apparent with the problems it faced leading to and within the competition,

only completing 0.75 miles (1.2 km) of the race. The following year of development on

RASCAL looked to provide a more robust system through testing practically and in

simulation (using Gazebo), but with minor changes to the sensory system through the

use of a stereo camera set up instead of the single pinhole camera. These changes overall

were not enough to help RASCAL complete the course [28].
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The Stanford vehicle named ’Stanley’ had not competed in the 2004 competition but

had won the 2005 competition, unlike RASCAL. The following takes an in-depth review

of the vehicle and the design decisions that helped it win the competition. Stanley’s

base model was a diesel-powered Volkswagen Touareg R5, which was then retrofitted

with electronics to allow for autonomous control. The obstacle detection and mapping

sensors comprised five SICK planar LiDARs (all at slightly different tilt angles), an RGB

camera (tilted slightly down), and two 24 GHz RADARs [29]. The localisation sensors

involved a 6 Degree of freedom (DOF) IMU, GPS, and dual GPS. The software used

to manage the localisation were two Unscented Kalman Filter (UKF) models to create

predictions based on the measurements in two different scenarios, one where GPS is

available and the other while GPS is unavailable. This localisation method meant the ve-

hicle could be without GPS for up to 2 minutes and still maintain centimetre accuracy [29].

Within the paper [29], it can be noted that the vehicle relied significantly on the point

cloud data from the array of LiDARs. This comes from the LiDARs providing 25 m’s of

detection while also verifying data for the camera to determine a drive-able area. If the

camera failed, it would take over that role and slow the vehicle down to compensate for

the reduction in detection range. This reliance on one type of sensor can present issues

with resilience to harsher weather conditions, but due to the competition being one of

the first large scale stepping stones to further AVs, it can be deemed suitable for the

competition.

These sensors were placed facing forward of the vehicle on a custom made roof rack for

the vehicle. The purpose of the sensors’ pose was due to the race only involving forward

[29] direction of travel in a reasonably static environment. This was taken as far as having

other vehicles put on ”pause” (stopped) if one vehicle was about to overtake another; this

meant the vehicles only had to plan for stationary obstacles.

When comparing the sensor systems of the two vehicles, they both have similar con-

cepts, using separate sensors to handle the different tasks. This is seen through sensors
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covering various ranges of obstacle detection while utilising a GPS as a primary source

of positional data aided by an IMU through a specific type of non-linear Kalman filter.

The main difference that benefited Stanley over RASCAL included the accuracy of the

localisation system, ability to detect drive-able areas, ability to track the road’s centerline

(compared to following way-points blindly), and the ability to adapt to the loss of sensor

data. Each aspect is critical in autonomous driving and will require an AV to operate in

a vineyard environment.

The fact that the Grand Challenge was done in a static environment, as stated in this

paper [29], then mentions that this is the most crucial problem raised from this challenge.

Saying that ”Stanley is unable to navigate in traffic” and that for an AV to succeed, the

ability to travel in dynamic environments has to be addressed.

Overall, the vehicles that competed in the Grand Challenge present both sensor and

software solutions for taking on such terrain, but they differ significantly compared to a

vineyard environment. With this, the localisation sensors and software to manage them

applies to the agriculture environment and is worth looking further into. The obstacle

detection sensors are useful with the vineyard environment still requiring mainly forward

driving and accurate obstacle avoidance. Therefore the use of sensors such as LiDAR

(that can provide 3D point cloud) and a vision system would be able to provide adequate

information about the rows and also be able to classify obstacles. Due to possible tasks of

an AV within a vineyard being more than just continuous driving, it may be required to

employ robust close-range sensors such as RASCAL, which used an ultrasonic sensor array.

This would increase the chance of stopping when more dynamic obstacles are around and

assist during any reversing of the vehicle.

2.3.2 Urban Challenge

The DARPA Urban Challenge took on the problem of traversing dynamic environments,

which had the 11 vehicles travel through three different missions, with each having six

submissions. Multiple contestants would operate on the same course simultaneously and
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up to 50 other human drivers, attempting to make the urban environment more realistic

while still not incorporating any living obstacles such as pedestrians and animals. By

having a more dynamic environment than the Grand Challenges in 2004 and 2005, it

was found that the vehicles that competed in the Urban Challenge had a range of sensor

systems, varying types of sensors and placements of these sensors [30][31]. Good examples

of sensor selection and layout were the 1st and 2nd place contestants, ’BOSS’ (by Carnegie

Mellon University) [30] and ’Junior’ (by Stanford) [32].

BOSS used many sensors, including cameras, RADARs, a Differential GPS, IMU,

wheel encoders, and different types of LiDARs [30]. The BOSS sensory system was

designed to provide the necessary coverage and redundancy for urban travel. This is

seen in the vehicle’s positioning and range of sensors, having at least two sensors in the

primary directions of travel (forward and backwards), with the majority facing in the

forward direction. It can be noted that the two sensors facing rearward are a LiDAR

and RADAR, providing redundancy even for adverse weather conditions. The majority

of sensors are facing forward due to the need to detect obstacles and road shape while

driving, with assisting LiDARs on the sides of the vehicle for road feature detection.

This placement and combination of sensors provided the understanding for the internal

systems to detect and track obstacles (dynamic and static) whiles also localising the

vehicle relative to and estimating the road shape. This greater understanding of the

position and possible obstacles allows the behaviour manager of BOSS to determine the

next best course of action. The behaviour manager can be separated into three sections

’Goal Selection’, ’Lane Driving’, and ’Intersection Handling’. Each has lower-level systems

to handle scenarios in which the Urban Challenge placed the vehicle. Overall, this design

and preparation of the vehicle led to the BOSS winning the competition, with relatively

minor incidents during the competition. These events included minor sensor issues in

LiDAR calibration and perception system incorrectly estimating an on-coming vehicle,

causing a quick position adjustment. The paper stresses the importance of the road-map

localisation system and that without this system, BOSS would have been off the road

or in opposing traffic, with the peak error distance being 2.5 m’s from the normal GPS

localisation. The paper mentions that at the current stage of development, off-the-shelf
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sensors are insufficient for proper urban driving due to range and sufficient coverage,

which is similar to the conclusion by the paper [24], with rural areas. Interestingly, during

the competition, the human drivers quickly adapted to the AVs, providing some evidence

to demonstrate that integration of reasonably simple AVs in a vineyard environment is

not such a significant step for workers.

Junior’s team was comprised of mainly the team who created ’Stanley’, which can be

seen through sensor selection. Junior used multiple sensors but still relied heavily on one

type of sensor, the LiDAR; this is very similar to Stanley’s, but what differs is the types

and position of these LiDARs. The vehicle had a total of eight LiDARs. Seven of them

are supplementary to detect close curbs, detect lane markings and cover the blind spots of

the primary sensor (the Velodyne HDL-64E) due to self-occlusion. Besides the LiDARs,

Junior also incorporated five RADAR, which assisted the main Velodyne LiDAR as an

early warning system [32]. One sensor that was left out compared to Stanley was a camera;

this is a questionable decision as a camera can provide a substantial amount of information

about the environment compared to other detection sensors. The use of a camera may

have assisted during the competition when Junior was attempting to pass ’Little Ben’[33]

but failed to detect a drive-able area, [32] unlike Stanley was able to do. If this competition

had progressed to incorporating living obstacles and maintaining the level of autonomous

driving, Junior would likely need the use of a camera to determine the difference between

particular objects. For localisation, Junior employed similar sensors to Stanley, using Dual

GPS for position and heading (with the use of Base Station Corrections), 6 DOF IMU,

wheel encoders. This provided the vehicle with positioning typically below 0.1 m and 0.1

degrees of error. Due to the success of the Junior, it can be said that the sensor system

was also very successful in localising and detecting obstacles. There can still be a lack of

sensor diversity if harsh weather conditions are faced and the environments become more

complicated with other types of transport and living obstacles. A similar system could

work very well in a vineyard due to the complexity of the environment being the same,

if not less so. Therefore the Junior sensory system presents a reasonable basis for what

could be placed on an AV in a row crop environment and should be considered during the

design. The behaviour manager for Junior was a finite state machine (FSM) (containing
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13 states) that would handle the control of any situation Junior would encounter. Overall,

Junior was able to handle the competition very well using the FSM, engaging with around

200 other vehicles and going through many environments (intersections, parking lots, dirt

roads). Only minor issues arose, such as mentioned above with ’Little Ben’ and Junior not

understanding what to do when stuck in that situation and pulling alongside a waiting

vehicle thinking this vehicle was stopped.

When comparing the two vehicles, BOSS[30] and Junior[32], they differ mainly slightly in

sensors, with BOSS using cameras to assist in detection. Both vehicles worked exceptionally

well, shown in their completion times and low amount adversities during the competition.

The main differences between the two vehicles come down to the software, both tackling

the same problems but with slightly different approaches. Both papers agreed that better

recognition of objects and vehicle intentions is required, with the main scenario being a

stopped vehicle or a parked vehicle. In summary, all software parts worked well in the

urban environment, but it would be interesting to test them in vineyards to see if they

can provide equal success.

The two competitions, Grand and Urban provided excellent stepping stones for AV

development, starting with an appropriate static environment (but still challenging course)

transitioning into a much more dynamic one. Overall when looking at the Urban Challenge

vehicles, they would be able to take on the Grand Challenge. When looking at the sensor

system of the vehicles, they were all very similar and with similarities in environment

styles between the Urban challenge and vineyard like environments. The Urban Challenge

vehicles should be considered for designing an AV for the agriculture sector but not directly

copied as this would likely be too much for a less open (, more static) environment.

2.4 Autonomous Guided Vehicles

AVs used within warehouses, factories, and controlled hazardous zones are commonly

autonomous guided vehicles (AGV’s) [34][35][36]. These vehicles have specific predefined

paths that can be navigated. The routes are physical (wire induction, magnetic strip,

coloured line, walls, etc.) or virtual (plans on a pre-mapped area stored in a computer)[36].

This type of AV could be used for a vineyard AV and potentially provide valuable solutions
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to the more closed areas (such as within the rows) that a vineyard vehicle will face. In

the following sections, the methodology and systems used in research will be investigated

for potential usages within the agriculture sector.

Some of the more common AGV technology available was covered in [36], which covers

six different sensor solutions for AGV navigation within nuclear fusion facilities. These

solutions involved a mixture of physical and virtual paths using wire induction, magnetic

strip, optical guidance, on and off-board lasers, motion capture, and a magnetic-gyro grid.

The paper compared the solutions of different criteria centred around the needs for the

navigation of a nuclear facility, making sure the AGV would be able to navigate off the

path if required. These criteria included the following with the associated weights (out of

100), technical feasibility (40), robustness (30), cost (10), the ability for replacement (10),

and commercial off-the-shelf (COTS) (10). After the comparison, the solution that had the

best score was a combination of wire induction and optical guidance as primary navigation,

with a secondary system in off-board laser guidance. This was due to the sensors being

relatively cheap, easily replaceable, and different from each other, making a more robust

system. The issues with the individual systems still affect the combined solution, but now

there is built-in redundancy for any failures due to electromagnetic interference or wearing

of painted or taped lines. The second-best solution was a tie based on the criteria between

just wire induction guidance and onboard laser guidance. This paper concluded that the

combination of wire induction and optical guidance, with off-board laser guidance, was

still the best, followed by the full laser guidance solution using onboard laser guidance as

to the primary system and off-board laser guidance as secondary. This paper [36] provides

beneficial information on the potential AGV systems and a suitable method for comparing

these systems. It would’ve been good to see the weights applied to the sub-criteria as this

can likely change the outcome from the ”trade-off” comparison.

The research was directed at creating a navigation system that can allow the vehicle

to move off the predefined paths is a concept that would have to be implemented in a

vineyard environment, with workers and other machines in the area.

The best solution from this paper is questionable for testing in an outdoor environment.

The setup suggested using the optical sensors is unlikely usable for tracking a paint or

18



tape strip on the ground due to dirt and general wear and tear due to environmental

factors. The wire induction guidance system could work within a vineyard and was ranked

equal to the laser system based on the criteria. Still, due to a vineyard not being perfectly

flat and the ground conditions constantly changing, this would require a more significant

amount of testing in these outdoor environments.

The laser-based solution shows promise for a vineyard environment but only for the

primary navigation sources, with the off-board laser system likely not working well in

outdoor environments due to poor weather conditions, the field of view (FOV), line of

sight (LOS), and the size of coverage required on vineyards and farms alike. The laser

system does use external reflective markers for localisation in the research, which could

become dirty, faded, or overgrown while being outside. Systems later on in the review

use a similar localisation method but can use biological markers (tree trunks or posts) in-

stead of placed ones, making this solution viable, with further comparisons in marker types.

The onboard laser navigation from the paper [36] above uses similar principles to a

wall follower vehicle. The vehicle maintains a specific distance from a wall(s) or wall-like

objects. A couple of papers go into systems to track a wall, mainly a vineyard, orchard,

or any similar corridor row crop.

The camera-guided AGVs are still a possible concept for environments such as vineyards

with fixed structures along the path (rows), creating corridors like movement constraints.

The guidance method uses the corridor shape to distinguish the path to follow compared to

using coloured tape or paint, as seen in other papers [37][36]. The work presented in [37],

is aimed at using a single mono-camera to perform navigation in corridor-like environments.

An AGV would be a suitable solution for the rows within a vineyard. Still, a vineyard

is more than just a single plot of rows, and it is unlikely to be a total solution for an AV

within a complete operation vineyard.
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2.5 Agriculture Autonomous Vehicles

As part of this review, there needs to be an insight into the research done for AV’s in

the agriculture sector. This should provide information on methods and sensors tested in

other areas that could be applied to a vineyard. Similar layouts to vineyards are other

fruit orchards, such as an apple orchard, where a study looked into a low-cost AV that

assisted workers. This assistance was provided through the platform being a structure

that could be stood on and moved with them through the orchard [21]. This AV relied

heavily on a 2D LiDAR to localise and detect objects within the orchard. The system used

the LiDAR (positioned at the front of the vehicle) to measure the distance to the trees

(within the row), which allowed the vehicle to find the centre-line of the row, therefore

localising itself in the row. Using a LiDAR provided the accuracy and reliability for the

researchers to test the primary purpose of the study, which was to compare an MBC to a

standard PPC for an orchard environment. The sensor was used to determine the end of

rows by checking for free space greater than 90° of the vehicle front, while the start of the

row was detected through reflective surfaces placed on the first poles of the rows. These

methods used to navigate the orchard rows are simple ideas and kin to an AGV mentioned

in the previous section. This research demonstrates how an AV would operate using a

row follower method with reasonably good results, moving through multiple rows and

the vehicles having covered 350km over different orchards and vineyards. Still, there is

potential for improvement by adding a relatively inexpensive camera, a computer that can

run object detection, and now there are GPS units that are much cheaper than the papers

suggest. This would give the AV a greater understanding of the objects it detects through

the LiDAR. Having these additions means not relying too heavily on encoders that have

the potential for slip error and an increasing error over time, limiting the vehicle to only

the row environment with the position being zeroed at the start of each row to eliminate

this error. A previous paper published [38] for the same project showed information

on work efficiency showing an average of 42.5% improvement in over ten different tasks

performed on orchards that the AV assisted. This is one result that further solidifies the

potential in the agriculture sector for AV’s.
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The paper [39] demonstrates a custom-designed vehicle to facilitate the requirements

of a kiwifruit orchard. The vehicle evaluated three LiDAR’s and three types of cameras for

obstacle detection. The LiDAR’s consisted of two single-plane sensors (UTM-30LX and a

SICK LMS111) facing the sides and one multi-plane sensor (VLP-16) facing forwards. The

cameras that were tested included a time-of-flight (TOF) (Basler TOF640-20 GM-850NM),

3D stereo (Intel RealSense R200) and traditional 2D cameras (Basler Dart daA1600-60uc,

Flir CM3-U3-13S2C-CS, and a Logitech C920).

