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“A weed is but an unloved flower!”

Ella Wheeler Wilcox






vii

UNIVERSITY OF NEW ENGLAND

Abstract

Computational Science
School of Science & Technology
Doctor of Philosophy
Computer Vision Approaches for Weed Detection: Using Traditional and Deep
Learning Methods in Southeast Australian Pastures
by Jonathan FORD


HTTP://WWW.UNE.EDU.AU
http://www.une.edu.au
http://www.une.edu.au

viii

Weeds pose a significant challenge in Australia, costing the livestock industry an
estimated AUD 2,409 million annually due to control measures and lost production.
The application of computer vision for weed detection in agriculture is an expanding
area of research, offering the potential to develop autonomous, site-specific weed
management (SSWM) solutions that minimize herbicide use and reduce the labour
needed for weed control. Using images collected by autonomous ground vehicles
in Southeast Australian pastures infested with a range of weeds, several computer
vision techniques were considered.

In one study, a pipeline was developed using local binary patterns, histograms
of oriented gradients, and colour features, and an extreme learning machine, to pro-
duce a fine, patch-based segmentation of images containing serrated tussock, this-
tle species, white horehound, and Bathurst burr, yielding a mean Intersection over
Union (mIOU) of 87.6, 81.6, 79.5 and 87.1 respectively. The fine-grained segmenta-
tion produced by this model enabled more accurate localization of individual weed
plants, which should enable a greater precision in herbicide application.

In another study, a dual-purpose network for plant segmentation and spray
point detection was developed using a novel convolutional neural network (CNN)
architecture incorporating ConvNeXt modules. This network was tested on a dataset
of serrated tussock and achieved a mean Intersection over Union (mIOU) of 80.7 for
segmentation and an F1-score of 79.6 for spray point detection, even under field con-
ditions not encountered during training. These results outperformed state-of-the-
art dual-purpose networks. Furthermore, when a novel normalization technique,
termed HistMatch, was applied prior to input, the network’s performance improved
to an mIOU of 85.4 and an F1-score of 80.6, respectively.

The dual-purpose network was then tested on a multispecies dataset of serrated
tussock, white horehound, variegated thistle and stinging nettle, yielding mIOU val-
ues of 88.8 and 82.6 for the plant and spraypoint tasks respectively. This demon-
strated that the network was able to generalize well to the situation in which multi-
ple species of weed are present in a field.

The studies presented in this thesis have advanced the understanding of com-
puter vision techniques for weed localization in pastures in several ways. Firstly,
the ELM-based segmentation approach demonstrated greater precision in weed lo-
calization compared to previous methods that relied on classification or bounding
box techniques. Additionally, the development of a dual-purpose network for plant
segmentation and spray point localization in pastures represents the first of its kind,
enabling more flexible treatment options depending on whether herbicide is applied
to the entire plant or just its center. HistMatch normalization proved to be a supe-
rior technique compared to other normalization methods, particularly in scenarios
where illumination and growing conditions in the test set differ from those encoun-
tered during training. Further testing of this dual-purpose network showed that it
remains robust even in complex scenarios where multiple weed species are present
in the field.
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Chapter 1

Introduction

1.1 Motivation

The focus of this research is the application of computer vision for the automatic
detection of weeds in Southeast Australian pastures. Weeds represent a signi cant
challenge in pastures, as they offer minimal to no nutritional value to livestock and,
in some cases, can be harmful [74, 230]. Additionally, weeds compete with bene cial
pasture species, leading to decreased productivity. The cost of weeds in Australia,
including direct control costs as well as the cost of lost production was estimated to
be $AUD3,927 million per year in 2018, with livestock industries alone accounting
for a majority of $AUD2,409 million [160].

Agricultural land can be broken down into several different categories. Crop
elds consist of crop plants, typically planted in rows, which are cultivated for hu-
man or livestock consumption, and include such things as grains, vegetables and
fruit. Crop elds are generally only planted with a single species of plant at any one
time, and the space between the crop plants is often bare soil or stubble, which may
or may not contain weeds [96, 139]. Pastures, on the other hand, consist of multiple
different plant species growing in a random arrangement, and may be largely com-
prised of grasses, as well as broadleaf species, such as clover. Pastures do not directly
produce human food, but are instead used for grazing animals, such as sheep and
cattle. Pastures are sometimes referred to as rangelands, although there is no clear
distinction between the two terms. The NSW DPI ! reserves the term “rangeland” for
regions of NSW which are arid or semi-arid, and receive less than 500 mm of annual
rainfall on average. In this thesis, the term “pasture” will be used for all grazing
land, except where referencing studies which themselves use the term “rangeland”.

One potential method for detecting and controlling weeds in farmland involves
the use of an Autonomous Ground Vehicle (AGV). Such a vehicle requires a system
for navigating around the eld to ensure adequate coverage, a system for avoiding
obstacles such as large rocks or trees, a system for detecting weeds, and a system for
treating weeds, which may involve the application of herbicide via spray nozzles.
These systems need to be interconnected. For example, the system for detecting

Lhttps://www.dpi.nsw.gov.au/agriculture/pastures-and-rangelands/rangelands



2 Chapter 1. Introduction

weeds will need to communicate with the system for treating weeds, so that an ap-
propriate treatment is applied only when weeds are found. This literature review
will focus solely on the systems use for detecting weeds, as this is the subject of the
thesis.

The rst step in detecting weeds is capturing images of the farmland, which may
be carried out by downward facing cameras, although cameras inclined at an angle
to the perpendicular are also possible [17]. There are several choices of vehicle to
use when capturing images of farmland, which fall into three main categories, being
ground vehicle (either manned or unmanned), unmanned aerial vehicle (UAV), and
satellite. UAVs can operate at varying heights, ranging from as little as 2 metres [271]
to over 100 metres [264] above ground. The choice of vehicle, and hence the height
above ground at which the images are captured affects the minimum size of features
that can be distinguished in the images. This is typically quanti ed using the idea
of a ground sampling distance (GSD), which is the distance, at ground, between
adjacent pixels in the image. Unsurprisingly GSDs vary widely, with one satellite-
based study reporting a value of 0.3 m [220], in comparison to one dataset, captured
at ground level, reporting a value of 0.11 mm [85].

Another consideration is the kind of camera to use. While one option is a simple
colour camera, capable of capturing RGB 2 images, it is also possible to use infra-red
cameras, multispectral cameras capable of capturing multiple bands in the electro-
magnetic spectrum, as well as sensors which measure depth information. The use
of multispectral cameras is referred to as hyperspectral imagery (HSI). One exam-
ple study utilised HSI to produce images containing 61 bands, ranging from 400 nm
- 1000 nm in wavelength [54]. Another example study presented a publicly avail-
able dataset, that was captured using multiple sensors, which combine RGB, near
infrared (NIR), and depth information to produce a point cloud of the eld [4]. NIR
images are particularly effective at separating plants from soil due to the high re ec-
tivity of chlorophyll at this wavelength [4, 201].

One of the challenges with weed localization is that weed and non-weed species
may have similar colours, morphology or texture [82]. In addition, there may be
considerable overlap between different plant components, making it dif cult to dis-
tinguish where one plant ends and another starts [139].

Traditional methods of weed control involve substantial human effort and ex-
tensive use of herbicides, which can adversely affect environmental health. An au-
tomatic solution for weed management in pastures presents numerous bene ts. Pri-
marily, it would reduce the need for human labour and minimize herbicide usage by
employing site-speci ¢ weed management (SSWM). SSWM involves spraying her-
bicides only on the locations where weeds are detected, thus conserving chemicals
and reducing environmental impact [155]. One of the key obstacles to the devel-
opment of an automated SSWM solution is the need for weed identi cation algo-
rithms that can maintain a high accuracy across the variable conditions found in

2RGB images contain three colour channels, being red, green and blue.
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arable land [96]. Approaches to the automation of weed localization include con-
ventional machine learning algorithms, in which hand-crafted features are extracted
from the pixel data, and passed to a conventional classi er, such as a Support Vec-
tor Machine (SVM) [17, 46, 272] or random forest [5, 112, 147]. More recently, deep
learning methods utilizing multi-layered Convolutional Neural Networks (CNNs),
which can learn useful representations of data during training, has become more
prominent in the applications of computer vision in agriculture [256].

Weed localization in pastures presents signi cant challenges that are not encoun-
tered or are less severe in crop elds. These challenges include the absence of struc-
tured plant placement in rows (as seen with crops) and the considerable overlap
between different pasture elements, which are typically very similar in colour, mak-
ing it dif cult to distinguish individual plants. These issues can be seen in Figure
1.1. The leftimage shows an early-stage carrot crop eld where the plants are easily
distinguishable from the soil due to stark color differences. Additionally, the indi-
vidual plants have minimal overlap, which helps in clearly identifying the bound-
aries between crops and weeds. In contrast, the right image depicts a pasture with
numerous overlapping plants, including both bene cial species and weeds such as
variegated thistle and nettle.

FIGURE 1.1: (a) An image from the CWFID dataset [85], with small

carrot plants and weeds against a background of soil. (b) An image

taken for the CRC showing variegated thistle and nettle growing in
pastoral land.

The proposed solution in this thesis involves the real-time segmentation 2 of im-
ages captured by an Automated Ground Vehicle (AGV). This real-time image pro-
cessing enables the AGV's spray nozzles to be activated only in the presence of target
weeds, thereby offering a targeted application of herbicides, reducing cost and dam-
age to the environment. The scope of this project is con ned to the development
and implementation of the image segmentation component for weed detection and
does not encompass other aspects of AGV control, such as navigation and obstacle
avoidance, or the development of robotic hardware solutions.

3A precise de nition of what is meant by real-time will be given later in this chapter.



4 Chapter 1. Introduction

1.2 Background

The research presented in this thesis was conducted as part of a Cooperative Re-
search Centres Project (CRC-PY, titled “Novel Autonomous Robotic Weed Control
to Maximise Agricultural Productivity”. This project (hereafter referred to simply

as the CRC), examined real-time applications of computer vision in agriculture, and
focused on detection of weeds from images captured by downward facing cameras
at ground level. This technology could be used as part of an autonomous weeding
platform, and the target application was for site-speci ¢ management of weeds of
interest in Southeast Australian pastures. A range of different weed species were
considered as important, including serrated tussock ( Nassella trichotomja African
lovegrass (Eragrostis curvuld, horehound (Marrubium vulgare) and thistle species of
the family Asteraceasuch as spear thistle Cirsium vulgare, Scotch thistle (Onopor-
dum acanthiuny and variegated thistle ( Silybum marianun).