The LiDAR’s core intention was to use them for detecting structures within the orchard,

such as posts trunk and hedges. This was challenging due to the 2D LiDAR’s detecting

either the canopy or the ground due to the uneven surface of the land. This made these

LiDAR’s only suitable for close obstacle detection, while the 3D LiDAR could still be

used through post-processing, choosing the laser scan from the 16 that provided the best

information about the surroundings.

When experimenting with the TOF camera as a forward-facing sensor, it produced

less than desirable results in most weather conditions. This was expected to be caused

by the sparse amount of reflective objects within a suitable range while driving. These

results were shared by the stereo camera, which had a complete loss of range data during

operation. Interestingly this stereo camera is an active sensor that uses an infrared (IR)

light to illuminate the surroundings, with the reflections measured by an IR lens to

calculate depth. Because of this, the assumption was that the failure was due to the

ambient light interfering with this signal. This poses a question to use a passive stereo

camera such as the ZED camera [40] or self-made system as seen in [41]. The 2D cameras

experiments showed that the Basler had the better image sensor and fastest update rate

of 71 Hz. The FLIR was close seconds but had a much slow update rate of 15 Hz, while

the Logitech web camera was not usable due to motion blur and update rate of 7 Hz.

Therefore, the VLP-16 LiDAR and Basler camera were the final choices from all object

detection sensors. The fact that a passive depth camera was not looked at during the

evaluation is an oversight by the researchers, with no reasoning behind not including one.
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Even so, the results from the investigation in obstacle detection provide insight into these

sensors for agricultural usage.

The vehicle used wheel encoders, IMU, a digital compass, and GPS to assist in

localisation. The paper covered the issues found with each of these sensors; the encoders

and IMU had accumulation errors over time, the compass was affected by the metal

structure with the orchard, and the GPS had lost signal within the canopy. The primary

localisation sensor that was not useful during this research was the GPS unit, with data

being either sparse or incorrect during canopy navigation. These localisation sensors are

seen in other literature reviewed and have proven successful; therefore, it would be helpful

to get results for similar sensors in a vineyard environment.

2.6 Autonomous Vehicle Communication

A smart vineyard is an idea that incorporates all the new technology going into vineyards

and farms alike to improve the understanding of the crop and to make the whole farming

process easier. The AV will be part of this smart vineyard and looks to be a crucial role

within it, as it will be able to help collect data and act on this data [38][39]. The integration

of AVs into a smart vineyard will require communication between the vehicles, IoT (Inter-

net of Things) devices, and a central hub to relay the information to a web interface for

easy management [42] [43][44]. This communication between these blocks is V2V (Vehicle

to Vehicle) and V2I (Vehicle to Infrastructure). The potential for improvements in AVs

from the use of such communication could overcome the shortcomings of visibility from

current obstacle detection sensors, as mentioned in previous sections for urban [30] and

rural areas [24]. These thoughts stem from the papers such as [45][46][31], which demon-

strate that vehicles will be able firstly know about and then prepare for road congestion,

collisions, and potential collisions from vehicles that are not within direct line of sight with

companies such as BMW, Ford, Audi, Mercedes, Opel and Volkswagen performing tests

on there own vehicles in 2012 [45]. V2V and V2I seem like a very promising technology for

AVs and vehicles in general, with the likely first step being to integrate this into vehicles

to assist human drivers. When level 4-5 AVs arrive, the systems will be in place to use
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this technology. An example of this development and integration is seen in the paper [46],

which demonstrates the use of smartphones to compute the distance and speed of vehicles

that could be potential hazards to itself (ignoring in-active vehicles). This information

is then communicated through the cell phone network to warn drives in the area if required.

The same ideas can be used in agriculture, with farms becoming more hi-tech every

year, introducing IoT devices to monitor livestock [47][48], crop [44][49], and produce. At

this stage most V2V and V2I research is based around road vehicles, while the agriculture

sector does show interest and usage of IoT systems it lacks this direct development. The

usage of IoT frameworks does present a great starting point for AVs to be integrated into

agriculture with the V2V and V2I communication, with research being done on what this

communication will look like [50].

2.7 Navigation, Localisation and Mapping

2.7.1 Global Planners

The grid-based planners covered in this review are Dijkstra and A*. The Dijkstra [51]

and A* [52] planners are similar in construct, with the A* algorithm being seen as a more

refined version of Dijkstra [53]. The paper used the Dijkstra planner [54], which made

a path for a small indoor robot through an office space. The entire trajectory of the

robot involved planning from one way-point to another, with this trajectory providing

a suitable path that made the navigation successful. A version of the Dijkstra planner

was also implemented to produce a path for an AGV that would allow an industrial

vehicle [55] to navigate between set areas as efficiently as possible, attempting to lower

energy requirements while carrying loads. This meant the planners’ cost was based on

energy consumption, which would take into account distances, slopes, and weight of the

load. This research did demonstrate that using the algorithm for planning the paths for

these vehicles can minimise energy consumption. These results show the versatility of

the algorithm and suitability to AGVs because of how its normal cost function works.

This concept of planning based on energy consumed could be applied to vineyard naviga-
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tion, but likely for low fuel or energy moments where the AV requires to re-fuel or re-charge.

Following the Dijkstra planner, A* was heavily covered in the paper [56]. The research

task was to provide a clear understanding of why the A* planner is so widely used, covering

40 papers with each requiring to include pathfinding problems and compared to other

planners. The main finding from the research demonstrated that many applications of the

A* planner in practice are not the classical form of the algorithm. Most instances of the

planner are modified for the specific task or environment, demonstrating the versatility of

the A* planner. This draws parallels to Dijkstra, acting as good general starting points

and allowing for development to specialise the planner for the required task. A practical

example of the A* planner was shown in the paper [57], where a humanoid robot was

tasked to navigate indoors, with the goal to be a human assistant. The research focused

on having the robot plan and re-plan if moved manually using the A* algorithm. The A*

planner used during the research was the classical method, with a Manhattan distance

heuristic. This setup proved successful for this project, with the planning algorithm

working successfully. A practical example of the A* planner can be seen in the paper [58],

where a small two-wheel robot was tasked to navigate a warehouse. The A* planner that

was used held relatively faithful to the classical method of the planner. The planner was

tested in Matlab and on the robot, with both reaching their targets.

When comparing Dijkstra and A*, the paper [56] presented that the standard A*

planner performs two thirds faster than Dijkstra because the planner is uninformed and

blindly searching.

The paper [56], mentioned that the classic version of A* is not keeping up with the

requirements of the robots being developed. This is seen in non-holonomic vehicles using

these planners, as the vehicle cannot make discrete actions in all directions. Hybrid

A* is a non-discrete version of the A* planner with kinematic constraints, limiting the

search areas to what a vehicle will be able to perform. Therefore this can be seen as

the A* planner but focused and refined for non-holonomic vehicles. This planner [59]

demonstrates the real-world application of this planner in the urban DARPA challenge.
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This planner made it possible for the vehicle ”Junior” to navigate safely through urban

streets, parking lots, and re-plan when blocked roads were found.

The sample-based planners covered in this review is Informed RRT* and its core

predecessors. This planner builds off of RRT*, which is a more refined version of RRT.

The RRT planner is still used in some cases, such as in 3D space seen in the paper [60],

but due to it not leading towards an optimal path isn’t suitable for making adequate

2D plans. The paper [61] presents a detailed analysis between multiple sample-based

planners, including RRT and RRT*. This paper presented results showing that the RRT*

planner all ways converged to an optimum solution while RRT on average was 1.5× if

the RRT* cost. An interesting finding in the paper [61] was that the search area for

connections should follow a radius of k× log(n)/n where ’n’ is the number of samples and

’k’ is a constant to scale the radius. This made the algorithm not asymptotically optimal

but increased its computational efficiency while providing a potential near-optimal path.

Another addition to RRT* is Informed RRT*, which shares all the characteristics of RRT*

but incorporates a reducing search radius once the goal is found. This algorithm was

presented in the paper [62]. The results found from this paper demonstrated a significant

decrease in computational time to find near-optimal solutions with a target cost, variation

in start to goal length, and the ability to find narrow a narrow path. This planner was

tested purely through simulation for this paper and in a relatively open area.

These planners have demonstrated great potential through the literature review in this

section. Dijkstra, A* and their respective variation covered in this section have proven to

work well in set areas. These areas can be turned into a grid-like system, with vineyards

sharing this capability proving that they could be used successfully in a vineyard. While

Informed RRT* demonstrates a steady time to find near-optimal paths in small and large

areas. Due to the literature not covering row-type environments, it will be useful to fill

this research gap.
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2.7.2 Local Planner

The TEB planner is a predecessor of another planner called ”elastic band” (EB), which

works to find the shortest distance to the global plan while avoiding obstacles. It does

this by using ”contraction forces” and ”repulsive forces” to deform the plan so that the

global plan is followed while avoiding obstacles [63]. This tracking and obstacle avoidance

method was seen in the paper [54], where a small omnidirectional indoor vehicle was able

to navigate through an area size of 100 m×40 m. This area included obstacles and people

in narrow corridors.

The TEB planner adds a temporal element into the calculation for the optimal path

while also taking into account the dynamic constraints of the robot using the planner [64].

This is important as the shortest path is not always the fastest, which is found even more

so when the vehicle has restrictions on movement, such as a non-holonomic vehicle. The

TEB planner is seen to plan effectively in both simulations and experiments with a real

robot to navigate to way-points while avoiding all obstacles [64]. This paper does mention

that this is still a local optimisation and does not guarantee global optima. The work

from the previous paper was developed further in [65], aiming to make the TEB plans

more accessible for ”car-like” robots. The paper compared the TEB performance against

Reed-Shepps planning in an obstacle-free environment. The outcome showed that the

two methods coincided with each other, with both maintaining similar path lengths over

varying minimal turning radii. The paper also presented experimentation of a ”Lego EV3

robot”, performing parallel parking and navigation through the obstacle-filled area. Both

experiments demonstrated the planners’ ability to avoid obstacles while producing ade-

quate paths for a car to traverse, even with some of the parallel parking looking human-like.

A practical use of the TEB planner is seen in [66], where it was used to auto-park a

small single-person vehicle in a car park for both ”reverse-in” and parallel parking. The

research presented informative results, with the first being that it was best to split the task

into two stages. These stages are precisely what a human driver would do to get the same

result. First is the setup to park, which involved driving up to the parking spot being
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ready to reverse in and then the second stage was the implementation of parking itself.

The results from the parking came from both simulation and real-world experimentation.

Both presented high success rates, with reverse-in parking providing 96% for simulation

and 90% for the real world, while parallel parking provided a 90% and 75% success rate.

This paper also mentioned that the failures included failure to create a path, which would

likely be solved through a re-planning action.

The research done on the TEB local planner shows excellent promise for car-like robots

to navigate obstacle-filled environments. The research showed TEB’s ability to navigate

in tight areas but didn’t present testing in a vineyard environment, which should be

investigated further.

For a substantial amount of autonomous vehicles, a map of the area that will be

operated in is required to do informed planning for navigation. This section covers

different literature on mapping packages and will be analysed for operational performance

and applicability to work in a vineyard environment. The main mapping methods reviewed

in this section include ’Gmapping’, ’Cartographer’ and ’RTAB-Map’.

2.7.3 Mapping Packages

SLAM is the act of ’Simultaneously Localising And Mapping’ and is the basis for the

mapping methods being reviewed in this section. The first mapping package is ’Gmapping’,

which uses a 2D laser scan to create 2D occupancy maps. The algorithm for ’Gmapping’ is

based on the Rao-Blackwellized particle filters for grid maps [67]. This package is known

as the default mapping package for ROS systems [68] and is mention to be one of the

most used mapping solutions [67]. ’Cartographer’ was made by Google [69], and uses

point cloud data from a 3D LiDAR to create 2D occupancy maps. Unlike ’Gmapping’

the ’Cartographer’ package is unable to use a particle filter algorithm as the amount

of data is to great, which in turn would create a significant increase in computational

requirements. Instead the package breaks the mapping into two stages a global map

and smaller submaps. The submaps allow for great localisation accuracy within that
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area, and once a submap is complete it is used later on for loop closure to create the

global map [69]. ’RTAB-Map’ is covered in the paper [68], along side other mapping

packages including the prior two in this section. This paper shows the versatility of

’RTAB-Map’ in comparison to the other two packages by being able to uses all forms of

LiDAR data, depth cameras and a combination of the two. From this data the package is

capable of creating a 2D occupancy map and a 3D version. ’RTAB-Map’ works similar to

’Cartographer’ but uses different loop closure methods. These methods include attempting

to match current image data to previously recorded scenes and using iterative closest

point (ICP) for LiDAR data. The overall system of ’RTAB-Map’ is covered in detail

in the paper [68]. Results from this paper [68] are both qualitative and quantitative

through displaying the 2D occupancy maps of real world data from the MIT Stata Centre

and the use of a mathematical tool called ’absolute trajectory error’ (ATE) [70]. The

maps created by RTAB-Map through different sensors and configurations clearly show

that the LiDAR-based 2D maps are much sharper and more precise. The quantitative

section is presented through ATE calculations and compares the accuracy of the localisa-

tion of each mapping method, including ’Gmapping’ and ’Cartographer’. ’RTAB-Map’

outperformed the other two covered in this review when using LiDAR data, with one

data set providing a max ATE of 0.05 m for ’RTAB-Map’, ’Cartographer’ with 0.11 m

and ’Gmapping’ with 0.19 m. These results were gathered so that ’RTAB-Map’ used

slightly different odometry, which was said to improve the other odometry used. This was

suitable as it is part of the ’RTAB-Map’ package, but the result from ’RTAB-Map’ when us-

ing the same odometry presented a max ATE of 0.26 m, making it fall behind the other two.

In this review, the focus will be on the performance of each package while using LiDAR

data. The paper [67] compared three SLAM packages, two of them being ’Gmapping’

and ’Cartographer’. They were tasked to map an indoor environment for a rescue robot.

The packages’ environments were tested in were compact and maze-like and were created

in simulation. The maps created by the two packages were almost identical in size, but

this could be expected because the test area was only a 5×5 m area. The research

took another mapping package to real-world testing called ’Hector-SLAM’, which also

performed similarly to the other packages. This package isn’t being reviewed due to not
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utilising any external odometry sources and solely relying on visual features for this in-

formation. This, in turn, will likely cause difficulties in low feature areas such as vineyards.

A comparison between multiple SLAM packages for mapping a vineyard was presented

in the paper [40], where two of these packages used were ’Gmapping’ and ’Cartographer’.

The results were gathered by mapping five rows positioned side by side, with the length of

the rows not mentioned but looking to be of substantial size. From this testing, ’Gmapping’

was considered the best algorithm for the scenario due to its stability, even though the map

may bend or curve slightly. The ’Cartographer’ package was deemed the most accurate in

mapping but would fail at times to generate the map making it less reliable.

The results from each of the papers proved the mapping capabilities of each package

and each presenting potential or have already done so in mapping a vineyard. Further

development can still be seen in these areas of research through solidifying results and

pushing the software to work in different scenarios and environments.

2.8 Summary

Table 2.1 presents all the consistent sensors found through this review and their potential

usages, with sensors seen in only one or two papers not being shown.

Table 2.1: Key sensors found during review.

Sensor Object Detection Localisation

LiDAR

RADAR

Camera

Ultrasonic

GPS

IMU

Wheel Encoders
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The purpose of this chapter is to investigate existing literature around autonomous

vehicles. These findings identify gaps in current literature that determine the need for a

transferable semi-autonomous architecture (SAA) for agricultural vehicles. Autonomous

solutions for road, agriculture, factory tasks were reviewed to get a wide understanding

of suitable sensors. This is further expanded to investigate the mapping and navigating

methods that allow for the vehicles autonomous nature.

This chapter reviewed existing literature around autonomous solutions for road, agri-

culture, and factory tasks. It is clear from this review that a SAA would fill a currently

underdeveloped area for autonomous vehicles in the agricultural sector. Many of the

autonomous vehicles within agriculture are task specific and may not provide an indefinite

focus on developing a SAA that is transferable to other vehicles. However, the literature

provided a solid selection of appropriate sensors that can be used in the development

of a SAA, as is presented in Table 2.1. These sensors were deemed to be suitable for a

SAA, due to their prevalence in company and project platforms. To make full use of these

sensors, adequate mapping and navigation solutions are required for the SAA. To construct

a suitable navigation system for the architecture, a local planner and three global planners

were reviewed. The local planner, ’TEB’, demonstrated its ability to produce near optimal

paths for a car-like robot, while minimizing the time and distance required to maintain

the global plan. ’Dijkstra’, ’A*’, and ’RRT*’ were found to be appropriate as solutions for

many tasks, but often required adjustments to enhance its performance for a specific task.

As such, these planners are suitable for SAA development, but may require adjustments

to enhance their efficacy. A critical analysis of three mapping packages was undertaken,

these were, ’Gmapping’, ’Cartographer’ and ’RTAB-Map’. The review of these packages

focused solely on the ability to create maps using LiDAR data. However, ’RTAB-Map’

was able to produce maps using not only LiDAR data, but camera data as well. This was

shown to improve its performance when compared to the other two packages, but not by

a large amount. Therefore, the SAA may benefit from the integration of ’RTAB-Map’.

In the following chapter the results from the review were solidified by integrating them

into the architecture. This presents the details of the integration process and what was

required to make the architecture work with a vehicle.
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Chapter 3

Integration of Semi-autonomous

Architecture

This chapter presents the semi-autonomous architecture (SAA) for agricultural environ-

ments, encompassing physical and software components. The SAA fulfils specific criteria,

such as the ability to localise, map an area, detect obstacles, plan a path, and have it able

to adapt and move through the planned path safely. This was achieved by incorporating

into the SAA different obstacle detection and localisation sensors, communication devices,

and a warning system. A golf cart was chosen as the platform for the SAA to be integrated

into, with its setup being focused on handling scenarios found when navigating a vineyard

environment.

3.1 Semi-autonomous Architecture (SAA)

The novel SAA is capable of transforming any four-wheeled agricultural vehicle, allowing

it to map and navigate autonomously through a corridor crop environment. With this

ability, the SAA will be able to assist on many farms due to its modular nature. This was

achieved by explicitly implementing sensors and electronics for a vineyard environment,

as it was deemed a good representation of corridor-like crops. This was done by gathering

information on what was expected to be seen in a vineyard environment and planning

accordingly. The following section covers all hardware components of the SAA, which is

shown in Figure 3.1 that allowed the research to be performed.
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Figure 3.1: Top view of the hardware layout that creates the SAA.

The implemented version of the SAA hardware is presented in Figure 3.1, which

provides a good understanding of the sensors and electronics positioning on the golf

cart. Figure 3.1 also illustrates connections to allow for power and different types of

communication between each section of the SAA. These connections are represented in

the ’KEY’, with power lines represented by dotted arrows, while data lines are solid. The

arrows’ direction determines how the power is distributed or how the components share

data.
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Table 3.1: Hardware used within the SAA.

Equipment Power Communication Localisation Mapping Navigation

Computer

3D LiDAR

Stereo Camera

Ultrasonic Sensor

Encoders

Dual GPS

IMU

4G Router

USB 3.0 Hub

Micro Controllers

Inverter

USB to CAN

Warning Equipment

Table 3.1 presents the different electronics and their purposes in the SAA. The computer

is currently used to supply power to the ZED2 camera through USB and handle the

communication from all peripheral devices. The information gathered by the sensors

allowed the computer to implement the localisation, mapping and navigation. The

computer is supplied with environment information from three sensors, the LiDAR, stereo

camera and ultrasonic sensor. The LiDAR is the primary sensor used in all tasks that

the SAA needs to execute. In contrast, the other two sensors are used only for obstacle

detection during navigation, as seen in Table 3.1. The SAA also incorporates wheel

encoders, dual GPS (Global Positioning System), and an IMU (Inertial Measurement

Unit) to provide localisation data on the vehicle. Because of this, they are used in all

aspects of the SAA’s tasks. This is due to the vehicle needing to know its pose at all times

while mapping and navigating. An important factor of using dual GPS is that it eliminates

the need to calibrate a magnetometer to provide a heading. This is important because

if the architecture was transferred to a large vehicle, the motions required to calibrate
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a magnetometer requires mobility [71] that may prove difficult and tedious for such a

vehicle. The SAA incorporates components for communication and power sources for the

modules within the architecture. The communication can be split into three sections;

communication to the vehicle, sensors, and the SAA users. A ’USB to CAN’ device

was used to relay drive information to the vehicle, allowing for direct communication

and control. In combination with communicating to the vehicle, the ability to receive

information from multiple sensors was done through a powered USB hub. For the SAA

to receive information from external sources, an internet connection was implemented

through a 4G router. A simple warning system was set up to ensure the SAA is safe for

workers to be around or on, allowing the SAA to communicate simply with people. The

inverter was used to assist in powering the electronics by taking the 12 V battery voltage

and providing a mains voltage, as seen in Table 3.1. This power supply was then used

to power the 4G Router, computer charger, and USB Hub, which powered many other

devices.

3.1.1 Obstacle Detection

Obstacle detection sensors that were used in the SAA include 3D LiDAR, stereo camera,

and an ultrasonic sensor as seen in Table 3.1. These sensors provided the ability to assist

in various problems that the AV faces, such as mapping, localising, and detecting hazards

in the surrounding environment. The choice of the sensors depends on their purpose for

the AV, whether to recognise features, detect near and far obstacles, or handle harsh

environmental conditions. In most cases, one type of sensor is not adequate for detecting

and understanding the world around the AV, requiring a combination to create a robust

detection system.

The 3D LiDAR provides high accuracy, extensive range and FOV (Field Of View),

making it an ideal primary sensor for the SAA to achieve all autonomous tasks. A stereo

camera was used to assist object detection through computer vision systems and provide

decent depth information. This sensor can provide more detailed information about

an object than a LiDAR, allowing for greater object recognition and, therefore, more

intelligent decision making. The stereo camera can also provide distance measurements,
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which can be used to back up the LiDARs data and provide the capability to be used on

its own as a source of primary information. Another object detection component within

the SAA is an ultrasonic sensor tasked with assisting the other two sensors, providing a

more robust source of information at close distances.

3.1.2 Localisation Hardware

The integration of a dual GPS (Global Positioning System), IMU (Inertial Measurement

Unit), wheel encoders and a LiDAR was done to create a solid and stable localisation

for the AV, as illustrated in Table 3.1. These sensors provide highly accurate pose data

about the AV, which was paramount with this pose being the baseline for all further

measurements. The GPS and LiDAR both provided an absolute pose (position and

orientation), however, for different frames of reference. The GPS provides a pose relative

to the starting position of the vehicle, while the LiDAR provides a pose relative to the

map origin. In comparison, the wheel encoders and IMU provide fast but error-prone

information that monitors the immediate vehicle state in terms of linear velocity, and

linear and rotation acceleration.

3.2 Autonomous Platform

The SAA was implemented on a G30Es Yamaha golf cart [72] as demonstrated in Figure

3.2 to allow for the investigation of the SAA’s performance. The golf cart was initially

designed to transport players around the golf course using an inductive guided system

[36] to follow a control line underneath the ground. The g30Es is 1.26 m wide and 3.1 m

long, which was an ideal size for a vineyard, with row sizes varying from 1.5 - 3.05 m [73]

[74]. This was verified by real-world testing done on a vineyard in Hastings, which had a

row spacing of approximately 2.4 m.
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Figure 3.2: Yamaha G30Es golf cart after modifications for autonomous driving.

The golf cart was designed to be an AGV (Autonomous Guided Vehicle) and was used

as such while on the golf course if required. Because of this, it was equipped with a CAN

bus (Controller Area Network) communication system for controlling and monitoring the

vehicle’s peripherals. The CAN bus allowed for an external computer to have access, which

made the integration of the SAA simpler when compared to retrofitting electronics to the

vehicle for steering and speed control [29]. The other peripherals included information

of the vehicle’s state, such as main battery voltage and vehicle speed, which were used

for the warning system and other internal checks for the vehicle’s controller. A custom

frame was designed and built that allowed for sensor mounting and wiring, as shown in

Figure 3.2. The frame was needed because the original golf cart did not include mounting

positions for external sensors. With the features mentioned above, the golf carts presented

a suitable platform for an AV that would operate in vineyard environments, with further

investigation into the advantages and disadvantages of such a platform covered in the

following sections.

Table 3.2 presents the exact electronics used to create the hardware component of the

SAA.
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Table 3.2: Core electronic equipment.

Equipment Type Equipment Name Quantity

Computer Dell G3 1

3D LiDAR VLP-16 1

Stereo Camera ZED2 1

Ultrasonic Sensors Toposens 3 1

Encoders RE36 2

Dual GPS & IMU INS-DU 1

GPS Antenna BT-160 2

4G Router RUT240 1

Powered USB 3.0 Hub J5create USB 1

Micro Controller Teensy 4.0 1

Micro Controller Arduino Micro 1

Inverter 1200 W Inverter 1

USB to CAN Korlan USB2CAN DB9 1

Warning Equipment RGB Lights & Buzzer 1

3.2.1 Power Supply

Two lead-acid batteries provided power and control for the golf cart; a main 48 V battery

for the DC drive motor and a secondary 12 V battery for steering control and internal

systems. The stock 12 V auxiliary battery (50B24L) was changed to a higher power

version (DIN75ZLMF) due to the increase in power drawn from it with the implemented

SAA. This change was needed for any decent amount of testing, with the original only

lasting 1-2 hours (depending on usage) before browning out when trying to steer. This

is compared to the new battery, which would last for at least three times as long before

requiring charging. In combination with replacing the battery, further investigation went

to understanding the current being drawn by the steering motor. It was found that

large current draws would occur while steering, and also, after steering, a large current

draw would remain 5 to 10 A. The main issue for the battery was the constant current
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after steering; this was fixed by developing a ’Vehicle Monitor’ ROS node to manage

the steering engagement. Disengagement occurred when no motion was noticed after a

timeout and re-engaged when a velocity topic was sent to the vehicle controller node.

3.2.2 Enclosure and Wiring

Most of the electronics (besides obstacle detection sensors) that were integrated into the

SAA are contained within an electronics enclosure near the rear of the vehicle as shown in

Figures 3.2 and 3.1. The enclosure had a clear lid that provided ease for visual inspections

of the electronics, and an acrylic base plate was used to provide a custom layout of the

electronics. This provided a central hub for devices to be connected and power to be

distributed. For the safety of workers and the vehicle, every power line leaving a ’Hub’

was fused (on the positive side). This was done using a 15 A blade fuse from the 12 V

battery and 5 A fuses in a fuse block within the enclosure, which is presented in Figure

3.3.

Figure 3.3: Top view of golf cart electronics enclosure.

3.2.3 Warning and Safety System

Communication was added to the SAA through a three-light and buzzer warning system

controlled through an Arduino Mini and relay block using the ’Vehicle Monitor’ ROS

node. This makes the vehicle a lot safer. It can let anyone around or operating the vehicle
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know its current state, giving them time to respond to it before operation begins. This

warning system can be seen at the top of the vehicle in Figure 3.2. This communication is

vital as there can be teams of many persons and machines in an agricultural environment,

making it paramount for communication between these team members for safe and efficient

operation.

The current safety previsions for the golf cart include the stock physical key to turn the

vehicle on and place it into autonomous mode, the vehicle brakes, and the front bumper

which stops the vehicle if hit. Additionally, an emergency stop button was positioned

in the developer’s table, as seen in Figure 3.4, as well as a switch on the enclosure to

enable and disable the new electronics system as displayed in Figure 3.3. The emergency

button was wired just before the main fuse (on the vehicle’s fuse block), which connects

the power to the vehicle’s control system. This completely disables all internal systems,

stopping the vehicle immediately when triggered.

Figure 3.4: Developer station with emergency stop button within reach.