Datasets used in this thesis were captured by the NSW Department of Primary
Industries (DPI). Images were acquired using two off-road ground vehicles, the Po-
laris Ranger EV and the Kubota RTV 900XT, shown in Figure 1.2. These vehicles are
designed for off road use, including sloping and uneven ground, and can handle
low obstacles, such as clumps of tussock, and small rocks. The same camera system
con guration was used for both vehicles, and is presented in Table 1.1.

FIGURE 1.2: The two vehicles used for image capture in this study.
On the left is the Polaris Ranger EV, showing the data collection rig.
On the right is the Kubota RTV 900XT.

The complex eld conditions, including vehicle movement, plants of varying
heights, and varying levels of illumination caused by weather phenomena and ve-
hicle shadow led to some challenges with image generation. With the con guration
used, plants were in focus up to 400 mm above ground level, but some higher plants
were out of focus. The images were captured with an aspect ratio of 4.3, and a reso-
lution of 2460 by 2052 pixels, which corresponded to a ground patch size of 0.87 by
0.64 m.

4Commonwealth Grant CRCPIX000099. Further information about the CRC-P Program can
be found at https://www.cooperativeresearch.org.au/resources/industry-research-grants/
crc-p-grants/
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The frame rate used in data capture was 3 FPS. However, in order to maximize
the chance of detecting weeds during deployment, this rate could be increased, for
example, to ensure that every point on the ground was represented in a minimum
of three images. This would give the detection network three chances to detect each
weed, reducing the number of weeds missed. In order to prevent a backlog of im-
ages that require processing, the frame rate of the detection model must be no less
than the frame rate used in data capture. Given an image eld of view of 64 cm along
the shorter axis, we require three frames per 0.64 m of travel. The AGV travels at a
maximum of 1.3 m/s, and using the formula d = vt, where d, v and t correspond
respectively to distance, velocity and time, we have 0.64 = 1.3, ort = 0.492 sec-
onds, which is the time taken for a point on the ground to pass entirely through the
camera's FOV. In order to take three images in this time, we require an image every
0.492 3 = 0.164 seconds, which corresponds to a rate of 6.1 FPS. This provides us
with an upper bound on the time taken to process a single image, in order to pre-
vent a backlog. For this reason, and for the purpose of this research, real-time image
processing is deemed to be any process which can be completed, start to nish, in
164 ms or less.

TABLE 1.1: Camera system con guration settings used in this study.

| Speci cation | Value |

Mako G-507 camera, 5.1 MP
2/3 CMOS Sony IMX264 sensor
global shutter

| Colour Space | RGB
|
|
|

Camera

| Camera Height | 1200 mm
\ Camera Angle 0° (downward facing)
| Vehicle Speed 1 03mls

| Articial Lighting | Nil

| Frame Rate | 3fps

| Exposure Time | 16 - 1399ms

| Gain | 0-30db
| Gamma | 0.7
| Aperture | 5.6
Focal length 1000 mm
(0 - 400 mm above ground)

BH1751FVI Sensor
| Measuring range | 0 - 100,000 lux

Light Sensor Yocto-Light-V3 with

|
|
|
|
|
|
|
|
|
| Lens | Goyo Optical GM6HR31214MCN 12mth
|
|
|

| Sensitivity | 0.25 lux
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1.3 Southeast Australian Pastures

Southeast Australian pastures are shaped by a combination of unique environmental
conditions, ancient soils, and grazing management practices. These factors in uence
pasture species composition, productivity, and resilience, while also affecting the
prevalence and management of weeds. Understanding the characteristics of these
pasture systems is important for maintaining productive and sustainable grazing
enterprises.

Australian soils are among the oldest in the world due to the absence of ma-
jor glacial disturbance during the last glaciation approximately 21,000 years ago.
As a result, many soils have undergone extensive weathering, leading to increased
acidity and reduced concentrations of key nutrients such as phosphorus and carbon
[49]. In addition, the relatively recent European settlement of Australia, combined
with the absence of intensive cultivation practices by Indigenous Australians, has re-
sulted in comparatively few anthropogenic soils - soils that have been substantially
altered through direct human activity [49].

The species composition of Southeast Australian pastures has changed consider-
ably over time, with a shift from native warm-season grasses to introduced species
that remain green throughout much of the year. However, pasture composition
varies according to factors such as the original vegetation, climate, fertiliser inputs,
and grazing pressure [68]. The most common improved pasture systems consist
of perennial ryegrass (Lolium perenne) and white clover (Trifolium repens) [181].
Greater species diversity can enhance pasture resilience, with additional species
such as lucerne (Medicago sativa) and red clover (Trifolium pratense) improving
drought and heat tolerance while increasing dry matter production during summer
and autumn, when ryegrass growth typically declines [181].

Pasture productivity in Southeast Australia is frequently limited by climatic and
soil-related issues. During summer, many regions experience periods of high tem-
peratures and limited water availability, which can reduce the growth, persistence,
and nutritional value of key perennial grasses such as ryegrass [199]. In areas receiv-
ing between 300 and 550 mm of annual rainfall, irrigation is often required to main-
tain pasture productivity during periods when evaporation exceeds rainfall [199].

Soil acidity is another widespread issue. While lime application can improve
soil pH, its use is not always economically viable due to limited returns on invest-
ment. Consequently, acid-tolerant legumes such as serradella (Ornithopus spp.) and
subterranean clover (Trifolium subterraneum) are commonly used in these environ-
ments [75]. These legumes also play a critical role in pasture systems by contributing
biologically xed nitrogen, which may represent the primary source of nitrogen in-
put in many grazing systems [75].

Weeds are a major challenge in Southeast Australian pastures, with key species
including reweed (Senecio madagascariensis), serrated tussock (Nassella trichotoma),
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Chilean needlegrass (Nassella neesiana), and several thistle species [223]. Weed in-
vasion is often associated with declining pasture condition and can be promoted by
factors such as overgrazing, drought, reductions in perennial grass cover, poor soil
fertility, nutrient imbalances, and pest or disease pressure [223].

Although herbicides remain an important weed control tool, reliance on repeated
chemical applications alone can further weaken pastures by reducing desirable species
and creating gaps in ground cover that favour weed establishment. Effective weed
control therefore requires an integrated weed management approach. Such strate-
gies include maintaining healthy perennial grass and legume populations, reseeding
degraded paddocks, preventing overgrazing, and implementing good farm hygiene
practices to minimise the spread of weed seeds between locations [223].

Southeast Australian pasture systems operate within a challenging environment
characterised by ancient, nutrient-poor soils, periodic drought, and signi cant weed
pressure. Productive and resilient pastures depend on the selection of suitable pas-
ture species, management of soil limitations, and the implementation of integrated
weed management practices. Together, these approaches help maintain pasture pro-
ductivity, improve ecosystem resilience, and support the long-term sustainability of
grazing enterprises.

1.4 Research Questions

The research undertaken in this PhD project is centered on developing an advanced
computer vision system for the automatic detection of weeds in Southeast Aus-
tralian pastures. This endeavor requires addressing several critical research ques-
tions, each targeting a speci ¢ aspect of the system's development and evaluation.
These questions aim to explore the feasibility, ef ciency, and generalizability of var-
ious approaches and techniques within the realm of computer vision and machine
learning, particularly focusing on weed detection and management. The following
research questions guide this comprehensive investigation:

1. Can a shallow network be used to segment weeds in pastures in SE Aus-
tralia? This question explores the potential of using less complex, shallow
neural networks for the task of weed segmentation, aiming to balance accu-
racy with computational ef ciency.

2. Can CNNs be used to segment weeds in pastures in SE Australia — focus-
ing on modern architectures (e.g., NASNet/ConvNeXt)? Here, the research
investigates the application of state-of-the-art convolutional neural network
architectures to enhance weed segmentation accuracy and performance.

3. Can segmentation be done in real time? This question addresses the practi-
cal aspect of deploying the segmentation model in a real-time setting, as de-
ned above, based on hardware speci cations. This is crucial for the effective
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functioning of the Automated Ground Vehicle (AGV) in dynamic agricultural
environments.

4. Can we produce a combined plant/spraypoint detector? This involves devel-
oping a system that not only detects weeds but also identi es the precise spray
points for targeted herbicide application, optimizing weed management.

5. Can we produce a multi-species detector? This question expands the scope to
include the detection of multiple weed species, enhancing the versatility and
applicability of the system in diverse pasture conditions.

6. How well do segmentation models generalize to elds/conditions that they
have not been trained on? The generalizability of the developed models is
critical for their practical application, and this question assesses their perfor-
mance in untrained conditions and elds.

7. Can advanced data augmentation techniques improve results? This question
explores the use of data augmentation techniques that, to date, have not been
applied to weed localization studies.

By addressing these questions, this research aims to advance the eld of agricul-
tural technology, providing innovative solutions for ef cient and sustainable weed
management. Table 1.2 provides a summary of which research questions are an-
swered in which chapters.

TaBLE 1.2: Research questions and the corresponding thesis chap-

ters.
Research Description Chapters
Question Addressed
1 Shallow networks 3
2 CNNs 4,5
3 Real time 3,4,5
4 Joint task 4,5
5 Multispecies 5
6 Generalization 4,5
7 Augmentation 5

1.5 Outline of Thesis

This thesis is presented as a collection of publications, each addressing speci c re-
search questions and contributing to the overall development and evaluation of the
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computer vision system for weed detection. Each publication details the method-

ology, experiments, and ndings related to a particular aspect or aspects of the re-

search, ensuring a comprehensive and rigorous exploration of the topic. A tech-
nology roadmap outlining the problem, the progression of the research towards a

solution, and the outcomes of this research is presented in Figure 1.3. The remaining
chapters are structured as follows.

FIGURE 1.3: Research progression roadmap showing the key stages

of this thesis, including baseline approaches, joint plant and spray-

point detection, multispecies extension, training optimisation, and
condition-invariance evaluation.