3.3 Sensors

All sensors can be grouped into two categories, active and passive. Active sensors emit

something into the environment, such as sound waves or EM radiation and then measure

the reflections to determine information about the object it came into contact with.

Passive sensors detect natural emissions such as daylight, ambient sounds and gases.

The sensors can also be further grouped by what information they provide. For example,
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a sensor that provides information about the robot’s environment (e.g. surrounding

obstacles) are exteroceptive, while sensors that monitor the internal state (e.g. battery

voltage) of the robot are proprioceptive [75].

3.3.0.1 LiDAR

The primary obstacle detection sensor was the 3D LiDAR shown in Table 3.2. This sensor,

as seen in Figure 3.5 provides a point cloud of data from 16 separate IR lasers [76]. Due

to the vehicle’s main direction of operation being forward, the LiDAR was placed at the

front of the vehicle, centred horizontally, and finally positioned at 0.7 m from the ground

after field trials.

The Velodyne sensor has its own ROS node and URDF making it simple to access data

once it has been set up. The main difference between this sensor to others is that it is

connected to the computer through an Ethernet connection and not USB, making its

setup slightly more difficult than others. The setup process involved using the Ethernet

connection to configure the LiDAR. However, most of the settings needed to be set in the

LiDARs launch file as this also configured the LiDAR, with the main settings being the

FOV (3.61 rads) and update speed (20 Hz).

Figure 3.5: Velodyne-16 LiDAR (VLP-16).
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3.3.0.2 Stereo Camera

The camera used for the SAA was the ’ZED2’ seen in Figure 3.6, which had pre-trained

object detection models for humans, animals and vehicles. Understanding what obstacles

are can greatly improve the level of autonomy for an AV by providing significant information

that can be used to make better-educated decisions. Stereo cameras provide this capability

in conjunction with the distance of the obstacle.

The camera was placed above the LiDAR on a ball mount, allowing for any angular

adjustments during testing. The ZED2 had its own ROS node and URDF file, which

allowed for a seamless integration into the system.

Figure 3.6: ZED2 stereo camera.

3.3.0.3 Ultrasound

The prior two sensors are the primary obstacle detection and recognition sensors, but both

present operational limits in certain weather conditions. The ultrasonic sensors readings

can become deteriorated from bad weather; nevertheless, it is more robust and able to

supply a reading in such conditions. Therefore the ultrasonic sensors can provide close

field coverage for constant obstacle detection even in non-ideal conditions [77]. The sensor

used on the platform was the TS3 Toposens (prototype version, v1.0) seen in Figure 3.7

[78], which was unique from other sensors as it provided a point cloud of information.

Using this sensor allowed the platform to detect obstacles and determine their rough

position from the vehicle. The integration of one TS3 sensor was simple due to there being

a ROS driver for the sensor made by the developers [79]. The main task of incorporating

this sensor was adjusting the configurable parameters, which included the number of

pulses, echo rejection threshold, peak detection window and noise indicator threshold.

These parameters were adjusted for coarse object detection, as the sensor’s prominent

role is to assist in obstacle detection and not determine the exact shape of the object.
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Figure 3.7: Prototype TS3 ultrasonic sensor.

3.3.0.4 Dual GPS & IMU

A dual GPS and an IMU were part of the same sensor module from ”Inertial Labs”,

called INS-DU. This contains both exteroceptive (GPS) and proprioceptive (IMU) sensors,

making it an important module for the vehicle to be autonomous. The primary role of the

IMU was to monitor the motion of the golf cart through its accelerometer and gyroscope.

At the same time, its magnetometer was not used due to the GPS providing the heading

of the vehicle. The GPS works by having a primary antenna at the front of the vehicle

and a secondary antenna at the rear, as illustrated in Figure 3.8. This allowed for a

heading to be determined (while stationary) based on the position of each antenna. For

best performance, the two antennas needed to be in line with each other, through the

centre of the vehicle length-ways, and for the distance between to be as long as possible

[80].

The INS-DU had the capabilities for RTK (Real-Time Kinematic) corrections, which was

used throughout the testing of the vehicle. To get RTK corrections working, the system

used a 4G router for internet access to receive corrections from the ’PositioNZ’ network

[81], which is a collection of GPS base stations around New Zealand [82]. To get this

operating correctly, a third party software called ’str2str’ was used to transfer the GPS

corrections to the INS-DU unit. The ’str2str’ package would convert the ’NTRIP’ message

from LINZ into serial data sent to the INS-DU to apply the corrections. The modules

were placed near the rear axial with the orientation as specified by the manufacturers,

which is depicted in Figure 3.8.
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Figure 3.8: INS-DU layout recommendations.

[80]

The INS-DU came with software to help integrate the module into the vehicle. This

worked by setting the position of the antenna distances from the IMU and noting if there

was any deviation in antenna alignment. The software also allowed the user to define the

output data, meaning only the data that was used by the system was being published,

therefore allowing faster update rates. Changes to the provided ROS node were done so

that the user defined data was sent correctly for other packages to use.

3.3.0.5 Wheel Encoders

The ’RE36’ encoder was used to obtain accurate speed measurements of the vehicle. This

information was paramount in understanding how far it had travelled, would travel and if

the vehicle was going at the desired speed. This all leads to better control and safety of

the vehicle during operation. The encoders were connected to the rear wheels using 3D

printed mounts, as seen in Figure3.9.
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Figure 3.9: Wheel encoder mounted.

The wheel encoder’s pulses were counted by a Teensy microcontroller and transmitted

to the main computer. Before these signals reached the Teensy, they had to be stepped

down to voltage levels the Teensy can handle and filter for any unwanted voltage spikes

that could damage the input circuitry. The schematic for this filter circuitry is seen in the

appendix as Figure A.1. Once the Teensy has counted the pulses and a minimum time

has passed of at least 50 ms, a 1’s complement checksum [83] is created from the data

and is sent with the data as seen in Figure 3.10.

Figure 3.10: Wheel encoder data packet from Teensy 4.0, with each block being 32 bits.

3.3.1 Positioning of Sensors

The position of a sensor on the vehicle was determined by the sensor’s characteristics and

intended role for the vehicle. Figure 3.11a, demonstrates what the vehicle’s operational
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(a) Ideal sensor layout and coverage for golf

carts. (b) Current sensor layout and coverage for golf carts.

Figure 3.11: SAA sensor layouts based on the golf cart and the ODD from vineyard environ-

ments.

design domain (ODD) would be if the SAA were fully implemented. This was deemed a

suitable sensor layout for a vehicle operating in a corridor crop environment. The vehicle

should perform all tasks in most weather conditions using this configuration. By having

the forward-facing LiDAR and stereo camera as primary sensors, backward-facing stereo

camera as reversing obstacle and object detection and the ultrasonic sensors acting as

redundancy and close obstacle detection. This final sensor layout would have hopefully

provided an SAA that could perform at an autonomy level of 4 [15].

A minimalist approach was taken for development by including one of each sensor for

testing purposes. This layout coverage is seen in Figure 3.11b. The use of the custom-built

frame and adjustable MiniTec made it simple to move sensors around during testing

but maintained the same layout seen in Figure 3.11b. The TS3 ultrasonic sensor was

positioned at the vehicle’s rear for any reverse obstacle detection. In contrast, the ZED2

and VLP-16 were positioned at the front due to this being the primary direction of travel.

3.4 Robotic Operating System - ROS

ROS provided the foundation for the software development for the SAA. ROS allowed

for communication between sections, making it easy to integrate sensors and systems.

Because it was open source and had a large community, it allowed for faster development.
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The computer used Ubuntu 18.04 as an operating system (OS), which worked well with the

ROS version, ’Melodic’ [14], with it already having significant development and support.

Overall, ROS provided the software framework necessary for developing the SAA, and its

use remains prevalent throughout the rest of this chapter.

3.4.1 Communication

The communication of data between sensors and the computer was done using the ROS

communication architecture through messages called ’topics’ and is depicted in Figure

3.12. An exception to this was the wheel encoders which used a Teensy to record and

send the pulse counts to the computer over serial communication in a predefined packet

structure, which was presented in a prior section in Figure 3.10.

Figure 3.12: Overview of ROS commuication.

[84]

3.4.2 URDF

The URDF (Unified Robotic Description Format) was used to allow the computer to

understand all the elements of the AV, such as the size, weight, and pose of onboard

sensors. The URDF made for the golf cart, and SAA was close to the properties of the

actual vehicle without overcomplicating the system. Tools that assisted in the development

of the URDF involved ’RVIZ’ and ’RQT’ packages. They allowed for visualisation of the
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URDF models, seen in Figure 3.13 and the transform tree (TF tree) of the vehicle, with

one of the examples found in the appendix as Figure A.3.

Figure 3.13: Visual representation of the URDF model.

3.4.3 Golf Cart Control

A driver that incorporated a ROS node was created by Autoware-AI called ’ymc’. This

driver allowed for communication through the CAN bus system of the golf cart to control

the steering and speed and provide information on the vehicle’s state. The drivers

communication is depicted in Figure 3.14, from [85].
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Figure 3.14: Autoware-AI ’ymc’ driver.

The golf cart has its own internal system with unknown checks on the commands

before executing. Because of this, a significant amount of time went into finding what

actions the vehicle would deem suitable. The problems faced with using the golf cart

meant a new version of the ’ymc’ driver was created, using the one from Autoware-AI [85]

as the basis but adapting the code to work better for the golf cart. Through this period

of integration, the code was changed to include setting the minimum speed to 1.08 km/h

(0.3 m/s) and an initial reverse speed of 3.6 km/h (1 m/s), which would then drop to the

wanted speed as soon as the vehicle start moving. This was done because the vehicle had

a minimum speed of 1 km/h to move forward and backwards, but when reversing, the

start speed needed to be 3.6 km/h or higher for consistent operation. Once the vehicle’s

speed could be controlled, another change was implemented to allow for better control

over direction changes. This change in code made the vehicle stop, wait for a set time

(2 s) and then set the wanted speed and direction whenever the direction of travel was

changed. The issue that triggered this change was the golf carts system that used two

commands to change direction, one to stop the vehicle and another to tell it the speed

and direction of travel. The vehicle characteristics of the golf cart would have caused

issues while the vehicle was trying to navigate autonomously, as the other ROS nodes
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that take control of the steering and speed are not aware of them.

Other changes to the driver code focused on steering and speed control. This was

achieved using incremental control and not allowing any steering while the vehicle was

stationary. This smoothed the power draw while steering and reduced steering during

periods of large friction with the ground. The main reason for these changes was that

the 40 A steering motor fuse would fail frequently. This occurred because the golf cart’s

steering control was very aggressive, in combination with the ’ymc’ driver executing

steering commands while the vehicle was stationary. The aggressive steering control

caused a large current to be drawn (+40 A). This current would be held by the golf cart’s

steering controller, causing the fuse failure. The golf carts steering controller seemed to

be using something similar to a Proportional controller (from PID). The current would

drop by removing weight from the steering wheels, leading to the assumption that the

steering motor was still trying to get to the correct position.

The integration of the golf cart into the autonomous system showed the challenges and

limitations that come with using such a vehicle. Even though it was designed to follow

line by itself if needed, it was not designed for constant steering and or reversing.

3.4.4 Mapping Architecture

Figure 3.15 depicts the general architecture for the mapping system of the SAA. This

begins by collecting sensor data and pre-processing it so that it is better suited for the

mapping package and or to make it more accurate. This then flows into the mapping

package and finally the creation of the occupancy map through the ’map saver’ ROS node.

49



Figure 3.15: Flow diagram showing the general mapping system.

3.4.5 Pre-processing Data

Pre-processing of sensor data was developed to allow for better mapping and navigation.

One version of this was LiDAR segmentation, which attempted to help the mapping

and navigation process by filtering out the ground plane while still detecting a low lying

obstacle. A ROS node (called ’localisation helper’) was created to provide the starting

position of the vehicle within the map. This was done by getting the map’s origin, the

vehicle current pose and calculating where they are relative to a known point in the area,

known as the datum. This was achieved by using the heading of the vehicle and maps

origin for the difference in yaw, while the GPS points of each component were converted

into UTM format to calculate the position. By doing this, the vehicle was provided with a

good initial understanding of its localisation, allowing it to navigate with greater accuracy

from the start.

3.4.6 Localisation Software

There are two different times localisation is used. First is the localisation needed while

mapping the environment, and the second is while navigating a pre-mapped area. The
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localisation used while mapping involves knowing the vehicle’s absolute pose relative to

the starting pose; localising within a map is understanding where the vehicle is currently

within that map, using obstacles and prior knowledge to provide localisation. In both

scenarios, the vehicle uses its localisation sensors to provide a solid understanding of its

pose. This is not done by looking at the sensor data individually but using all of it to

predict the best possible pose of the vehicle. The following section covers the software

used to provide this localisation and its implementation for the AV.

3.4.6.1 Localisation Within a Map

The ’Adaptive Monte Carlo Localization’ (AMCL) package [86][87] is the current method

of localising within a mapped area. This package was chosen due to its support in the

ROS community and it being prominent within existing literature [88], demonstrating its

potential. The package only relies on odometry data and the use of laser scans, which is

provided by VLP-16 after it is converted from a ’point cloud’ to a ’laser scan’.

3.4.6.2 Navsat Transform

This package allowed the GPS sensor to be used in the ’Robot Localization package’

by converting the latitude and longitude information into UTM (Universal Transverse

Mercator) format, referenced to the starting pose of the vehicle. With this, the data from

the GPS was passed to the EKF in meters relative to the starting position.

3.4.6.3 Robot ’Localisation’ Package

The ’Robot Localization’ package was integrated into the SAA, which allowed for all

localisation sensors. This is possible as the package implements an Extended Kalman

Filter (EKF). This provided the ability to receive multiple sensor outputs to predict a

better estimation of the vehicle pose (position and orientation) compared to using a single

sensor.

Two configurations of the package were created, one for mapping and another for

navigating, as seen by the TF tree in Figure 3.16. The main reason for this was the
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’Gmapping’ package having to supply the map to odom link, forcing the ’Robot Localization’

to work around it.

Figure 3.16: Top links for both the mapping and navigation configurations of the ’Robot

localization package’.

The ’Robot Localization’s’ co-variance matrix was tuned to produce better predictions

for the vehicle’s pose. This involved adjusting these values until the package’s odometry

was steady and produced reliable results when compared to other sensors. The use of

the documentation [89] provided great assistance in bringing this package into the SAA.

General experimentation with the co-variance matrix through ’bagged’ data brought a

greater understanding of the package and fine-tuning of parameters.