In Chapter 2, a review of the literature with respect to computer vision appli-
cations in weed detection is presented, with a particular focus on those systems
designed for use in pastures and/or in image segmentation problems. Chapter 3
presents the rst paper, which relates to the use of shallow networks in the segmen-
tation of serrated tussock and other weed species from background pasture. Chap-
ter 4 presents the second paper, which focuses on serrated tussock, and explores
the use of convolutional neural networks (CNNSs) for the joint tasks of plant seg-
mentation and spraypoint detection. Chapter 5 presents the third paper, in which



10 Chapter 1. Introduction

the work done in the preceding chapter is extended to the task of multi-species

weed detection. This chapter also explores the use of advanced sample mixing data
augmentation techniques in agricultural applications. Finally, Chapter 6 presents a

comprehensive discussion evaluating whether the research conducted in this thesis
successfully addressed the posed research questions. It also identi es any remain-
ing unanswered questions and proposes several potential future research directions,

building on the themes explored in this study.
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Chapter 2

Literature Review

2.1 Introduction

Weeds in agricultural land are unwanted plants that compete with crops and ben-
e cial pasture elements for water, nutrients and sunlight. Some weeds found in
pastures may be eaten by livestock, even though they provide little or no nutrients,
or directly harm the animal [74, 230]. Weeds can result in signi cant loss of produc-
tion, and their control remains one of the most important activities for farmers. It
is estimated that the annual cost of weeds on the livestock industry in Australia, in
terms of direct costs involved with control, and lost production is $2.4 billion [160].

While blanket application of herbicide to an entire eld is one method of remov-
ing weeds, this is an economically costly solution, as it requires the use of large
amounts of herbicide, which additionally may cause damage to bene cial plant
species, and affect human health, and the broader environment. Site speci ¢ weed
management (SSWM) refers to the process of rstlocating the weeds in the eld, and
then applying an appropriate treatment solution only where required. The applica-
tion of herbicide is a typical treatment solution, but other solutions which do not rely
on herbicide use are possible. These include physical destruction of the weed, either
through mechanical action, or the application of a jet of hot water or laser [39, 57].
SSWM offers a reduction in the use of herbicide, which both reduces the economic
cost of treatment, as well as the potential harmful impact of herbicide use on people
and the environment [65].

There are multiple studies available in the literature on weed localization in agri-
cultural land. Some examples include the work of Lottes et al. [146, 147, 149-151] on
the localization of weeds in sugar beet elds, using images captured at ground level;
the work of dos Santos Ferreira et al. [46] on the localization of grass and broadleaf
weeds in soybean elds, using images captured by UAV; and the work of Olsen et
al. [174] on the localization of multiple weed species in rangeland environments of
north-east Australia. This review will present studies of relevance to the thesis, with
a particular emphasis on studies that are carried out in complex environments such
as pastures, and/or studies that use images captured at or near ground level. Em-
phasis will also be given to studies on dense (or per pixel) segmentation, in which a
particular class (e.g. weed/crop/soil) is assigned to each pixel in the image.
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In spite of the abundance of studies on weed localization in agricultural land,
there remains much work to be done. For example, there are limited studies on the
localization of weeds of interest in Southeast Australian pastures, such as thistle sp.,
horehound and serrated tussock. Those studies that do exist (e.g. [54, 104, 208-211])
do not consider the task of dense segmentation, as de ned in the preceding para-
graph, and focus on conventional machine learning techniques. In addition to this,
there are new techniques available (for example NASNet [280] and ConvNeXt [142],
which will be discussed in Section 2.2.5) whose use in agricultural imagery remain
largely unexplored. The high cost of weeds on the livestock industry in Australia,
and the limited research carried out in Southeast Australian pastures means that
there is very good reason to devote more effort on studying this problem [160].

The remainder of this literature review is structured as follows. Section 2.2 dis-
cusses computer vision in general, introducing some of the techniques that have
been applied to a wide range of problems. Section 2.3 discusses how computer vi-
sion has been used with respect to weed localization in agricultural land. Finally
Section 2.4 discusses some of the conclusions that can be drawn from this review of
the literature.

2.2 Computer Vision

2.2.1 Introduction to Computer Vision

Machine learning (ML) is a branch of arti cial intelligence that focuses on the de-
velopment of algorithms and models that allow for intelligent behaviour, without
the need for explicit programming. Models are trained on example data, and auto-
matically learn useful relationships and patterns, enabling them to make predictions
and decision given new, unseen data [106]. Computer Vision (CV) is a subbranch of
ML, in which a computer learns to extract relevant information from images. A typ-
ical tasks in computer vision is classi cation, in which a model learns to recognise
whether certain objects are present in an image.

ML models can be further broken down into conventional ML, and deep learn-
ing. Both of these are used in CV, including weed localization problems. Examples
of conventional ML models include support vector machines (SVMs) [34], random
forests (RFs) [19] and shallow arti cial neural networks (ANNSs) [204]. Deep learn-
ing models are constructed using ANNs with multiple hidden layers, and include
such things as convolutional neural networks (CNNs) [131] and restricted Bolzmann
machines (RBM) [90].

Images are very high-dimensional data, with a typical image size used in the
literature of 224 224 31, yielding a 150528-dimensional space. This would be
dif cult to work with if raw pixel values were used as input to the CV model. Fur-
thermore, an image which is ipped, rotated, or translated by a small distance will

1The 3 refers to the number of colour channels
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likely have a very similar semantic meaning, even though the raw pixel values are
completely different. For this reason, a lot of research into computer vision has gone
into extracting relevant features from the image, as a method of reducing dimen-
sionality, while maintaining suf cient discriminative information to be useful for
the downstream task. Some features display useful properties such as rotational or
translational invariance. Such features may be “hand crafted”, or may be automati-
cally learned during the training process [204].

2.2.2 Colour Spaces and Hyperspectral Imagery

A colour space is composed of one or more intensity channels, and is a way in which
different colours are represented in a digital image. The RGB colour space has one
channel for each of the three primary colours, red, green and blue, and is likely
the most common choice for computer vision studies in agriculture [69, 118, 216,
231]. HSV (Hue, Saturation and Value) is another colour space, that has been used
in weed localization studies [79, 209]. The Hue determines the colour (for example,
yellow or green), while the saturation determines how much the pure the colour is
blended with white light. In comparison, value determines the intensity of the light
(i.e. how dark or bright the pixel is) [79]. Y'CbCr has also been used in agricultural
applications [110, 207, 209]. Y'is the luma of the colour, which corresponds to a
weighted average of the intensities of the red, green and blue components. The Blue-
difference Chroma (Cb) and Red-difference Chroma (Cr) values determine how blue,
or red the colour is, respectively [209].

In addition to visible light, some specialized cameras can capture electromag-
netic radiation in the infrared (IR) spectrum. IR radiation with a wavelength that is
close to visible red light is often referred to as near infrared (NIR). Although some
studies [85, 146] employ just a single channel of light coming from the IR or NIR
spectrum, others have multiple bands of light, covering both visible and IR wave-
lengths [36, 53, 67]. The latter is referred to as hyperspectral imagery (HSI).

2.2.3 Feature Extraction and Classi cation

CV can be thought of as a two-step process. In the rst step, features are extracted
from raw pixel value. A feature can be thought of as any numerical value which has
been calculated from the image, and which may or may not be useful for the task at
hand. In the second step, the features are passed to a classi er for classi cation [131].
In rare cases, the rst step is skipped, and the raw pixel values become the inputs for
the classi er (see for example [159, 209]). This section will discuss some of the “hand
crafted” features and conventional classi ers that are encountered in the literature,
with a focus on techniques that are used for weed localization. The concept of image
segmentation, where regions of interest are extracted from an image, will also be
discussed. Deep learning models will not be discussed here, because they do not
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use hand crafted features, but instead learn their own representations during the
training process. Instead they will be discussed in Section 2.2.5.

Segmentation through Thresholding

Image segmentation is the process by which an image is broken down into multi-
ple segments, where each segment represents either an object of interest, or part of
the background. There are multiple methods by which an image can be segmented,
including thresholding, clustering, edge detection, Gaussian mixture models, super-
pixels, and even methods involving Genetic Algorithms [170]. Thresholding meth-
ods vary depending on the choice of colour space. In the eld of agriculture, a com-
mon method of segmenting vegetation from background soil and crop residue is
the use of a vegetative index, which may operate on the RGB colour space, such as
excess-green (ExG, equation 2.1) [37], or on red (R) and near-infrared (NIR) colour
channels, such as the normalized difference vegetation index (NDVI, equation 2.2)
[221]:

ExG=2G R B (2.1)
NIR R
NDVI = Soo——r (2.2)

To this end, a wide range of vegetative indices have been developed, which use
visible or infra-red spectral information to distinguish plants from background [257].
A simple thresholding approach, such as Otsu [178], can then be used to complete
the segmentation. These methods segment an image based on gross differences be-
tween the green colour of vegetation, and the brown or grey colour of the back-
ground soil or crop residue, but is not useful in pastures where multiple overlapping
plants have similar colours, and so cannot be separated by this means alone.

Feature Extraction

Features used in agricultural imagery fall into the four broad categories of morpho-
logical, spectral, textural and spatial [251]. Morphological features, such as area,
perimeter, and major/minor axis can be used in cases where leaves can be cleanly
segmented from the background [12]. Spectral features, such as vegetative indices
can be used in segmentation, but can also be used as a feature during classi cation
[209]. Textural features look at the pattern of light and dark on relatively small scale
patches of image, and include Haralick features [81] and Local Binary Patterns (LBP)
[173]. An example of a spacial features used in agriculture is the detection of crop
rows in aerial imagery [10]. Other features used in image analysis are Histograms of
Oriented Gradients (HOG) [38] and K-means features [43].
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A Grey Level Co-occurrence Matrix (GLCM) contains information about the com-
parison of pixel intensities in two (or more) pixels that are separated by a xed dis-
tance and direction. Typically the grey values of pixels are placed into a small num-
ber of bins, in order to avoid a situation where the GLCM is too large and sparse.
Haralick [81] proposed 28 different features that can be extracted from the GLCM,
including contrast, energy, entropy and GLCM mean. The concept of a GLCM can
be extended to a colour image, such as in the Integrated Colour and Intensity Co-
occurrence Matrix (ICICM) presented by Vadivel et al. [248]. The ICICM is a combi-
nation of four sub-matrices, in which the colour or intensity of a pixel is compared
with the colour or intensity of its neighbour. For example, the 1CICM ¢, submatrix
compares the colour of the pixel with the intensity of its neighbour. As such, the
ICICM lends itself to colour spaces with a dedicated intensity channel, such as HSV.

LBP features [173] are another method where the intensity of a pixel is compared
with its neighbours. Unlike the GLCM, the pixel is compared with multiple neigh-
bours, and only the relative intensity is considered. As such, the algorithm generates
one bit of information for each neighbour as show in equations 2.3 and 2.4.

8
<1,x 0
S(X) = (2.3)
- 0,x<0
Po 1
LBP(g)= @ s(9p 9)2° (2.4)
p=0

Here, s(x) is a sign function, LBP(g ) is the LBP descriptor for pixel g , P is the
number of neighbours, and g is the grey level of the pixel. The image can then be
broken down into rectangular blocks, and an LBP histogram (LBPH) calculated for
each block. If P is set to 8, then the LBPH will have 256 bins, one for each of the
possible descriptor values. However, in practice it is typical to pool some of the
LBP values into the same bin, in order to achieve a feature vector that is invariant
to rotation, and/or combine values which have a low probability of occurring in
practical images.

Histograms of Oriented Gradient (HOG) descriptors were originally designed as
a solution to the problem of detecting pedestrians in images [38]. In HOG, the image
is divided into overlapping blocks of cells, and the occurrence of gradient (or edge)
orientation is calculated. The orientation is classi ed into equal bins from 0° to 180°
for unsigned, and 0° to 360° for signed orientation. For the detection of pedestrians,
a small block size of 2 x 2 cells, with each cell being 8 x 8 pixels, and a stride of 8
was used. Block normalisation was used to reduce the effect of varying levels of
illumination, and a total of 9 orientation bins, in the range 0° to 180° were used. It
was found that Gaussian blurring reduced accuracy, suggesting that sharp edges at
the nest level were important for detecting shape.
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An alternative method for feature extraction uses the k-means algorithm to clus-
ter small normalized patches of the image (e.g., 8 x 8 or 16 x 16 pixel squares) [33].
Each square can then be mapped to the nearest cluster, or clusters, producing a fea-
ture vector to be passed forward to the classi er. Coates et al. [32] demonstrated that
the images need to be whitened? prior to clustering in order to produce good results.
In fact, their results on the CIFAR-10 [120] and NORB [130] datasets were at the time
state of the art. K-means feature learning in agricultural image classi cation is rare,
but has been used to classify soybean from weeds on images collected in China [241,
242]

Classi cation

Classi cation is the process whereby images are separated into categories or classes,
based on an interesting feature, such as the type of object that is depicted in the
image. In agriculture, the classes typically refer to the species of plants that are
presentin the images, including crop plants and weeds. An image of the background
soil without plant components may also constitute an additional class. This section
will introduce both conventional and deep classi cation models, with an emphasis
on those which are commonly use in agricultural computer vision applications.

2.2.4 Conventional Classi ers

In the conventional machine learning approach to image classi cation, features are
extracted from the image and passed to a conventional classi er, such as Atrti cial
Neural Networks (ANNs) [204], SVMs [34], or RFs [19]. Each of these classi ers
will be discussed in this section, and the ELM algorithm [76] will also be intro-
duced. In Section 2.2.4, variations to the ELM algorithm and network structures
will be discussed. In the author's experience, the most common shallow classi ers
in agricultural imagery are SVMs and RFs, although ANNSs either trained via back
propagation or variations of the ELM algorithm have also been used.

Arti cial Neural Networks

Arti cial neural networks (ANNs) were inspired by the connection of neurons in
the human brain. In the brain, a neuron receives inputs from multiple other neurons
via its dendritic branches, and converts them into a signal which is passed down
its axon to other neurons. Similarly, an ANN is composed of multiple neurons, or
nodes, each of which are connected to various input nodes, and output nodes [204].
Nodes are commonly organized into layers, and it is typical for each node to receive
inputs from all nodes in the previous layer, and propagate its signal to all nodes in
the following layer. This gives us a fully connected layer, as opposed to a partially
connected layer, in which only some of the nodes in the previous and/or following

2Whitening refers to a number of methods, such as PCA-whitening and ZCA-whitening, which
reduce or eliminate inter-variable correlation.
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layer are connected to the neuron. The layers are made up of an input layer, followed
by one or more hidden layers, and nally an output layer.

The input layer passes the input data on to the next layer. For example, if our
network is designed to analyse 32 32 pixel RGB images, then the input layer will
be composed of 32 32 3= 3072 nodes, each of which corresponds to a particular
pixel and colour channel in the image. A hidden layer combines the information it
receives from the previous layer to form a new representation of the data. It does
this by generating a linear combination of its inputs, and passing this through a non-
linearity, commonly called an activation function. The activation function increases
the expressiveness of the model, by allowing it to capture non-linear patterns and
relationships in the data. This is demonstrated in equation 2.5, which shows the
output y; of the jth node in a hidden layer. Here X; is the output of the ith node of
the previous layer, b is a bias term for the jth node, and g is the activation function.

yj = g(é_ wij X + by) (2.5)
|

The output layer is responsible for generating the nal output of the network. Its
inner workings are the same as a hidden layer, in that each node generates an acti-
vated linear combination of the outputs of the previous layer. However, rather than
being passed to another layer, its output becomes the output of the entire network.
Some example activation functions that have been used in ANNs are provided in
Table 2.1. Although sigmoidal functions were used in earlier models, later mod-
els, including later CNNs have tended to favour the RelLU activation function and
derivatives thereof.

Name Formula
Sigmoid S(X) = e
Hyperbolic Tangent tanh(x) = S5

= 25(2x) 1
Softmax s(x); = éjex;xj
Recti ed Linear Unit [168] ReLU(x) = x x 0

=0 x<0
Leaky RelLU [154] LReLux) X x 0
(forO0 < a< 1) = ax x< 0
Gaussian Error Linear Unit [89] | GELU(x) = xF(x)

xS(1.70X)

TABLE 2.1: Some example activation functions used in neural net-
works. For GELU, F is the cumulative probability distribution for a
normal Gaussian.

The ANNSs discussed so far are called feed forward networks, because their nodes
form a directed acyclic graph. There are, however, examples of cyclic neural net-
works, such are recurrent neural networks [136], which are used to process sequen-
tial data. These kinds of networks are seldom used in the literature for problems
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involving weed localization, and so they will not be discussed in this review (see
however [149], for an example of the processing of sequential image data in weed
localization).

ANNs are commonly trained in a fully supervised manner, meaning that we
present the network with some labelled training examples, which are input/target
pairs, and adjust its parameters so that the model becomes better at outputting a
value which is close to the training sample's target, given the training sample's in-
put. Targets are typically encoded as a one-hot vector (meaning that the vector con-
tains a 1 at position n, corresponding to class n, and Os elsewhere) for multiclass
classi cation, and a scalar, where 0 corresponds to the negative class and 1 corre-
sponds to the positive class, for binary classi cation. The output layer typically uses
a sigmoid activation for binary classi cation, resulting in a number between 0 and
1, which represents the probability that the input belongs to the positive class. For
multiclass classi cation, a softmax activation is commonly used, because it produces
a probability distribution over the predicted classes. A threshold, or argmax(i.e. se-
lecting the class with the highest output) for multiclass classi cation, can be used if
an exact prediction is required.

In order to train the ANN, we need a loss function, which is a measure of how
far the network's output is from the desired output, and is also known as an error
function. A common choice of loss for binary tasks is the binary cross entropy loss,
which is given in equation 2.6. Here Y is the real target, Y is the predicted target,
and N is the number of samples in the training set, or batch.

N

1 o ~ n
Lece = N & (YilogYi+(1 Yj)log(1 Yp)) (2.6)
i=1

For multiclass tasks, the categorical cross entropy loss, given in equation 2.7, can
be used, where M is the number of classes.

1 )M .
Lecce= S a a Yijlogy; (2.7)
N 121

The parameters are often initialized randomly, and optimized in an iterative way,
by calculating the partial derivative of the loss function, with respect to each of the
parameters, and adjusting them as per Formula 2.8, where g are the parameters of
the network, L is the loss function, q are the new parameters of the network after
one step of learning, and a is a small value, called the learning rate, which controls
how quickly the parameters are adjusted during training.

L
g =9 aﬁ (2.8)

One potential issue with training an ANN is over tting, in which the network
learns to predict the training samples very well, but performs poorly when pre-
sented with new, unseen data. A simple example of over tting is given in Figure
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2.1. Over tting becomes more likely when we are training complex models that
contain a large number of parameters. Conversely, having a training dataset which
is too small may also contribute to over tting. There are many techniques which
are used to combat over tting, including early stopping, in which training is halted
when the loss on a hold-out validation set reaches a minimum. By comparison, the
training data may be augmented in some way, such as through the use of random
noise, horizontal and vertical ips, rotations, skews and other image transforma-
tions, which have the effect of arti cially in ating the number of samples available
for training. Finally regularization techniques, such as weight decay, and dropout
can also be utilized.

FIGURE 2.1: An example of over tting, where a simple linear model

(solid line) models the relationship between inputs and targets better

than a more complex model (dashed curve). The complex model per-

forms poorly when given new data (hollow points), even though it
ts the training samples (solid points) perfectly.

Support Vector Machines

SVMs were introduced by Cortes and Vapnik in 1995 [35] as a new learning algo-
rithm for a binary classi cation problem. They work by computing an optimal hy-
perplane to separate one class from the other. In practice, the data will most likely
not be linearly separable, so SVMs use a nonlinear kernel function, which maps
the data into a higher-dimensional space where it can be separated linearly. In the
soft-margin approach, datapoints are allowed to fall on the wrong side of the hyper-
plane, but a penalty is applied for each such error. The optimisation problem is
convex, meaning that a global solution can be found. A popular algorithm for train-
ing SVMs is Sequential Minimal Optimization (SMO), which can be up to a thou-
sand times faster than other algorithms [183]. SVMs have been a popular choice in
machine learning since their inception, and in recent years they have been a very
popular choice in agricultural image classi cation [10, 12, 17, 46, 272].
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Random Forests

Random forests (RFs) are ensemble classi er composed of tree-structured units, in
which each classi er casts a single vote towards the nal classi cation [19]. Each tree
is produced based on a random sampling of the training set. A random selection of
input features can also be considered at each node, in order to determine the split.
This results in a greater variety of tree structures compared to the case where all
features are considered at every node. The addition of more trees to RFs does not
result in over tting [19], but instead, the results converge to a limiting error value.
RFs have been used in a number of studies in weed detection in a range of different
crop elds [5, 112, 147].