3.4.7 Gmapping and RTAB-Map

Two mapping solutions were implemented, each with a core ROS mapping package. The

first solution was centred around the ’Gmapping’ package, which uses laser scan data while

mapping. The second is ’RTAB-Map’, which could use a range of sensors and could also

be used to assist in navigation. The mapping process used was simultaneous localisation,

and mapping (SLAM) [90], which bases obstacles positions of the vehicles pose and then

re-uses these new references to localise and stitch the map together. Each package takes

its approach to SLAM but holds the a similar concept.
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3.4.7.1 Gmapping

The ’Gmapping’ package was implemented due to it being used frequently in existing

literature [40][67][91], where it has been shown to provide solid, and consistent maps.

This package takes odometry information and a laser scan to create a 2D occupancy map,

which can then be saved by the ’map saver’ node into a .pgm file and .yaml file. The

YAML file holds information about the PGM file, which is an image file showing the

mapped area. The flow diagram presented in Figure 3.17 demonstrates the packages used

during mapping and how they interact with each other.

Figure 3.17: Flow diagram demonstrating the Gmapping system.

The flow of data during the mapping package through the use of arrows, going between

the different inputs, packages, and outputs. A example of this is the VLP-16 point cloud

being pre-processed into a laser scan, which allowed the mapping package to retain the

depth information from all of the sensor data.

3.4.7.2 RTAB-Map

’RTAB-Map’ is a ROS package [68] that was used during the development of the AV due

to it providing a large number of possibilities in sensor usage while mapping. The package
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is designed to primarily be used by camera sensors (Stereo and TOF). However, it also al-

lowed for the use of 2D, and 3D LiDARs or even a combination of a LiDAR and camera [92].

The chosen sensor for mapping was the VLP-16 LiDAR, as it was the primary sensor,

producing the most accurate data and providing a significant FOV and range. It was also

found quickly that it would be unlikely to use the camera with RTAB-Map due to the

limitations of the SAAs computer running out of usable memory to store all the data

from the mapping process. The flow diagram presented in Figure 3.18 demonstrates the

packages used during mapping and how they interact with each other.

Figure 3.18: Flow diagram demonstrating the RTAB-Map system.

Figure 3.18 illustrates the mapping solution for ’RTAB-Map’. This diagram depicts

the flow of data just like Figure 3.17 for ’Gmapping’. It should be noted that ’RTAB-Map’

does produce its own mapping file that can later be used for navigation, but this was not

used during development.

3.4.8 Navigation

Planning through and understanding the environment from prior knowledge and local

information from sensors is paramount for any AV, with this all covered by the navigation
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systems of the vehicle. ROS has a default template to base a navigation system on called

the ’Navigation Stack’, which provides an example of the used components to build such a

system. The components that created the SAA’s navigation system can be seen in Figure

3.19 and will be covered in the following sections.

Figure 3.19: Flow diagram showing the navigation system for the AV.

Figure 3.19, demonstrates the flow of data as Figure 3.17 does, however, it is clear

that the navigation process has more involved due to what the SAA has to undertake

for safe and informed travel. Each node represents a component within the navigation

system, and the colour and shape of the node provide further information into its role.

An example of this is the ’Move Base Flex’ node, which is the action centre of the system.

3.4.8.1 Costmaps

A costmap was used to inflate obstacles from a 2D occupancy map created from the

environment. This is due to the environment not always being static and the need to

create paths that are obstacle-free for a vehicle to travel. The package used to provide

this feature is ’costmap 2d’ [93], which uses a layer method to produce the new costmaps

(global costmap and local costmap) based on the supplied occupancy map, seen in

Figure 3.20. The layers of concern for costmaps are the static layer, inflation layer and

obstacle layer. The default plugins from the costmap 2d package were used for the static
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H (a) Occupancy Map. (b) Global costmap. (c) Local Costmap.

Figure 3.20: Map examples where black pixels represent obstacles (highest cost) and the colour

transition from blue (high cost) to grey (free space) represents the change in cost value.

and inflation layers, while for the obstacle layer, a plugin was used from the package

’spatio temporal voxel layer’ (STVL). The static layer creates the global map from the

received 2D occupancy map, while the obstacle layer detects any obstacles within a local

area to create the local map. This is all then inflated through the inflation layer.

The costmap used for active obstacle avoidance is the local costmap, which monitors

the area around the vehicle for localised planning. The local costmap used the same

plugins as the global costmap but differed in parameter values due to their different

purposes. The new STVL plugin allowed for a similar or better configuration of the input

sensors compared to the default one and allowed for a time decay of the seen obstacles,

which solved issues with the default plugin.

The local costmap size was restricted to an 11x11 m area centred at the ’base link’

(centre of the rear axial), with a resolution of 0.2 m as shown in Figure 3.20c. The limit in

size was done because the local costmap has to handle a large amount of data from sensors.

It was found that changes in size and resolution of this costmap would significantly affect

the computation required to create the map and, therefore, would make the system not

usable or fail if set not suitably. Because of this, the size was set so that it would function

while still providing a usable map. An issue with the local costmap is that its orientation
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does not change with the vehicle’s orientation and that the centre was required to be

placed at the vehicle’s centre of rotation (centre of rear axial) due to the local planner

using this point for navigation. A lot of monitored areas were commonly not used, and

therefore wasted needed computational power and limited what could be done.

3.4.8.2 Global Planners

A global planner aims to produce an obstacle-free path from the start to the goal. The

’navigation stack’ used two grid-based planners, Dijkstra [51], and A* [52], which are very

similar to each other with both finding the optimal path but differing in how they search

for this path. Both planners use the costmap to provide the travel cost (’G cost’, g(x)) for

each move away from the starting position. Each move is made by finding the next lowest

cost cell and moving to it. Because this uses the costmap and changes to the costmap

parameters can potentially affect how well the planers will operate.

The Dijkstra path planner was the simplest to use due to it not using a heuristic (’H

Cost’, h(x)) in its cost function to find the goal, and is defined by

fd(x) = g(x) + c(x) (3.1)

where as mentioned prior g(x) is the travelled cost and c(x) the cost of the next cell to be

searched. Because of Dijkstra’s lack of direction while searching, it will search every cell

until the goal is reached. This greedy characteristic makes the algorithm potentially slower,

especially as the map gets larger. The A* algorithm used is from the ROS ’navigation

stack’ and defined by

fA∗(x) = g(x) + d ∗ neutral cost (3.2)

where g(x) is the travelled cost, d is the distance to the goal, and ′neutral cost′ is a scalar

for the distance. This placed a significant emphasis on tuning this cost function through

the ′neutral cost′ parameter, where large values will force the algorithm towards the

goal, narrowing the search and vice versa for small values. Because of the ′neutral cost′

parameter, it meant an incorrectly tuned cost function could be detrimental to the A*’s

performance. As mentioned prior, the ROS planners relied on the costmap for ’G cost’

values which was an unknown characteristic at first and caused non-ideal paths with

jagged lines due to a strict costmap, and therefore the costmap had to be changed to
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allow for smoother paths to be created. These planners also use a gradient descent based

path smoother to enhance the drive-ability of the paths being created. A change made to

the default A* algorithm (from the navigation stack) was also done; this involved how

the ’H cost’ was calculated. The initial way the ’H cost’ was calculated was through the

’Manhattan distance’ equation defined by

d = (|x1 − x2|+ |y1 − y2|) (3.3)

where d is the distance to the goal, |x1 − x2| is the absolute horizontal distance and

|y1 − y2| is the vertical distance to the goal. This was changed to a ’Euclidean distance’

equation defined by

d =
√

((x1 − x2)2 + (y1 − y2)2) (3.4)

where the variables have the same meaning as the ’Manhattan’ equation and allowed the

planner to plan paths diagonally.

The prior two-path planners would suffice for navigating within a crop environment.

However, another path planner was developed for the testing purpose that takes a different

approach to find the path. This path planner is the Informed RRT* (IRRT*), which is

based on the work covered in the paper [62]. The cost function for IRRT* is defined by

fIRRT∗(x) = n(x) ∗ dp + g(x) (3.5)

where the ’nodes’ cost is n(x) and is given by the costmap based on its non-discrete

position. This is then multiplied by the distance taken to travel to it dp. Like the other

planners, the cost function also includes the cost of past nodes in the variable g(x). The

algorithm also works differently by re-assessing nodes within a neighbourhood zone to

change links based on the most optimal path. This brings the algorithm closer to A*

through having thoughtful adjustments to find the optimal path. The neighbourhood size

calculation followed the algorithm 1, where the size was determined by the number of

nodes that have been placed, and if the neighbourhood was too big or getting too small,

it was capped at specific values based on the planner step size.

A few minor additions were made to the IRRT*, such as a configurable bias that

allowed for faster growth in the direction of the goal. This was done by checking if a new

node was ready to be placed based on the bias value. When a biased node is required, its
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Algorithm 1 Bias-IRRT*: Neighbourhood Calculation

Require:

neighbourhood constant ← 45

k = log10(Number of nodes)
Number of nodes

neighbourhood radius = neighbourhood constant ×
√
k

if neighbourhood radius = 0 then

neighbourhood radius = neighbourhood constant

else if neighbourhood radius > (step size + min step size) then

neighbourhood radius = step size + min step size

else if neighbourhood radius ≤ min step size then

neighbourhood radius = min step size

end if

position is set to the position of the goal forcing the planner’s algorithm to create a node

in the direction of the goal. The next addition included a Bezier curve path smoother for

more drive-able plans, which was noted in the article [94] to be an efficient path smoother

for mobile robots. Finally, the last addition implemented was a cost threshold. A node

could not be placed within a grid cell if this cell’s cost was above the threshold.

The IRRT* planner uses a random sampling-based search method compared to the

grid-based search method like the other two planners. The potential benefit of this planner

is that it can search large areas fast, and once the goal is found, it narrows down the

search area allowing it to find the optimal path by re-assessing the current node positions.

3.4.8.3 Local Planner and Path Tracker

The local planner that was used was the ’teb local planner’ (Time Elastic Band) [64][65],

which attempted to create paths for a car-like vehicle that tracked the global plan while

avoiding any obstacles. Using this package involved setting many parameters providing

information about the vehicle, goal tolerance, trajectory, obstacle avoidance, optimisations

for specific characteristics, parallel planning, and footprint model. The vehicle was

represented by a straight line within the TEB package, using an obstacle avoidance

parameter to set an area for the actual vehicle to be within and limit the distance to
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obstacles. Using this model placed less computation strain on the SAA, as it did not

need to compute a lot of different geometries for the vehicle’s shape. Other parameters

were restricted due to computational power, such as the look-ahead distance at 15 m

and the number of parallel plans that could be compared in operation, which was set

to only 2 to avoid local minima. The look-ahead distance is relative to the base link,

which is positioned at the centre of the rear axial and is also restricted by the local

costmap size. This made the maximum distance the planner could see in front of the

vehicle approximately 8 m. The TEB local planner had many parameters to tune, which

made the integration process tedious. This took a significant amount of time to tune and

provide settings that would make the motions of the AV smooth and with reasonable

intelligence while trying to limit the computational strain. Besides computational strain,

the main difficulties were oscillations around the goal, oscillations while path tracking,

large amount inefficient and illogical turns, and fasting changing of potential plans. The

oscillations around the path were fixed by a combination of things, including making the

’ymc’ steering controller smoother (mentioned in section 3.4.3) while also making sure the

turning speed and acceleration were set appropriately based on the equation

ω =
tan(δ) · Vx

Lb

(3.6)

where ω is the angular velocity, δ is steering angle, Vx is vehicle speed, and Lb is the

wheelbase of the vehicle [95].

The TEB planner was allowed to reach the goal at a non-zero velocity within a goal

tolerance of 0.33 m and a yaw tolerance of 0.1 radians. This was done to stop the oscillation

around the goal, with the expected reason being the golf cart’s inability for fine control

due to its minimum speed characteristic.

The optimisation for the ’turning radius’ was reduced, while the turning radius was

increased from 3.5 to 4.5 radians to improve the inefficient turning. This was unexpected,

however, it was mentioned in [64] that setting the optimisations larger can lead to greater

accuracy in the vehicle navigation, but can also incur a much rougher trajectory by

doing so. Reducing the optimisation for ’turn radius’ meant the new path could be less

constrained, and a steadier driving path could be generated, as seen in Figure 3.21.
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(a) Minimum ’turning radius’ optimisation set

to 100/1000.

(b) Minimum ’turning radius’ optimisation set

to 20/1000.

Figure 3.21: Effects of minimum ’turning radius’ optimisation.

3.4.8.4 Recovery Actions

The chosen recovery actions include resetting the costmaps using the ’clear costmap recovery’,

the ability to physically move away from any obstacles around the vehicle, which was

done by the ’car maneuver recovery’ plugin [96] and re-planning the global plan once the

other actions are performed. The purpose of these actions is to free the vehicle when

stuck while trying to plan or navigate.

3.4.8.5 Move Base and Move Base Flex

The action centre of the navigation system is a ROS package called ’move base’, which

handles creating the global and local costmaps, calling the global planner, executing the

local planner to follow this path, and triggering recovery actions if required. This package

is the core component in making the vehicle autonomous. This is done by taking in

localisation and obstacle information and ensuring the correct ROS packages receive this

information. The integration process for ’move base’ was to understand what it is and

make sure each package used by ’move base’ was configured correctly. The ’move base’

package was a great tool in managing many complicated parts of the navigation system.

The control that ’move base’ had on the system made it simpler to integrate but limited
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the flexibility of what the vehicle could do. The package ’move base flex’ [97] was a direct

replacement for ’move base’, allowing for control of the different navigation packages

through action calls which is presented in Figure 3.22. The package also made it possible

to use multiple recovery actions and planners if wanted, while also controlling the actions

managed by a behaviour tree covered in a later section.

Figure 3.22: ROS move base flex navigation stack

[97]

3.4.8.6 Row Following

Two separate python scripts were created to allow the vehicle to travel down the row while

maintaining a specific distance from a predetermined side of the row or to go directly

down the centre. The first script was designed to be a row follower that used a PID

loop to control the vehicle’s steering, which maintained the vehicle’s distance from the

row. This controller used the LiDAR data as the source of distance information and is

covered in algorithm 2. The second script was made to detect when the vehicle was in a

row, triggering the row follower to start or finish. The development of the two scripts

was relatively straightforward, with splitting the LiDARs information into five separate

zones, left, front-left, front,front-right, and right. Each section is paired with another

symmetrically, with each pair having a different size compared to the others based on

their purpose. The front detection aims to detect any possible obstacles the vehicle may

hit. This, in turn, will make the vehicle stop and wait for the object to be moved while
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the sides are used to detect the rows for both scripts.