Extreme Learning Machines

The Extreme Learning Machine (ELM) is a learning algorithm for ANNs proposed
by Huang et al. [76, 99] as an alternative to the slow process of gradient descent
such as the back propagation algorithm [204] typically used by feedforward net-
works during training. The ELM works on a single hidden layer feedforward net-
work (SLFN) with a fully connected hidden layer, whose weights are randomly as-
signed and xed (i.e., do not change during training). The weights of the output
layer are analytically determined during training, using the Moore-Penrose pseu-
doinverse, which generalizes the concept of an inverse to include matrices which
are non-square or singular. In this thesis, the term ELM will be used to refer to the
algorithm itself, as well as to the networks trained using this algorithm.

We start with a hidden layer with randomly assigned weights W and biasesb,
and activation function g. Give a set of training data X with target output T, we
compute the outputs of the hidden layer H where H;; = g(W; X+ by), and then
formulate the problem of nding the weights of the output layer, b as:

Hb=T

We can use the Moore-Penrose pseudoinverse, here denoted byH ' to calculate
the least-squares solution to the problem.

b=HT

Assuming that H has full rank, the Moore-Penrose pseudoinverse can be calcu-
lated as :
HT= H>(HH>) !

In practice, ridge regression [156] is commonly used to avoid a singular or ill-conditioned
matrix, which may otherwise lead to instabilities in the solution. In this case, b for

3We assume here thatH has more columns than rows (or is square). If this is not the case, then we
can use the alternative formula HT = (H>H) 1H>
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¢ > Ois calculated as: |
b= H” (S + HH) T

The ELM was compared with a gradient descent back propagation algorithm,
as well as an SVM, and found to have a signi cantly faster training phase (at times
1000 to 2000 times faster), while maintaining comparable accuracy when tested on a
range of datasets [76].

Variations of Extreme Learning Machines

Modi cations to ELMs typically involve either an optimization of the hidden layer
neurons, or a modi cation of network structure, while preserving the ELM algo-
rithm for calculating nal layer weights. In the rst case, the hidden layer weights
can be tuned to the training data as in [243] and [278]. Alternatively the ELM al-
gorithm can be combined with back propagation [260], or a process can be used to
select better than average hidden layer nodes for the network. The latter can be
achieved using either pruning, where nodes that are not contributing much to the
accuracy of the network are removed [161], or using incremental addition of nodes,
where each node is selected from a number of randomly generated candidates [97].
For network structure, some studies [100, 159, 209] have looked at networks where
the hidden layer is not fully connected to the input data. Others have considered
deep networks, containing either ELM-based Auto-Encoders [111, 240, 246]4, or
convolutional layers [158, 185]. Still more studies have considered ensembles of
ELMs [169, 210, 211], involving multiple ELMs, and a form of voting system to col-
late results.

Several algorithms have been designed to select suitable hidden layer weights
for ELMs, using the training data at hand. The purpose of these algorithms is to
improve performance, such as classi cation accuracy, or alternatively to get compa-
rable results with a hidden layer that is a fraction of the size required using an ELM
with randomly generated weights. For example, Tapson et al. [243] designed the
computed input weights (CIW) algorithm, where the weights of a neuron are ini-
tialized to a normalized linear combination of the training samples for a particular
class, with each class contributing a comparable number of neurons to the overall
model. Testing of the CIW-ELM on the MNIST dataset [132] demonstrated a signi -
cant improvement over standard ELMs, with an accuracy in excess of 98% achieved
with a hidden layer size of 8000. Zhu et al. [278] designed a suite of initialization
algorithms, summarized in Table 2.2, based on a combination of random inter- or
intra-class samples. As with CIW-ELM, the constrained ELM weights initialization
shows a marked improvement in performance compared to standard ELMs, with ac-
curacies of up to 97.6% with a network containing 2000 hidden nodes on the MNIST
dataset.

4An autoencoder is a network which attempts to map the input to itself, and typically involves
passing the data through a lower-dimensional coding layer.
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Name Description Weight Bias

Formula Formula
Sample ELM | Draw one sample ran-
(SELM) domly from dataset w = ﬁ b2 [0,1

2

Constrained Draw two samples .
Difference from different classes. | w = kzy(yxlz(z) b= 7(3’;;) X(Iz’z X)
(CDELM) mapsxtolandyto 1 k2 k2
Constrained Sum | Draw two samples
(CSELM) from the same class w= XX 20, 1)

2
kxq+ szl_2

Random Sum | Draw two samples ran-
(RSELM) domly from dataset w = XX 20, 1]

2
kxq+ szl_2

Constrained Use a mixture of
Mixed (CMELM) CDELM and CSELM
weights

TABLE 2.2: Constrained weights ELM (C-ELM) [278] used to initialize
the hidden layer neurons in a SLFN.

Another method for improving the performance of ELMs is to incorporate back
propagation into the training algorithm, as described by Yu and Deng [260]. The
simplest method proposed involves repeated application of the ELM algorithm to
calculate the nal layer weights and back propagation to adjust the hidden layer
weights. This, however, does not take into account the dependency of the nal layer
weights on the values of the hidden layer weights. Therefore, they develop some
further algorithms, that take this dependency into account, and use the FISTA algo-
rithm [14] to accelerate convergence. This approach allowed for a best classi cation
accuracy of 98.55% on the MNIST dataset for a network with 2048 nodes.

There have been several ELM variants constructed, in which the hidden layer
is not fully connected to the input layer. For example, McDonnell et al. [159] con-
structed a network, called the receptive eld ELM (RF-ELM), in which each hidden
unit only received input from a randomly sized and located rectangle of the input
image. The RF-ELM, when combined with a clever weight initialization method as
discussed above, achieved a best result of >99% on the MNIST dataset with a net-
work containing 15,000 hidden layer units. On the other hand, Sadgrove et. al. [209]
constructed a Colour Feature ELM (CF-ELM), in which the hidden layer was parti-
tioned into three sections, each of which received feature information extracted from
only one of the colour channels. This approach proved to be bene cial in an agricul-
tural setting, improving the accuracy of classi cation of thistle, quadbike and cattle
on a dataset collected in Southeast Australia.

Several studies have utilised an ensemble of ELMs (EN-ELM) in order to im-
prove classi cation accuracy [63, 169, 210, 211, 266]. Each ELM is initialized and
trained separately, either on a subset of the training images [169], or potentially a
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combination of training images and feature sets [210]. One study utilised a novel
segmentation approach in which an image is divided into small patches, which are
mapped one-to-one to a set of classi ers via an equal k-means algorithm [211]. An-
other option is to use a boosting algorithm such as AdaBoost [62] to improve ensem-
ble results, such as in [63].

With CNNs dominating image classi cation and segmentation competitions such
as ILSVRC [205], it is not surprising that previous work has been taken to incorpo-
rate convolutional layers into ELMs, either with [185] or without [158] back prop-
agation. In the case of [185], a “wide” Residual Network (WRN) was trained via
back propagation, and then the output layer replaced and weights determined via
the ELM algorithm, producing a deep wide ELM (DW-ELM). It was found that
the application of the ELM algorithm to the nal layer weights after training with
back propagation resulted in a modest but signi cant improvement in accuracy,
but only when a suf cient widening factor was employed. For example the DW-
ELM achieved an accuracy of 95.18% and 78.72% respectively, on the CIFAR-10 and
CIFAR-100 datasets [120], compared to 94.60% and 76.59% for the WRN. Here width
refers to the number of Iters employed in a convolutional layer.

The standard ELM algorithm cannot be directly applied to MLPs, because at
the time of training, the desired output of all but the nal layer is unde ned. One
method of generalizing the ELM algorithm to deep neural networks relies on the
use of an ELM autoencoder (ELM-AE). An auto encoder is a hetwork that attempts
to map the input to itself, and an ELM-AE is a SLFN auto encoder that is trained
using the ELM algorithm [111]. These ELM-AE units can be stacked sequentially
to form a MLP, with the nal unit mapping the input to the target output of the
training samples, and trained using the ELM algorithm. ELM-AEs have been tested
on a number of benchmark datasets, attaining an accuracy of 99% [111, 240] on the
MNIST dataset [132], and 91.3% [240] on the NORB dataset [130].

2.2.5 Deep Learning - Combining Feature Extraction and Classi cation

Neural networks trained with back propagation have the ability to learn their own
discriminative features [204], which allows the process of machine learning to de-
velop beyond the use of “hand-crafted” features [131]. As stated in Section 2.2.3, in
conventional machine learning, we rst need to extract relevant features from the
image, before passing these features to a classi er. By contrast, in deep learning,
the model is an ANN composed of multiple hidden layers, and each hidden layer
“learns” its own useful representation, which becomes increasingly more abstract in
later layers, before reaching the nal layer, which acts as the classi er [133]. In this
respect, deep learning automates the process of feature extraction, and the way in
which it achieves this is through the use of back propagation.

Convolutional Neural Networks (CNNs) are a popular choice of deep learning
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model in the eld of CV. The basic building blocks of a simple CNN are convo-
lutional layers, pooling layers and fully connected layers. An example of a sim-
ple CNN is provided in Figure 2.2. A convolutional layer is a partially connected
layer, in which each neuron only receives input from a small number of neurons of
the previous layer, corresponding to a small, normally square patch of the image.
Convolutional layers also employ parameter sharing, meaning that a neuron which
corresponds to a certain patch of the image will share weights with neurons that
correspond to other patches of the image. This greatly reduces the number of free
parameters required by the model. The way in which a convolutional layer works
is visualized in Figure 2.3. A bank of Iters (or kernels) are passed across the im-
age to build up a feature map from the previous layer, which preserves the spatial
information. Pooling layers reduce the dimensionality of the internal representation
by combining the outputs of neurons that are spatially adjacent, either by selecting
the maximum activation from the adjacent neurons, or taking the average. The fully
connected layers effectively destroy spatial information, and are therefore located
at the end of the network, in order to further abstract the internal representation.
The nal fully connected layer produces the nal classi cation, and typically has as
many neurons as there are classes to distinguish.

Although CNNs were demonstrated to be effective at classifying handwritten
digits in the 1990s [131], there were several factors which made it dif cult to train
deeper CNNs, being composed of many hidden layers, which were required for
more complicated CV problems. These factors included the question of how the
layer weights should be initialized [73], which activation functions allowed for ef-
cient training [168], the development of GPUs with suf cient processing power to
train more complex networks, and techniques to ameliorate the issue of over tting.

FIGURE 2.2: An example CNN which takes 48 x 48 pixel RGB im-
ages as input, and outputs a vector of 6 values, with each value cor-
responding to a different class. The input is green, convolutional lay-
ers are red, pooling layers are blue, attening layers are grey, and
fully connected layers are yellow. The attening layer attens the 3-
dimensional feature map (or tensor) into a 1-dimensional vector. The
dimensions of the outputs of each layer are written inside the layer.

CNNs did not come to the forefront of more complex CV problems until AlexNet
[122] won the ImageNet [205] competition in 2012, achieving a top-5 error rate of
15.3% which was 10.8% lower than the second-placed model. Part of the reason
why AlexNet was so successful was because it combined multiple techniques to
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FIGURE 2.3: The convolutional operator for a single lter. The in-

put is often padded with zeros to preserve the spatial dimensions of

the output. A single output value (shown in red), is calculated by

element-wise multiplication of the Iter with a section of the input

(red). The elements of the resultant matrix are added together, along
with a bias term, producing the nal result.

combat issues like over tting and slow learning, as well as being trained by divid-
ing the model between two GPUs, allowing for a larger model with a greater number
of parameters. Although earlier CNNs like LeNet [131] used saturating activation
functions, in which the value of the function tends towards a limit for suf ciently
large or small input values, such as the hyperbolic tangent, these were known to be
linked to slow training, due to the gradient tending towards zero as the activation
function approached saturation [131]. For this reason, AlexNet used the RelLU acti-
vation function [168], which allowed the network to be trained several times faster
than a comparable model with hyperbolic tangent activation [122].

AlexNet contained 5 convolutional and 3 fully connected layers, as well as roughly
60 million parameters. This made it prone to over tting, even on a large dataset like
ImageNet, which contains over a million training samples divided into 1000 classes.
The strategies used to prevent over tting were data augmentation, consisting of ran-
dom translations, horizontal ips, and crops, as well as dropout. Dropout [228] is a
technique where neuron outputs are randomly changed to zero during training with
a xed probability. With dropout, each neuron needs to learn how to function inde-
pendently of its neighbours, leading to a model that generalizes better over unseen
data.

The results of AlexNet were improved upon through the introduction of deeper
models, including VGGNets [222], containing between 8 and 16 convolutional lay-
ers, in addition to 3 fully connected layers. In contrast to AlexNet, VGGNets use
smaller Iters of size 3 3, which are convolved at every pixel (stride of 1). A stack
of two (three) such layers has an effective receptive eld of 5 5 (7 7), but has
fewer parameters, and more non-linearities than a single layer with a larger lter
size.
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Although the naive approach to improving model performance is to increase the
width and depth of the network, this leads to a number of issues, including an ex-
plosion in the number of parameters, resulting in a greater risk of over tting, as
well as an increase in the computational complexity [236]. Furthermore, it was ob-
served that simply adding more layers to a network often resulted in worse (not
better) performance, a phenomenon knows as the degradation problem [86]. While
sparse matrices, in which most entries are set to zero, could in theory be used to
reduce the computational burden and the risk of over tting, in practice it is unclear
whether this would result in greater ef ciency in GPUs, which are optimized to per-
form dense calculations quickly [236].

The Inception module [236] was developed as a method to approximate a sparse
structure using dense convolutional layers. In this module, as shown in Figure 2.4(a),
convolutions with several lter sizes are applied in parallel, in order to capture in-
formation at multiple scales, and 1 1 convolutions (also called a pointwise con-
volution) are used to reduce both the computational complexity of the model as
well as the number of parameters. GoogLeNet [236] is an example of an inception
network containing 22 layers with parameters, and was found to be signi cantly
more accurate than AlexNet when tested on ImageNet, in spite of the fact that it
contained roughly 12 times fewer parameters. The inception architecture has gone
through several re nements [237, 238], in which the basic inception module struc-
ture has been tweaked to further reduce the size and computational complexity of
the model.

As mentioned above, the degradation problem was observed whereby the ad-
dition of more layers to a CNN often resulted in a reduction in performance. This
is somewhat counter-intuitive, as the additional layers could in principle learn the
identity mapping, resulting in a model that performed as well as the original [86].
The residual connection was therefore proposed by He et al. [86, 87] as a method of
counteracting this problem, allowing for the training of deeper networks. A resid-
ual connection is a shortcut path in neural networks that allows information to by-
pass one or more layers and be added to the output of those layers. In this way,
the skipped layers only need to learn the residual (or difference) between inputs
and outputs. This facilitates the learning of a mapping that is close to the iden-
tity mapping, thereby overcoming the degradation problem [86]. ResNets utilised a
bottleneck design, in which the dimensionality of the feature map is reduced by a
pointwise convolution prior to the 3 3 convolution, as can be seen in Figure 2.4(c).
This design allows for a reduction in the number of parameters and computational
cost while maintaining the depth and modeling capacity of the network.

Inception-ResNet models combine the multi-scale feature extraction capabilities
of Inception modules with the improved gradient ow of residual connections, re-
sulting in faster training convergence than pure inception networks [237]. Inception
modules have also further been modi ed into Xception modules (extreme incep-
tion), which use depthwise separable convolutions to further reduce computational



2.2. Computer Vision

27

FIGURE 2.4: Different modules used in CNNs: (a) an inception mod-
ule [236], (b) a dense module [98], (c) a residual module [86], (d) a Mo-
bileNetV2 modules [213], (e) a ConvNeXt module [142] Kernel sizes
are shown for conv, dconv (depthwise convolution) and pool layers.
Filter dimension of output is shown in brackets where required to
demonstrate bottleneck and inverted bottleneck designs.
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burden [31]. In a depthwise separable convolution, each lteris rst convolved with
its own convolutional kernel, and then a pointwise convolution is used to project the
output onto a new channel space. Xception models perform better when residual
connections are also incorporated into the network design [31].

Depthwise separable convolutions are also used in MobileNet [93, 94, 213] blocks.
MobileNets are a family of lightweight CNNs, which have been designed for use on
mobile devices with limited computational power. MobileNetV2 [213] introduced
an inverted bottleneck design for its residual blocks, in which the dimensionality
of the feature space is increased prior to the 3 3 convolution, as shown in Figure
2.4(d).

Dense modules as shown in Figure 2.4(b) were introduced as another method for
improving the training of deep networks [98]. These modules, as used in DenseNet
architectures, connect each layer to every other layer in a feed-forward manner, en-
suring maximum information ow between layers. This promotes feature reuse
and improves gradient ow during training, and allows for greater performance
on complex classi cation tasks, while simultaneous requiring fewer computational
resources than other network designs [98].

One of the dif culties in developing novel network designs is the amount of hu-
man effort required to generate and test new structures and designs. Neural Archi-
tecture Search Networks (NASNets) were developed in order to reduce the require-
ment for human intervention during architectural design [280]. Instead, the process
is streamlined using reinforcement learning, acting on a search space containing a
variety of common network components, in order to determine the best network
“unit” for both convolutional and downsampling operations. These basic units are
then stacked to form the nal network. NASNets can often outperform manually
designed networks, even though less human effort has gone into their design and
optimization [280].

ConvNeXt is a modern CNN architecture which borrow several transformer-
based concepts, such as larger convolutional kernel size, and reduced normalization
and activation steps, in order to bridge the gap in performance between pure CNN
and transformer networks [142]. Similar to MobileNetV2 [213], ConvNeXt blocks
employ an inverted bottleneck design, using a depthwise convolution with a large
kernel size, as shown in Figure 2.4(e). This clever design, and modernization of net-
work architecture allows ConvNeXts to outperform Transformer-based networks on
complex detection and segmentation tasks, while preserving the simplicity of a stan-
dard CNN.

2.2.6 Attention Mechanisms

Attention in deep learning is inspired by human attention and can be understood as
the tendency to focus selectively on the most relevant parts of information, rather
than processing all input, whether visual, auditory, or otherwise, in full detail [171].
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Attention rose to prominence in deep learning with the introduction of the trans-
former architecture by Vaswani et al. [250], which had the ability to model long-
range dependencies more ef ciently than previous recurrent structures. Transform-
ers are trained using back propagation, and rely on learning rate optimizers, such as
Adam [115] and AdamW [145]

This innovation led to breakthroughs in natural language processing, enabling
both representational models like BERT [41] and generative models like GPT [186] to
achieve state-of-the-art performance. Since then, attention has been adapted beyond
text, leading to advances in computer vision (e.g., Vision Transformers [47]), speech
processing [45], and reinforcement learning [179]. The ability of attention to focus on
the most relevant parts of input data has made it a core concept across many modern
deep learning architectures.

It is often useful to consider attention mechanisms from a data retrieval perspec-
tive. Speci cally, the concepts of query, key, and value provide a exible way to
compute the relevance of different elements in a set. Each query represents a request
for information, while each key describes a piece of available information, and each
value contains the actual content to be retrieved. The attention mechanism works by
comparing the query to all keys, typically using a similarity measure such as a dot
product, to determine how relevant each key is to the query [250]. These relevance
scores are then normalized and used to compute a weighted sum of the correspond-
ing values, producing a context-aware output that emphasizes the most relevant
information for a given query, while suppressing irrelevant information. This struc-
ture allows the model to adjust the focus on different parts of the input, based on the
task at hand and broader context [152].

Attention can be split broadly into self-attention and non-self attention. In self-
attention, the queries, keys, and values are all derived from the same input, allowing
each element to attend to other elements within the same sequence or spatial repre-
sentation. This is particularly useful for capturing internal relationships, such as
dependencies between words in a sentence or regions in an image [250]. In contrast,
non-self-attention involves queries coming from one input and keys and values com-
ing from another. A common example is in sequence-to-sequence models, where the
decoder generates queries to attend to the encoder's output. This mechanism allows
the decoder to selectively and dynamically attend to the most relevant words in the
input sequence when generating each word in the output sequence. [11, 152]. Both
forms rely on the same underlying mechanism but serve different structural roles in
deep learning architectures.