Algorithm 2 Row Follower Overview

Require: . Set Constants

MAX STEERING ANGLE ← 0.628 rad

WHEEL BASE ← 2.14 m

speed = 0.5 m/s

MAX Vz = (tan(MAX STEERING ANGLE)∗speed)
WHEEL BASE

while Running do

get lidar readings() . Averages and sections the LiDAR readings.

if mode = Follow Centre then . Check mode of operation.

error = lidar left side - lidar right side

else if mode = Follow Right then

error = wanted distance - lidar right side

else

error = lidar right side - wanted distance

end if

if error ≤ 0.1 then . Sum error when close to target.

error sum += error

end if

Get Proportional: p value = KP × error

Get Integral: i value = KI × error sum

Get Differential: d value = KD × ∆error

Vz = p value + i value + d value

if Vz > MAX Vz then

Vz = MAX Vz

end if

V avgz = Average(Vz)

Send: V avgz

end while
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3.4.9 Behaviour Controller

A behaviour controller package is used for greater control over the AV’s actions. There

were two types of controllers known at the time of development, a ’finite state machine’

(FSM) and a behaviour tree (BT). The two packages that were chosen for testing and

had the capability of implementing one of the frameworks were ’SMACH’ (FSM) and

’PyTrees’ (BT). Both used the ROS ’actionlib’ framework to control what the AV did,

which allowed for easy adjustments to code structure and a better understanding of the

flow system control. The method used for the SAA was the behaviour tree, through the

use of the ’PyTrees’ package, due to its continued support and flexibility when compared

to SMACH. An example of the behaviour tree designed for the SAA can be seen in Figure

3.23.

Figure 3.23: ’PyTrees’ navigation behaviour tree.

3.5 Simulation

The tool used was Gazebo, as it integrated well with ROS and used the URDF for

simulation. The URDF was developed further, adding Gazebo plugins for vehicle control

and simulation of sensor data.

The vehicle control for the simulation needed to be as close as possible to the real-world

vehicle for the testing to have importance. This was managed by a modified version of

the ’Ackermansteer’ plugin [98]. The plugin was changed to represent the golf cart with

greater accuracy by including its unique characteristics; these were maximum steering
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angle, maximum drive speed, minimum drive speed forward and backwards, and steering

control and speed control like the ’ymc’ driver mentioned in a prior section. After making

these adjustments to the plugin, it was important to get the velocity and steering profile

of the simulation as close to the real world vehicle as well. This was done by adjusting

the provided PID and effort values in the plugin parameters and comparing the simulated

steering and velocity profiles to what would be expected from the vehicle.

Figure 3.24 demonstrates how close the simulation is to the real-world vehicle.

(a) Velocity comparison with target speed at 2 m/s. (b) Steering adjustment anti-clockwise to clockwise.

(c) Steering adjustment straight to anti-clockwise. (d) Steering adjustment anti-clockwise to straight.

Figure 3.24: Real and Gazebo velocity and steering profiles.

An interesting note about Figure 3.24 is that the actual vehicle never reaches the

correct steering position. This is likely due to the friction seen in the steering system and

with the vehicle’s controller tolerance.

The representations of localisation sensors such as the GPS, IMU (INS-DU), wheel

encoders were implemented in the simulation. The Gazebo plugins used to represent the

INS-DU involved the ’libhector gazebo ros gps’ [99] for GPS and the default Gazebo IMU

plugin ’libgazebo ros imu sensor’ [100]. The representation of the wheel encoders was

done through the drive controller, which was a modified ’Ackermansteer’ plugin [98] to
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better represent the golf carts characteristics. The ’Robot Localization’ package was used

to provide better odometry by using all of the sensors covered in this chapter. For object

detection, the ’Velodyne’ package contained a Gazebo plugin for the VLP-16, which was

also used to represent the TS3 sensor by adjusting the sensors parameters to match the

sensor’s datasheet specifications. Currently, the only sensor to not be simulated is the

ZED2, which is not fully integrated into the SAA and is required to test the current

autonomous driving framework.

To provide valuable testing and experimental data, a simulation of a vineyard was

created and designed to represent a real vineyard in New Zealand, Hasting, that was

used for the first field trial. The vines used in the rows for the Gazebo world were 3D

scanned from real vines, which The University of Canterbury created. The vineyard world

was designed to be configurable (using xacro scripts), allowing for variations of every

aspect within the vineyard. If a new vineyard needs to be simulated, this can easily be

done by changing some parameters. An aspect of the simulation is the vine model’s high

quality. This quality places a greater strain on the computer to simulate the environment

and therefore limits the size of the vineyard that could be created, with a Figure 3.25

demonstrating the viable size for simulation.
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(a) URDF of the golf cart in the vineyard

world. (b) 3D scanned vine used in the vineyard world.

(c) Isometric view of the vineyard world.

Figure 3.25: Gazebo World

3.6 Summary

This chapter presented the intended and implemented SAA for a vehicle to map and

navigate a vineyard environment.

The SAA was implemented on a golf cart, which was seen as a good vehicle due to its

size and built-in control system through ’CAN’. During integration, it found that the

vehicle incorporated a few non-ideal characteristics such as a minimum speed, an initial

reverse speed, aggressive steering and the need for two commands to change direction.

Most of these issues were overcome through the integration process besides the minimum
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speed, which had potentially caused issues in the field trials and testing covered in the

next chapter.

To ensure the platform was able to communicate with internal components of the SAA,

the vehicle and people around it, different communication devices and a warning system

were used. This made it possible to collect data from sensors but also control the vehicle

and let workers understand the vehicle’s current state.

The SAA consisted of an obstacle detection sensor layout targeted at the ODD expected

from vineyard environments. The designed ODD layout was constructed from one 3D

LiDAR, two stereo cameras, and four ultrasonic sensors. This amount of sensors was

not implemented, and instead, one 3D LiDAR (Velodyne-16) and one ultrasonic sensor

(Toposens TS3) was used for all of the testing, which provided front and back obstacle

detection. The LiDAR was used as the primary sensor, facing forward for obstacle

detection allowing it to assist in mapping, navigation and localisation, while the ultrasonic

sensor faced backwards, letting it assist during navigation. This was deemed to be suitable

for testing the sensors and SAA. The stereo camera was added to the golf cart but was

unable to be integrated fully into the SAA.

A combination of specific localisation sensors was brought together to fit into the SAA,

which allow the vehicle to understand its current state and where it is within the world.

This group of sensors involved a Dual-GPS unit with RTK corrections, IMU and wheel

encoders, providing highly accurate pose, rotational and velocity data about the vehicle.

The hardware architecture provides the platform’s ability to understand itself and the

surrounding environment while also allowing for communication between SAA modules.

The hardware was all brought together using the ROS network, and this combination

made it possible to transform the golf cart into an AV. This ROS network consisted of

sensors drivers, an Extended Kalman Filter, a behaviour manager, mapping solutions,

costmaps, global planners, local planners, and finally, the vehicle driver.

Once a significant portion of the SAA was achieved on the golf cart, a model of the vehicle

and a section of the vineyard from field trial (and other worlds) were created in Gazebo.

This allowed for further development without the need for testing at the vineyard itself.

In the following chapter, the implemented SAA is tested in the field and through simulation

to provide informative results on the level of autonomy for the SAA.
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Chapter 4

Semi-autonomous Architecture

Evaluation

For a vineyard environment, specific criteria should be considered when designing an

AV, such as mapping an area accurately, being able to travel safely through open and

closed areas, the ability to make efficient decisions and maintaining a specified distance

from a row. The previous chapter demonstrated the design and integration process for

transforming the Yamaha golf cart into an autonomous platform with the SAA. In contrast,

this chapter presents the setup, results, and expectations while testing the SAA through

simulation and investigation in a field trial.

4.1 Experiment Overview

The experiments within this chapter were designed to test the main components of an AV

while providing greater insight into the performance of the current SAA. The experiments

were designed based on the findings from the field trials, with the outcomes from these

trials highlighting missing components from prior development. The following experiments

investigated the SAA’s ability to map, plan paths, and evade obstacles in large and

confined areas.
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4.2 Field Trials

Testing the SAA in an agricultural environment allowed for a greater understanding of

the challenges the vehicle may encounter. The first site was a blueberry orchard visited

early on in the research. This provided a reasonable basis for the ODD of the SAA for

row crop environments. The second site was in Hastings, New Zealand and incorporated

tests of the SAA, with some of the data being reviewed within this chapter. To determine

the SAA’s current ability to map and navigate, the field trial involved mapping a vineyard

area, rows and open spaces, then navigating these areas.

The section chosen from the vineyard for field tests was approximately 60 m long.

This small section was easy to drive manually but caused issues while mapping and

trying to autonomously navigate due to it not being flat and having overgrown grass

through the row. This tall grass interfered with the LiDAR readings, even with LiDAR

segmentation and therefore had to increase the height of the LiDAR and its detection

height. While attempting to map the small section, an issue arose with the mapping

package ’RTAB-Map’, causing a rapid change to a different solution using the ’Gmapping’

package, which worked well.

With the mapping solution in place, the vehicle attempted to navigate down the row.

The navigation failed, with the vehicle constantly adjusted as it tried to follow the plan.

Because of the issues on this small and far from ideal vineyard section, testing was moved

to the larger section (approximately 375 m long), which was much flatter, and the grass

was not as overgrown. This section produced better results, with the golf cart able to

navigate partially (approximately 10 m) down the row without getting stuck. The initial

thoughts were that the golf cart characteristics of a minimum speed and delayed braking

caused the navigation issues on the small section. At the same time, the small hill added

to the local planner’s difficulty to control the golf cart. This is still believed to be an issue

for the golf cart when it will have to navigate a sloped row and will need to be tested

again. Another issue found after field testing in the simulation was that the costmap

parameters were too aggressive, making the paths taken more course and harder for the

local planner to follow while in the row.

During field testing, the SAA was tasked to autonomously map and navigate in a large
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open area which it was able to do successfully. A limitation of the SAA’s obstacle detection

was found during this testing, with it being unable to detect a small non-permanent

electric fence. This inability to detect such fences lines would make it think this space can

be traversed and, in turn, cause it to crash, likely leading to the halt of the navigation,

destruction of the fence and damage to the AV. The use of sensors such as RADAR could

provide the necessary detection for such barriers to be detected.

4.3 Maintaining Row Distance

A ”row follower” script was developed to maintain a certain distance from a particular

side of the row or to track the centre of the row using a PID controller, as seen in Figure

4.1. The input was based on the LiDAR readings from the side of the vehicle, and the

output of the system was the steering angle, while the vehicle’s speed was kept at 0.5 m/s

(1.8 km/h), controlling the steering angle.

(a) Experiment ran with the target position set to

0.2 m from the side of the vehicle.

(b) Experiment ran with the target position set to

centre of the row.

Figure 4.1: The PID controllers ability to correct for large deviations from the target distance.

The setup for the experiment involved creating a 32 m long and 2.5 m wide row (from

the centre of one vine to the centre of the other) in Gazebo as seen in Figure 4.2. This

environment was mapped using the ’Gmapping’ solution and used a planner that creates

only a straight line plan to begin navigation. The start position of the vehicle was just

inside the beginning of the row so that the ’row follower’ would execute straight away.
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The controller was made to track both ’0.2 m’ and ’0.8 m’ from the right side of the row

and compared this method to a slightly different one for tracking the centre of the row.

The methods used to track the centre line involved using only one side (right) by setting

the distance to track half of the row width, while the other method attempted to balance

the left and right sides.

Figure 4.2: Single row Gazebo world that was used for testing the ’row follower’ script.

The experiment was done to determine the controller’s accuracy, stability, and reactions

to track specific distances and whether it could be deemed adequate for use in a vineyard

environment. Each experiment was done five times to get averages of the final results and

see how the controller would vary over multiple runs.

Potential difficulties with the controller include; sampling a potentially sparse object

(vine), what size of the LiDAR’s FOV is used for sampling, and for the vehicle to fix the

error, it has to change its heading and therefore what the LiDAR sees. These factors can

cause unwanted behaviour even if they have attempted to be managed in code.

The start of the experiments for ’0.2 m’ and ’0.8 m’ were used to test the controller’s

reactions to correct for a large error from the wanted distance, as seen in Figure 4.3. The

choice of ’0.2 m’ and ’0.8 m’ as the limits of distances for the experiment was due to

issues arising from the initial correction and the navigation down the row. When using

closer distances (0.1 m or 0.9 m), the vehicle would often collide with the vine during the

correction, or if able to correct, it would collide when driving down the row. Therefore the

choice of ’0.2 m’ and ’0.8 m’ seemed to be suitable for testing and were able to demonstrate

the controller’s ability.
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(a) Starting in the row, with the target distance is

set to 0.2 m from the side of the vehicle.

(b) Starting in the row, with the target distance is

set to 0.8 m from the side of the vehicle.

Figure 4.3: The PID controllers ability to correct for large deviations from the target distance.

The response seen in the experiment looks to be of adequate speed getting to the

target distance consistently around five seconds and stabilising around ten seconds, with

minor overshoot and little to no oscillation from the significant correction.

The experiments fully stabilised after approximately 20 s as seen in Figure 4.4, a

proper analysis could now be done on how well the ”row follower” controller can track a

certain distance.
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(a) After 20 s of following the row at a distance of

0.2 m.

(b) After 20 s of following the row at a distance of

0.8 m.

(c) After 20 s of following the row at a distance of

0.5 m.

(d) After 20 s of following the centre of the row

using two-side monitoring.

Figure 4.4: Stable period of the four different experiments, with each showing five different

runs.

Figure 4.4 demonstrates the accuracy of the controller by keeping the error within 5

mm and with the majority of the time being less than 2.5 mm. There is a possible reason

for the higher performance of the controller; the first is that the Velodyne Gazebo plugin

had a noise value of 8 mm, which is less than the expected accuracy of ±30 mm. This is

unlikely to be an essential factor due to the averaging done on the LiDAR data, negating

many fluctuations in the readings.

After further analysis with the same data, Figure 4.5 presents the core information

about each experiment.
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(a) Mean error for each task. (b) The standard deviation for each task.

Figure 4.5: Effects of the method used and distance from the vine on the expected error during

row following.

When comparing the controller methods for following the centre of the row, the

difference between the two mean errors is 0.3 mm or 56% in favour of only monitoring

one side. The expectation was for the method that monitors both sides to perform better,

but this information alone is not significant enough to make claims.