In contrast to Transformer-based architectures, some simpler attention mecha-
nisms are generally not formulated using the query/key/value (QKV) paradigm.
The Squeeze-and-Excitation module [95] is a lightweight form of channel-wise at-
tention that uses global average pooling followed by a small multilayer perceptron
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(MLP) to assign weights to each feature channel. This allows the network to em-
phasize channels containing task-relevant information while suppressing less infor-
mative ones. The concept was further extended in the Convolutional Block Atten-
tion Module (CBAM) [255], which incorporates both channel and spatial attention.
CBAM applies these two attention modules sequentially, enabling the network to
learn what and where to focus, thereby capturing both feature importance and spa-
tial relevance.

2.2.7 From Classi cation to Segmentation

Although we are interested to know what is in the image, the question of where
in the image the object of interest is located may or may not be of importance. |If
we do want to know where in the image the object can be found, then we may just
want a rough idea (e.qg., bottom-left quarter), or we may want a pixel-perfect answer.
These different levels of localization form a continuum from classi cation, in which
we simply say whether or not an object of interest exists somewhere in the image,
to dense segmentation, in which every pixel in the image is assigned its own class.
How much localization we use in our model will depend on how precisely we need
to know where the object of interest is.

The Continuum of Localization

As mentioned, for the task of classi cation, the entire image receives one (or more)
classes, depending on which object is (or objects are) present in the image. This
method of localization is used in the Deep Weed dataset [174], in which every image
is assigned one of nine classes, corresponding to one of the eight weeds of inter-
est used in the study, or the negative class (i.e., no weeds of interest present in the
image). Although the authors of this study use images which contain at most one
weed species, they design their model so that it is able to detect multiple weeds of
interest in an image, should they be present (for example, when testing the model in
the eld).

Another option for localization is the sliding window approach, where the im-
age is divided into multiple (possibly overlapping) rectangular subimages, and each
subimage is passed to the model for classi cation. This method is used by Zhang
et al [272], in which an image of 2048 x 2048 pixels is divided into six subimages,
arranged in two columns and three rows, and each of the subimages classi ed sepa-
rately. This choice of subimage size is related to the size of the spraying area of each
of two nozzles that are present in their weed control system. Each nozzle covers one
of the columns of subimages, and therefore there is no need for a ner localization
accuracy. In another study, a sliding window of 130 130 or 250 250 was applied
to images captured by UAV in their study on dockleaf growing in a nature reserve
in Germany [123].
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Moving along the localization scale further, we come to the super-pixel approach,
in which pixels are grouped together based on similarity in location and colour. A
common technique for the generation of super-pixels is the Simple Linear Iterative
Clustering (SLIC) algorithm [2]. Super-pixels differ from the sliding-window ap-
proach, because they are typically smaller, may be of variable size, and are not rect-
angular in shape. This approach is used by dos Santos Ferreira et al. [46] to segment
their images captured by a low- ying UAV in a soybean eld into small regions,
each of which is classi ed as soybean, grass, broad-leaf weed or soil.

Another approach, which we call patch-based segmentation, seeks to produce a
classi cation for each N N pixel patch of the image. This differs from the above
approaches in that the patches are small squares, and an area of the image larger
than the patch itself is used as input to the network when assigning the patch class.
This approach is used by Lottes et al. [146], in which every tenth plant pixel in the
horizontal and vertical direction (called a keypoint in their paper) is classi ed as
plant or weed based on an 80 80 pixel patch centred on the pixel. Patch-based
segmentation can also be thought of as a downsampled dense segmentation map.

At the bottom of the localization scale is dense segmentation, in which each pixel
is assigned its own class. In general, it would be too costly to classify each pixel
separately. For this reason, a range of Fully Convolutional Networks, as discussed
in Section 2.2.7, are typically used to generate the entire segmentation for the image
in a single sweep through the network. Examples of dense segmentation problems
for weed localization include the CWFID [85] and GrassClover [224] datasets.

Converting a Classi er into a Segmenter

The CNNs discussed so far have all been classi ers, which assign a single class to an
image. These networks are composed of convolutional layers, downsampling layers,
and fully connected layers (e.g., Figure 2.2). To convert a CNN from a classi er to a
segmenter, we can replace the fully connected layers with convolutional layers, and
use upsampling to restore the spatial resolution that was lost in the downsampling
layers [143].

Figure 2.5 shows how to convert the classi cation model VGG-16 into a dense
segmentation model, following the procedure of Long et al. [143] in their FCN-32s
model. The attening layer, which converts the 7 7 512 feature map which is
the output of the nal downsampling layer, into a 25, 088-dimensional vector is re-
moved, and the dense layers are converted into convolutional layers. Importantly,
we can take a CNN which has been trained for a classi cation task, and convert it
into a segmentation model, while preserving the pretrained weights. The FCN-32s
model, with appropriate padding of the input, can accept arbitrarily-sized images,
and output a classi cation score for every 32 32 pixel square, which can further be
upsampled, for example using bilinear interpolation, giving us our dense segmen-
tation map.
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FIGURE 2.5: A classi cation model, such as VGG-16 (a) [222], can

be converted into an FCN-32s segmentation model (b) [143], by re-

moving the attening layer, replacing the fully connected layers with

convolutional layers, and adding an upsampling layer. Layers are

coloured green (input), red (convolutional), blue (downsampling),

gray ( attening), yellow (dense), and purple (upsampling). For con-
volutional layers, the Iter size is shown above.

The FCN-32s segmentation model discussed above produces a segmentation map
that is rather coarse, due to the 32 upsampling required to restore the original res-
olution of the image. In order to re ne the map, most models utilize some kind of
skip connection, which passes ne-grained, low level information from lower in the
network to later layers. Figure 2.6 provides an overview of the network structure
that is common to a lot of fully convolutional networks, including the FCN mod-
els of Long et al. [143], U-Nets [200] and SegNets [9]. The network is composed
of an encoder arm, composed of multiple convolutional and downsampling stages,
which generates an abstract, low resolution representation of the image, and a de-
coder arm, composed of multiple convolutional and upsampling stages, which is
responsible for recapturing ne spacial detail in order to produce a more accurate
segmentation result. The way in which spacial awareness is injected back into the
decoder arm is through the use of skip connections, which pass forward informa-
tion from multiple stages of the encoder through to the decoder. Some models, such
as nested U-Net [277] and deep layer aggregation (DLA) models [262] have a more
complex arrangement of skip connections, in which information is passed up and
down the resolution scale multiple times, and across multiple stages.
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FIGURE 2.6: Some common CNNs used in segmentation problems
share a similar macro structure, consisting of an encoder arm, a de-
coder arm, and skip connections that link the two.

Models Used in Segmentation

As discussed, skip connections can be used to improve segmentation accuracy, by al-
lowing for low level, high resolution features to be considered during the decoding
stage. An overview of the kinds of skip connections that are used in common CNN
segmenters is given in Figure 2.7. For the FCN-16s and FCN-8s models [143], skips
pass high resolution feature maps to the decoder arm for classi cation at multiple
resolutions. These segmentation maps are then upsampled and added together to
produce the nal segmentation result. For U-Nets [200], the decoder arm is a mirror
of the encoder arm, with multiple convolutional layers at each stage. Skip connec-
tions concatenate features from the decoder arm with features from the encoder arm
along the channels axis, and classi cation is only carried out in the nal stage, when
most or all of the input resolution has been restored.

SegNet [9] uses a different approach to skip connections, in which the indices
which gave rise to maximum values during the max-pooling operations of the en-
coder arm are passed to the decoder arm, and use to “unpool” [267] the feature
maps during upsampling. This process, shown in Figure 2.8, reduces the number
of parameters required in the model, and can improve boundary detection between
objects.

The unpooling operation of SegNet handles both the upsampling of information
in the decoder arm, as well as the transfer of information from the encoder arm. For
other models, upsampling is generally handled either using bilinear interpolation,
or transposed convolution [268]. As shown in Figure 2.7, a transposed convolution
can be thought of as a convolution with a fractional stride, and can be emulated with
a regular convolution by ipping the Iter horizontally and vertically, and adding
zeros between the rows and columns of the input matrix [268].
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FIGURE 2.7: Examples of skip connections (a-c) and upsampling
operations (c-e) used in fully convolutional networks. (a) FCN-
16s/FCN-8s [143] skip, (b) U-Net [200] skip, (c) SegNet [9] skip, (d)
Transposed convolution [268], (e) upscaling. For (c), the skip connec-
tions and upsampling are combined into a single unpooling opera-
tion. For (e), nearest interpolation is shown for simplicity. However,
bilinear interpolation is more commonly found in the literature.

FIGURE 2.8: The unpooling operation of SegNet [9]. The max-pooling
indices from the encoder arm are passed to the decoder arm and used
during upsampling.
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Improving Spatial Context and Receptive Field Size

The Bag of Features approach to image processing [172] ignores the spatial position-
ing of features during aggregation, allowing for computationally ef cient process-
ing at the expense of the loss of spatial awareness. Spatial Pyramid Matching (SPM)
[125] was proposed as a method of retaining spatial awareness during aggregation,
by considering increasingly ner sections of the image. Rather than considering
the aggregate of features across the entire image, a pyramid is constructed show-
ing pooled features across different resolutions. For example a pyramid with three
levels would aggregate features over the entire image, over each quadrant (2 2
resolution), and over 16 sub-regions (4 4 resolution).

Zhao et al. [274] proposed a CNN segmentation model called Pyramid Scene
Parsing Network (PSPNet) that uses SPM with an average pooling operation to re-
tain contextual awareness during scene parsing. This allows for the separation of
similar object categories based on where they are found. For example, a plane is
likely to be in the air or on a runway, whereas a car is likely to be on the road or in a
garage. It also assists with categories with similar appearances, such as building and
skyscraper °. In this case, the entire object should be classi ed as either building or
skyscraper. Finally it assists with nding minority objects, such as locating a pillow
at the head of a bed, even if the pillow and quilt have a very similar appearance. The
architecture of PSPNet is shown in Figure 2.9. As can be seen, PSPNet uses a back-
bone CNN followed by the injection of spatial context into the feature map through
the Pyramid Pooling Module (PPM).