The data presented in Figure 4.5a demonstrates that the greater the distance from the

vine, the larger the average error was. The change in distance of 0.6 m seems negligible

to a sensor that can measure up to 100 m, but this accounts for an increase in beam

width of 0.33 m (from 0.44 - 0.77 m). The increase in mean error from ’0.2 m’ to ’0.8

m’ was nearly 800%, but this only equates to 0.9 mm, which is minuscule compared to

the system as a whole, with the largest mean error being 1 mm. Therefore looking at

the spread of data may present more useful information on the effects of distance and or

method of control. When looking at the standard deviation, it presents that the thought

of an increase in beam width creating a greater variation in depth measurements is not

present when looking at Figure 4.5b. The standard deviations demonstrated that the

distance seems to have little to no effect on the distances used for navigating down the

row. In contrast, it seems to present significant deviation when comparing the two control

methods. When looking at this result, it seems that it is due to the PID system being

tuned for tracking one side. When the ’two-side monitoring’ is used, the error is effectively

doubled by adding the errors from both sides. This increase in error associated with the

two-side monitoring could be the reason for the larger and more drawn out oscillations
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around the zero point when compared to the ’0.5 m’ experiment as seen in Figure 4.4d. It

is also noticeable that the two-side monitoring ’Error 4’ in Figure 4.4d demonstrate an

unstable control system, with each peak getting exponentially larger. When removing the

’Error 4’ data set from the prior calculations, the mean error dropped by 16% to 0.59 mm,

while the standard deviation dropped 43% to 3 mm. This brought this method slightly

closer but was not enough to compete with the other method for the current tuning of

the PID controller.

Comparing the centre following results from this experiment to other research such

as [21], demonstrates the potential of the PID controller, producing 10% of the error

compared to the paper. It should be noted that this can not be a direct comparison due

to the row types being different and their research being done in a real-world experiment,

but it can still provide a small validation for the results. This all leads to the next step,

which is to test the PID controller in a real-world environment. While a physical test

would solidify these results to fully determine the performance of this controller, it still

produced informative results on the use of such a controller for the SAA.

4.4 Mapping an Environment

Mapping an environment accurately is significant to having safe autonomous navigation

later on. The main packages used through development and integration were ’Gmapping’

and ’RTAB-Map’, with the ’Gmapping’ solution being used for final testing. Therefore the

purpose of this experiment is to compare the two packages to determine their suitability

for a vineyard environment and to further test the ’Gmapping’ package’s ability to map

large areas. The ’Gmapping’ package is tested further because it is the final choice for

SAA because of its consistency during development. The speeds used for this experiment

ranged from 0.5 m/s to 2.0 m/s, which produced consistent results. Below are the tests

performed on each package and the developments found through the research.
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(a) RTAB-Map failed map, using system setup from field testing.

(b) RTAB-Map successful map, with the architecture

setup used at the end of the project (latest).

(c) RTAB-Map successful map using 3D point

clouds.

Figure 4.6: Comparison of two separate mapping packages with updated localisation configu-

ration. Maps use the same data of the vineyard in Hastings New Zealand.

At the field testing in Hastings, the ’RTAB-Map’ package failed during field testing

with an ICP (Iterative Closest Point) error while going down the third row during the

mapping process, as shown in Figure 4.6a. This type of failure is mentioned in the paper

[68], where long corridor-like structures with low geometry complexity caused the package

to not be able to localise the vehicle relative to the row. This was thought to be the only

error involved with the mapping failure, but after all the current testing was done, the

same data was tested again but with a better localisation configuration (latest version);

this led to the vineyard being mapped correctly by ’RTAB-Map’ and can be seen in

Figures 4.6b and 4.6c. This likely means that during field testing, the localisation was not

ideal for ’RTAB-Map’ and assisted in the ICP error occurring caused the mapping failure.

Due to ’RTAB-Map’ failing during field testing, a new solution was created in a short

amount of time to allow testing to continue. This new solution involved the mapping

package, ’Gmapping’, which resulted in the maps like that presented in Figure 4.7b. The
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(a) ’Gmapping’, architecture setup used at field

testing.

(b) ’Gmapping’, architecture setup used at the end

of the project.

Figure 4.7: Comparison of two separate mapping packages with updated localisation configu-

ration. Maps use the same data of the vineyard in Hastings New Zealand.

use of ’Gmapping’ was later backed when it was mentioned in the research [40] that looked

at mapping options for a vineyard. ’Gmapping’ was part of the final choice from six

different mapping solutions. It was noted within this paper that ’Gmapping’ provides

consistent maps even if they are not precisely aligned, demonstrating a slightly bowed

shape. This bowing is not seen or is minor in Figure 4.7. These reasons led to the

’Gmapping’ package being used in the final testing, where it was expected to work well

for small Gazebo worlds and still provide good results for larger worlds similar to the real

vineyard.

When comparing the occupancy maps created by both mapping packages with the

current setups, it can be seen that they present very similar results, with ’RTAB-Map’ in

Figure 4.6b providing greater detection of the rows when compared to ’Gmapping’ shown

in Figure 4.7b. This is likely because the occupancy threshold parameter is different

between the two packages. This was lowered for the ’Gmapping’ package to help ignore

long grass found in the rows, which can be seen in a couple of the rows for ’RTAB-Map’

(as black dots in a row). When looking at the two Figures 4.6b and 4.7b, there is an

odometry line that shows the path taken by the vehicle when mapping. The mapping

package adjusts this path to align the map with prior points through their own stitch

methods. It can be seen when ’Gmapping’ was used that the odometry line jumps around

a little and sways to the edge of the rows, which did not occur during the data collection.

When looking at the odometry from the ’RTAB-Map’ mapping, it produced steady and
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consistent odometry. These results demonstrate that ’RTAB-Map’ is a suitable package for

mapping a vineyard, even though initial testing determined it not to be. This comes from

the package performing just as well as ’Gmapping’ if not slightly better by maintaining

its localisation.

As ’Gmapping’ relies on obstacles for reference (like most mapping packages), it was

tested by making it map empty areas that were fenced, with sizes of 20 m2 and 50 m2 as

demonstrated in Figure 4.8. The other areas that required mapping were the ones used

for the other experiments, which involved a small vineyard world and a large 50 m2 world

with large rows breaking it up.

(a) ’Gmapping’ package used to map 20 m2 area for

obstacle avoidance. Cell size is 1 m.

(b) ’Gmapping’ package used to map 50 m2 area.

Cell size is 10 m.

Figure 4.8: The PID controllers ability to correct for large deviations from the target distance.

When the package is only able to see one reference (such as a wall), it begins to lose

position, and once it is unable to see any reference points (empty space), it begins to lose

orientation as well and, therefore, the mapping performance decreases. This can be seen

in Figure 4.8b, where the size of the map is not 50 m2 but closer to 40 m2. This is not

too significant of an issue due to the AMCL package being able to correct the vehicle’s

pose as it gets closer to more reference points, but it is not ideal. When the ’Gmapping’

package get multiple references, it works well, showing a 20 m2 area as seen in Figure

4.8a, due to it having vision on three out of the four walls.
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The following Figure 4.9 demonstrates the occupancy maps created for the global

planner experiments, which are similar in size to the prior empty maps but include rows

to create a more complex environment for the planners.

(a) Vineyard occupancy map with vine rows, at 2.5

m spacing. Each cell is 1 m2.

(b) 50 m2 occupancy map with solid walls for rows,

at 10 m spacing. Each cell is 10 m2.

Figure 4.9: Maps used for global planner experiment.

To test the planners in a near to real vineyard environment, the map in Figure 4.9a

was created based on the vineyard world seen in Figure 4.10b. This map worked well for

navigation despite the rows not being very defined but was able to retain the world size

correctly, similar to Figure 4.8a. The map shown in Figure 4.9b was created to test the

global planners in a large, relatively open area to detect any downfalls when there is a lot

more space to search. This map had retained its size, unlike Figure 4.8b, but the map

can be seen to be distorted slightly and not fully symmetric on its main axes as it should

be. This caused some obstacles to be in a slightly different position than expected by the

map. These issues did lead to some minor difficulties during the planner experiment by

affecting the vehicle’s pose, which will be looked into further in the planner experiment

section in this chapter. These results show that the ’Gmapping’ package is suitable for

vineyard rows and small open areas, but any large open area will require a better mapping

method or navigation method to traverse.
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4.5 Path Planning Comparison

The three path planners used for testing involved Dijkstra, A*, and Bias-IRRT*. The

experiment aims to determine the optimal planner to navigate a corridor crop environment.

To compare each planner, a record was kept of the plans and paths taken when these

were followed, along with the times taken to plan and complete the journey. To test the

planners, they were used in three different scenarios, each attempting to represent an

environment within a vineyard. The first was a straight-line (control) test at 10 m and 40

m, where each planner was used three times. The second was to plan diagonally through

a large 50 m2 map, which was split into 10 m intervals with walls, with each planner

being used ten times. Thirdly was to plan through a small vineyard world with 2.5 m row

spacing (centre to centre), with each planner being used ten times. These experiments

were all done in simulation, with the worlds shown below in Figure 4.10. Once mapped,

the starting position was kept consistent within the different scenarios but changed when

the world had changed. This was done by using a goal publisher script to place the goal

in the same position. It was also essential to select the starting position within an area

with consistent cost values around it so that an uneven cost distribution would not skew

the paths.

(a) 50 m2 world created in Gazebo for planner test-

ing.

(b) The vineyard world was created in Gazebo with

the row length set to 8 m.

Figure 4.10: The two Gazebo worlds that were used for path planner testing.

Each planner had their parameters set as seen in Figure 4.11, with each one being
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tuned to work best in the two simulated worlds.

(a) A* parameters that were

used for testing.

(b) Dijkstra parameters that

were used for testing.

(c) Biased-IRRT* parameters that

were used for testing.

Figure 4.11: The two Gazebo worlds are used for path planner testing.

Because the planners use different cost functions, the time to plan and navigate was

used to quantify the planner’s results. Towards the end of testing, it was found that

the ROS time was not equivalent to real-world time, with the ratio being determined by

what Gazebo world was used. The times were scaled based on the ratio of simulation

time to real-world time to ensure the data could be of use when comparing the different

environments. The scaling provided improved results compared to using the original ROS

times but should be remembered and changed to record the computer time for future

testing.
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(a) Dijkstra plans for 10 m goal. (b) Dijkstra plans for 40 m goal.

(c) A* plans for 10 m goal. (d) A* plans for 40 m goal.

(e) Bias-IRRT* plans for 10 m goal. (f) Bias-IRRT* plans for 40 m goal.

Figure 4.12: Control experiments testing planners on a line of site goal.

The outcome from the ”control” (straight-line) experiments show that Dijkstra and

A* formed relatively straight, optimal plans to traverse. It is interesting to compare the

two plans created with Dijkstra creating curved paths and potentially better for a vehicle

to follow, while A* produced consistent, sharp paths. A notable observation is that both

planners had an initial point downward in the paths, which is a move that does not follow

their cost functions. This is likely due to the ’base link’ position not being centred on a

grid cell and because the planners are discrete, and using the grid cells to provide these

fixed steps for the paths caused this slight offset.
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The Bias-IRRT* planner can be seen to produce what seems to be the quickest path in

the 10 m experiment with a straight line, but was still 20 s slower than the next planner

A*. When comparing the path creation times to the paper [62], they produce similar

results, with the time taken in the paper being around 4 s to get near-optimal solutions

in a relatively non-complex solution. This may mean the planner required more time to

produce a near-optimal path in more complex or larger areas.

The following experiment covers the global planner’s ability to plan consistent, optimal

paths through a potentially multiple path environment. The following Figure 4.13, presents

the plans and paths taken for the large 50 m2 map seen in Figure 4.9b from the prior

section.
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(a) Dijkstra plans. (b) The paths taken when using the Dijkstra plans.

(c) A* plans. (d) The paths taken when using the A* plans.

(e) Bias-IRRT* plans.

(f) The paths taken when using the Bias-IRRT*

plans.

Figure 4.13: The plans created and paths travelled through the ’big world’ environment.

As illustrated in Figures 4.13a and 4.13c the two planners that provided consistent and

what looked to be optimal paths were the Dijkstra and A* planners. One main difference

between these two planners is that the Dijkstra planner produced much smoother, rounded

paths when compared to A*. This meant it was easier for the vehicle to follow and can

be seen in Figures 4.13b and 4.14d, where the vehicle turns multiple times at the start

with the A* planner. The Bias-IRRT* planner produced paths on almost every row,
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making it inconsistent, and surprisingly the one row it did not make a path down is the

one both Dijkstra and A* had taken every time. When running the experiment, it was

found that the planner connecting a new node to the closest branched node would make

it progressively more difficult for branches to be created in the centre of the map as there

will be established branches around it in other rows already. This would make any new

node connect to the outside branches rather than potentially make a more optimal branch

in the middle of the map. A limitation to the Bias-IRRT* was found where if the current

plan is long due to weaving around and through rows, the ’informed’ part of the planner

does not help as the ellipse is too large to narrow down the search space. Therefore this

made plans vary much more when compared to the straight-line experiment. Therefore

with these two now known limitations of the Bias-IRRT*, it is understandable why it was

difficult for the planner to produce a plan in the centre row. For it to do so, the planner

would need many more iterations.
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(a) Dijkstra plans. (b) Paths travelled using the Dijkstra plans.

(c) A* plans. (d) Paths travelled using the A* plans.

(e) Bias-IRRT* plans. (f) Paths travelled using the Bias-IRRT* plans.

Figure 4.14: The plans created and plans travelled through the ’vineyard world’ environment.

The ’vineyard’ experiment produced similar results to the ’big world’ experiment.

Dijkstra and A* were the most consistent planners, producing paths down the row, which

was the optimal path to take. The only concern was that the A* planner did fail to create

the plan one time, with it showing a plan on RVIZ but was unable to retrace and publish

it. This is likely a bug in the A* planner from the navigation stack that is caused when

the cost values become larger with less room for the planner.

The Bias-RRT* planner was able to produce 60% of its paths down the row but failed

any other time because of it trying to plan down other rows. This success rate is for
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similar reasons to the ’big world’ experiment, but due to the small search area to start

with, it produced high chances of making shorter paths allowing the search area to shrink

more until a path down the row was created.

Figure 4.15: Time taken to navigate to the goal using the planed path for each planner.

When looking at the navigation times in Figure 4.15, it can be seen that the Bias-IRRT*

is the slowest in every environment, and considering it took a significant amount more

time when compared to the other two planners to create these plans. When comparing

Dijkstra and A*, the navigation times are very close to each other, but it is demonstrated

that Dijkstra’s plans are slightly faster than A*’s. This would be because Dijkstra seemed

to plan smoother paths, while A* is more ridged when turning. This, in turn, caused

the vehicle to struggle when having to follow such sharp turns, which was illustrated in

Figure 4.13d. A similar performance between the two grid-based planners is also seen in

the paper [101] and showed that significant differences only became apparent in kilometre

ranges.

The time taken to plan the paths were also recorded to see if there was any noticeable

difference in planners and is seen in Figure 4.16.
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(a) Time taken to plan a path to the goal for each

planner.

(b) Zoom in on A* and Dijkstra planning times

from Figure ’a’.

Figure 4.16: Effects of planner type and environment on planning time.

Figure 4.16, shows the experimental difference between the Dijkstra and A* planners

better. Overall the differences are very minimal, but a few things can be noted, such as

that A* found a path in the vineyard (a more complex) environment approximately 24%

faster than Dijkstra. At the same time, Dijkstra performed approximately 21% better

on the large across map goal. It is also interesting to see that Dijkstra seems to perform

faster as the goal gets further away, which is entirely against the nature of the algorithm,

with it needing to search every cell up to reaching the goal. This is in comparison to the

A* times which stayed relatively consistent in time taken to form a path.

When reviewing all the planner results, the planners that showed the best performance

for the vineyard environment were the grid-based planners due to them producing the

best looking and most consistent paths. All of these planners are usable for the current

vehicle, but in future research, there should be a focus on testing a kinematic planner

such as the hybrid A* planner [32].

4.6 Obstacle Avoidance

Being able to avoid known obstacles is mainly tasked to the global planner while avoiding

obstacles that the global planner was unaware of is given to the local planner. Both cases

are tested in the following experiment, with the path taken when the obstacle was known

being used as an ideal path for reference. This emphasises how well the local planner can

adjust and travel safely to the goal. The plans and the paths were recorded ten times for
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each obstacle to determine the efficacy of the local planner when following the global path

and when having to avoid an obstacle in the way. The planner of choice to provide the

global plan (ideal path) was the A* planner due to it finding the optimal or near-optimal

path every time while still moving towards the goal.

The setup included creating a 20 m2 mapped area as seen in Figure 4.17. Additionally,

obstacles were created or sourced appropriately for use in the testing process, with these

obstacles being presented in Figure 4.18.

Figure 4.17: 20 m2 Gazebo world used for obstacle avoidance testing.

The obstacles used included were meant to represent potential objects found on a

vineyard and or represent generic shapes. The objects included the following; a construction

cone ( 0.5 × 0.5 m), a large harvest bin (1.2 × 1.2 × 0.65 m), a small harvest bin (0.6 ×

0.4 × 0.167 m), a triangle with each side being 1.15 m, and a pillar ( 0.36 m radius and 1

m tall). Each of these objects can be seen in Figure 4.18.
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Figure 4.18: Four different obstacles were used to test the avoidance of the SAA.

Names of objects: cone, large harvest box (black), small harvest box (blue), triangle, and pillar.

The construction cone was sourced from the Gazebo models library [102], the boxes

were made using standard URDF format but based on real harvest tools [103][104], and

the triangle was built using CAD software. The experiment operation involved placing

the centre of the obstacle 7 m from the rear axial (base link) of the vehicle (approximately

4 m from the front of the vehicle) and the goal 13 m from the start location on the other

side of the obstacles.

The first experiment looked at potentially one of the shortest and likely obstacles to

come across in a vineyard environment, this being a small harvest bin used by workers

when harvesting [104].

(a) Global planner plans right through the small

harvest box.

(b) Local planner was unaware of the small harvest

box and travels straight into it.

Figure 4.19: Global and local planners did not take notice of small box and end up pushing it.

The small harvest box was hit in both cases of the experiment. This happened because

neither map could see such a short box due to the minimum detection height of the LiDAR
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being 0.4 m. This is a concern for the SAA as this item should be detected and avoided if

possible.

Covering general shapes was deemed necessary because the vehicle will come across

similar objects and surfaces in a vineyard environment. Figure 4.20 demonstrates the

results from the three experiments, with overall solid results for the pillar and triangle

shapes, while providing intriguing information on the large harvest box.

(a) Local planners avoidance of a pillar. (b) Local planners avoidance of a triangle.

(c) Local planners avoidance of the large harvest

box.

Figure 4.20: Comparison of travelled paths using A* planner and a straight plan through the

generally objects.

The pillar and triangle experiments seen in Figure 4.20 demonstrated near ideal paths.

The fact that the travelled paths are much closer to the object was expected due to the

local planner having a smaller window of detection when compared to the global planner.

The large harvest box was able to serve as a general shape as well as a real object that is

used in the agriculture world for harvesting produce [103].
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(a) Local planner failed by planning through large

harvest box.

(b) Local planners avoidance of the large harvest

box.

Figure 4.21: Comparison of a travelled path using A* planner and the paths taken relying

solely on the local planner to get around the large harvest box.

F Interestingly this object was only evaded 60% of the time when relying only on the

local costmap info and local planner, as illustrated in Figure 4.21b. Given the object’s

size, this result is unexpected, where the local planner should have been able to avoid

this obstacle every time. This was due to the local planner trying to plan through the

box where a voxel was not placed on the costmap, as seen in Figure 4.21a. This is a

questionable action made by the local planner as it knows a rough idea of the vehicle size

and is aware of the local costmap, meaning it would not be expected to plan through such

a tiny gap. This was the only reason for colliding with the large box, with the successful

attempts getting around the obstacle with no problem, which is demonstrated in Figure

4.21b. The issue could potentially be fixed by applying a local costmap plugin called

”Costmap conversion” that joins co-inside voxels to make a solid object on the costmap

rather than individual points.

The worst performing experiment involved the construction cone, where it failed 100%

of the time as seen in Figure 4.22.
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(a) Vehicle colliding with cone base in Gazebo. (b) Local planners avoidance of the cone.

Figure 4.22: Comparison of a travelled path using A* planner and the paths taken relying

solely on the local planner to get around the construction cone.

While trying to navigate around the cone, the vehicle would begin to evade the cone,

and once it thought it was clear, it would turn and collide into the base of the cone,

as demonstrated in Figure 4.22a. This was due to the local costmap only showing the

top of the cone as an obstacle. Because the top is significantly smaller than the base,

the costmaps inflation layer was not large enough to make the vehicle take a wider turn.

This is a significant result as cones are obstacles that will be present in an agricultural

environment and need to be evaded appropriately.

When considering all of the obstacle avoidance experiments, the issue with the current

SAA is the limit in height detection of obstacles, in combination with the small local

costmap and the reasonably close path taken by the local planner. The issues with the

large harvest box and the construction cone could be fixed by incorporating a periodic

re-planning using the global planner as it looked to still produce a safe plan with minimal

detection. This re-planning will still not help with obstacles below the detection height

and will benefit from more complex solutions. The way to fix this problem is to lower

the height at which LiDAR data is incorporated into the local costmap but filter out

non-obstacles such as long grass. This could be done by increasing the detection threshold

and or sensor fusion by incorporating a camera to detect and filter out irrelevant objects.
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4.7 Ability to Transfer Autonomy

The main objective of this research is to find a modular SAA that can be transferred from

one custom platform to another for an agricultural environment. For this architecture to

be transferred, a few components will need to be changed and or tuned.

• URDF: This would need to be changed to represent the new vehicle and sensor

layout.

• TEB Local Planner: This would likely take a reasonable amount of time to tune for

any change in vehicle.

• Robot Localization Package: This may require a small amount of tuning due to a

change sensor layout.

• Costmap 2D Package: The tuning of parameters may be required.

The number of changes needed during the transfer process will depend significantly

on how much the new vehicle and tasks differ from those used in this research. The

types of vehicles this architecture can be applied for are other four-wheeled vehicles that

implement Ackermann or differential styled drive control and potential for vehicles that

allow for omnidirectional driving.

4.8 Summary

This chapter covered the evaluation done on the SAA, with a golf cart as the base vehicle.

Through field testing, it was found that the SAA required more testing within a vineyard

environment and adjustments to the architecture to allow it to be used in all areas of

agriculture. These conclusions came from the SAA’s ability to first map a vineyard using

’RTAB-Map’, which changed after field testing to a ’Gmapping’ configuration. This was

later found to be an issue with ’RTAB-Map’ and the localisation package setup at the

time, as it successfully ran at the end of this project. Field trials also provided a greater

understanding of the SAA’s navigation side, with it only struggling to navigate down the

vineyard rows. A couple of components were thought to create this navigation difficulty.
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The first is the golf cart’s minimum speed and delayed braking at the time on sloping

terrain. The second was the costmap parameters being too strict, making it difficult for

the global planner to perform correctly and, therefore, to navigate. Using this information,

an improved simulation was developed and used for testing as the vineyard was not easily

accessible.

To allow a vehicle to help workers or potentially harvest produces, it was deemed

essential to have the SAA involve a ’maintain row distance’ mode. This was done using a

3D LiDAR and a PID controller, which showed excellent results by tracking a distance

with a mean error and a standard deviation of a few millimetres. These results should be

taken as a starting point, with field testing being a true test for this component of the

SAA.

Determining the best type of global planner for a vineyard environment was done by

comparing three planners, Dijkstra, A*, Bias-IRRT*. This compares two very similar

grid-based planners from the ROS navigation stack (Dijkstra and A*) to a sample-based

planner (Bias-IRRT*). The key findings from this comparison were that the grid-based

planners outperform the sample-based planner, which is understandable due to a vineyards

layout being ordered and grid-like structure.

When an obstacle is unknown to the global planner, it is expected that SAA is

capable of avoiding it. This was tested and placed a focus on the local planner to

perform intelligently based on its current situation. To test this component of the SAA,

general shaped obstacles and obstacles that could be found on a vineyard were positioned

approximately 4 m in front of the vehicle and tasked to get to a position on the other side.

This provided findings where 40% of the obstacles were entirely avoided, 10% partially

avoided, and the other 40% failed. This was determined by the representation of the

obstacle within the local costmap, which was impacted by the shape and size of each

obstacle. This concluded that periodically calling the global planner to ensure an optimal

and obstacle-free path will assist this issue. However, additional filtering and detection of

surroundings are required for greater performance in obstacle avoidance.

A vital purpose of the SAA was to make it a transferable system for agricultural

vehicles. Even though this was not fully tested in the research, it is believed that the

SAA created will be suitable for other four-wheeled vehicles. There will be an increase in
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difficulty when the new vehicle begins to differ greatly from the one used in this research,

but the central adaptations are in software. The final chapter concludes the many sections

of this work while bringing forth areas of the SAA that require further work to solidify

the SAA’s functions.
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Chapter 5

Conclusions and Future Work

This chapter provides a conclusion of the thesis and the outcomes found through this

research. Additionally, the chapter also covers potential improvements for the SAA that

were found through the development and evaluation stages.

5.1 Conclusion

The overall aim of this thesis was to present a transferable architecture that transforms a

vehicle into a semi-autonomous platform, which can be implemented in any corridor crop

environment. The SAA fulfilled this objective. The architecture was integrated into a golf

cart used as a platform for real-world testing and development. Additionally, developed

simulations provided the necessary environments to evaluate the SAA’s performance in

many scenarios. This helped determine its efficacy as a tool to create a semi-autonomous

vehicle.

The final SAA was achieved with a combination of hardware and software architec-

tures, which were integrated using a ROS framework. These architectures were created to

provide the SAA and, therefore, the platform to localise, map, navigate and communicate

within corridor crops. Multiple sensors and electronic components were used to build this

perception of the vehicle and the world around it, providing the vehicle with the physical

capability to be semi-autonomous. The development of software and use of ROS packages

provided the necessary intelligence to retrieve, react and plan within the corridor crop
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environments.

This thesis also presented several experiments to evaluate the SAA’s performance.

This included field trials which yielded useful information about the SAA, as these trials

illustrated the downfalls of testing in an open concreted area. This was demonstrated

when attempting to map and navigate a vineyard, as the SAA’s software component

faulted and had to be adapted at field trials to be used for continued testing. After this,

it was found that testing the SAA in a non-corridor crop environment will not assist in

further developments.

The simulation was an additional method used, which allowed for the construction

of specific worlds to represent different environments found on agricultural sites. Using

these simulations allowed for the evaluation of different components, such as maintaining

a specific distance from a row, mapping, navigation, and obstacle avoidance.

Through the use of simulations, it was found that the row follower was able to track a

specific distance without exceeding an error of 5 mm. It was also found that monitoring

both sides of the row was less effective for the current configuration of the controller,

compared to monitoring one side only.

The mapping solutions that were compared and evaluated were ’Gmapping’ and

’RTAB-Map’. The final solution included the ’Gmapping’ package and was chosen due to

’RTAB-Map’ failing during field trials. However, with the current localisation configuration,

’RTAB-Map’ provided an accurate map of the vineyard used in field trials. This allowed

for a comparison to be made between the two packages, which demonstrated that both

were suitable for mapping vineyard environments. Due to ’Gmapping’ being part of the

final SAA, it was tested further to determine when the mapping package would start to fail.

The point of failure occurred when the map became larger and sparse of references, which

was seen at an environment size of 50 m2 for the SAA. These maps were used to test the

global planners Dijkstra, A*, and bias-IRRT*. This revealed that the grid-based planners

Dijkstra and A* significantly outperformed the sample-based planner, bias-IRRT*. Where
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the grid-based planners produced consistent and near-optimal paths, the sample-based

planner produced multiple paths in all environments and was only successful 60% of the

time within the vineyard world.

Lastly, an experiment was designed to test how effective the local planner was at

evading obstacles that the global planner was unaware of. The results showed the SAA’s

need for different types of sensors and software to provide additional obstacle detection,

with smaller and or oddly shaped objects not being seen and therefore not evaded.

This thesis presented many positives to the SAA and highlighted areas where there

are opportunities for further developments to be made. Overall, the SAA is an AV

development that can provide autonomous technology to many agricultural areas. Its

potential to alleviate stressors within the agricultural sector makes the SAA a promising

technology.

5.2 Future Work

Although the SAA can allow the golf cart to drive autonomously through a vineyard

environment, there were still shortcomings found in this thesis. To further the SAA’s

autonomy level, the architecture requires more development on top of the findings from

this research. The first few steps to achieve this should be to integrate more sensors

such as the stereo camera and potentially a RADAR. This will likely allow for better

obstacle avoidance and recognition, overall allowing the architecture to reach higher levels

of intelligence. As mentioned in the thesis, having these different detection methods would

probably allow the vehicle to recognise small objects such as the small harvest box, thin

metal fencing and an improved the row detection system used to start the row following

the event. Improving the software section can be a near-endless development, but the

main parts to focus on would be the following. A kinematic version of the global planners

such as hybrid-A*, combined with a Reeds-Shepp or Dubins, would be worth investigating.

This would be expected to improve the SAA for non-holonomic vehicles by providing more

information for the TEB local planner and creating easier paths to follow. Improving and
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adding to the current recovery methods would allow the vehicle to have a more robust

system for any faults or anomalies.
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Figure A.1: Wheel encoders step-down circuit board.
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Figure A.2: Mapping systems TF tree

Figure A.3: Navigation systems TF tree
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