FIGURE 2.9: Architecture of PSPNet (from [274])

Another technique used to improve spatial awareness is the dilated convolution
[261] (sometimes called atrous convolution). This is constructed by inserting “holes”
or gaps in the convolutional Iter, as shown in Figure 2.10, which results in an in-
creased receptive eld size. An important consideration for dilated convolutions is
the “rate” which is equal to the size of the gaps that are inserted into the convolu-
tional Iter. A larger rate will result in a larger receptive eld. This technique is
used in the DeeplLab [27] family of segmentation models, in order to maintain re-
ceptive eld, while reducing the number of downsampling steps of the backbone
model. This assists with dense segmentation, as the output map of the backbone is

5For the datasets used in the study by Zhao et al., Skyscraper and Building are distinct classes.
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only downsampled by a factor of 8 as compared to 32 for FCN, meaning that
there is no requirement for the addition of skip connections. DeeplLabs also use a
fully connected Conditional Random Field (CRF) as a post-processing step, to re ne
segmentation results by accounting for long and short range pixel class dependen-
cies. This allows for a more accurate detection of boundaries between objects at the
expense of inference time (4 processing time as reported in the original paper [27]).

FIGURE 2.10: Dilated convolutional kernels are produced by insert-

ing gaps between the elements of the lter. (a) When the rate is set

to 1, a dilated convolution is equivalent to a regular convolution. (b)

When the rate is set to 2, the convolution is equivalent to a larger reg-
ular convolution, with the gaps lled in with zeros.

DeeplLabv?2 [26] introduced the atrous spatial pyramid pooling (ASPP) module,
in which multiple rates of dilated convolutions are utilized in parallel, in order to
capture features from multiple spatial resolutions simultaneously. In DeeplLabv3
[29], ASPP modules were further augmented with global context, and different com-
binations of dilation rates were used to allow for improved performance without
the need for CRF post-processing. Finally DeeplLabv3+ [28] incorporated elements
of the Xception architecture [31], such as depthwise separable convolutions, which
reduces computational complexity while improving the network performance.

Detection Models

The models discussed in the preceding sections are designed to generate a dense
segmentation map, in which each pixel is assigned a class label. One task that they
cannot perform is to distinguish between multiple overlapping objects of the same
class. For example, if we consider multiple people standing in a crowd, a segmenta-
tion model will produce a single “blob” of class person, without determining where
one person ends and the next person begins.

Detection Models, by contrast, are designed to detect the individual objects in
an image, and would return one detection, generally de ned with bounding box
coordinates, for each of the people in the crowd. Detection models include You
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Only Look Once (YOLO) [196], Region-based CNN (R-CNN, not to be confused with
recurrent CNNs) [71], Faster R-CNN [197], Mask R-CNN [88], and DetectNet ©.

R-CNN is a multistage model, consisting of three main modules, being the Re-
gion Proposal Module, the CNN, and the classi er. The Region Proposal Module is
responsible for producing bounding box “proposals” for regions of the image which
may or may not correspond to objects of interest. These regions are then fed through
a CNN in order to extract relevant features, which are then passed to the classi er,
in order to assign a class to the region (or background). The classi er itself could be
implemented as a nal layer of the CNN. However, in the original paper, an SVM
was used for this purpose [71].

R-CNN is slow, because each region proposal (of which there were 2000 gener-
ated per image in the original paper) needs to be passed through the entire CNN.
Fast R-CNN [70] solved this issue by the introduction of a Region of Interest (Rol)
pooling layer, which sits between the convolutional layers and the fully connected
layers of the CNN. The Rol pooling layer generates pooled features of equal size for
each region proposal, which are then passed forward through the fully connected
layers and the classi er. This means that the convolutional layers need only be used
once per image, as opposed to once per region proposal.

Faster R-CNN [197] further improved on Fast R-CNN, by embedding a region
proposal network directly into the CNN, allowing the entire process to be completed
in a single pass. By comparison, Mask R-CNN [88] builds further on Faster R-CNN
by incorporating an additional branch into the network, which simultaneously gen-
erates a dense segmentation mask for each object in addition to the bounding box.

The YOLO family of models [195, 196] also consist of detection networks in
which the region and classi cation tasks are performed in a single pass. By treating
object detection as a regression problem, YOLO simpli es the task into predicting
numerical values for bounding box parameters and class probabilities directly from
image features. In comparison to R-CNN, YOLO partitions the image into a grid
of regions, and makes predictions for each grid cell. YOLO is well known for its
ability to combine speed with accuracy, making it an excellent choice for real-time
applications [245].

RetinaNet is a detection model which utilizes a focal loss function, that reduces
the weight of well classi ed examples in order to address the class imbalance be-
tween positive and negative detections [137].

2.2.8 Summary

Computer vision refers to the use of arti cial intelligence to extract meaningful in-
formation from digital images. This is performed in conventional machine learning
through the two-stage process of rst extracting useful features, such as local binary

bhttps://developer.nvidia.com/blog/detectnet-deep-neural-network-object-detection-digits/
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patterns (LBPs) or histograms of oriented gradients (HOGs), and then using a clas-
si cation model, such as SVMs, RFs or ELMs to place the image into one of several
classes, which may refer to plant species found in the image.

ELMs are SLFNs, which avoid the time consuming process of back propagation
by setting the hidden layer weights randomly and calculating the optimal weights
of the nal layer in a single step, using the Moore-Penrose pseudoinverse. There
are a range of modi cations to standard ELMs, including the CF-ELM, in which
each of the three colour channels in an image are processed separately in the hidden
layer. By comparison C-ELMs and CIW-ELMs compute hidden layer weights using
random samples drawn from the training set, and can produce comparable results
to standard ELMs with fewer neurons, and hence less computational resources.

Determining which features to use for a particular application can be a time con-
suming process. Deep learning allows us to skip this step, by combining feature
extraction and classi cation into a single process, which is end-to-end trainable via
back propagation. The most common deep learning models used in weed localiza-
tion are Convolutional Neural Networks (CNNs). There have been a range of CNNs
that have been proposed in the past 15 years, including AlexNet and VGG-Nets,
which have a simple structure, in which each layer propagates its result to the next
layer in the network.

By comparison, models such as Inception and Exception use more complicated
structure containing parallel layers, which allow the network to learn more descrip-
tive features, while reducing the number of parameters and Floating Point Opera-
tions (FLOPSs) of the network. ResNets were developed in order to x the degrada-
tion problem which occurred when training very deep networks. They are designed
with identity connections which facilitate the propagation of gradient to earlier lay-
ers in the network, and have been used to effectively train very deep CNNSs.

Localization tasks vary based on the precision required, and range from classi -
cation, in which a single class is assigned to the entire image, and dense segmenta-
tion, in which each pixel within the image is assigned its own class. An intermediate
task is bounding-box detection, in which the model learns to draw boxes around
objects of interest contained within the image.

Classi cation models can be converted to segmentation models by converting
the fully connected layers to convolutional layers, as is the case in FCN-32s [143].
However, during the downsampling stages of classi cation models, some ne-grained
spatial awareness is lost. For this reason, many segmentation models use and encoder-
decoder structure, and skip connections, which link earlier stages in the encoder to
later stages in the decoder, allowing for the transfer of spatial information prior to
segmentation. Examples of this include UNet, nested UNet and SegNet.

Bounding-box detection networks must rst generate proposal boxes, where ob-
jects of interest may or may not be found, and then determine which class of object, if
any, is contained within each of the proposals. Examples of bounding box detection
networks include YOLO, R-CNN, and the derivatives thereof.
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2.3 Weed Localization in Farmland.

2.3.1 Introduction

There is a considerable body of research literature available on the use of Computer
Vision to monitor, locate, and treat weed infestations in agricultural lands, as well as
other settings, such as national parks. This section will provide an overview of what
has been done to date. Consideration will be given to the purpose of each study,
the machine learning techniques that were used, and the conclusions that can be
drawn from the study. There are now also a growing number of publicly available
datasets, which can be used to train and compare custom models. A selection of
datasets, including those that have been particularly in uential in the eld of weed
localization are shown in Table 2.3.

Although the majority of research has been carried out in crop elds, there have
also be studies on the localization of weeds in more complex environments such as
pastures, and national parks. One example of this is the use of various conventional
and deep learning models to detect dockleaf growing in pastures in Europe [17, 39,
119, 226, 272]. Another example is the work of Olsen et al. [174] on the development
of a comprehensive dataset of eight weeds of national signi cance in Australia, as
well as background images captured in rangelands of North-East Australia. These
studies and others will be discussed in the remainder of this section.

2.3.2 Image Capture

In order to train CV models for weed localization, we rst need images to use during
training. An important consideration is how the images are to be captured. On the
one hand, they could be captured by ground vehicle, unmanned aerial vehicle (UAV)
or even satellite. On the other hand, the camera may be a simple RGB camera, or a
hyperspectral camera capable of capturing images in multiple bands of the visible
and infra-red (IR) spectrum. Another consideration is the resolution of the images,
both in terms of the size (in pixels) of the image, as well as the size (in cm or m) of
the area of land covered by the image. A key metric is the ground sampling distance
(GSD), which is the distance between adjacent pixels, which varies greatly between
datasets. For example the CWFID dataset containing images of carrot and weed
seedlings captured at ground level has a GSD of 0.1 mm/pixel [85], whereas a study
on gamba grass (Andropogon gayanysggrowing in North Australia uses hyperspectral
images (HSI) that were captured by satellite with a GSD ranging from 0.3m to 7.5m
depending on the wavelength band [220]. It should also be noted that in cases where
real-time processing of images is required, the images will likely be resized down
prior to being input into the classi er.

UAV image capture can be performed at a range of altitudes, from as little as
2 metres for one study of weeds growing in wheat elds [271] to 114 metres for
another study conducted in pastures [264], which will have a signi cant effect on



Name and Environment Number of Task

Reference Images

CWEFID [85] Carrot (crop) 60 Dense segmentation
Soybean [46] Soybean (crop) 15,336 Superpixel classi cation
Plant Seedling [72] 14 species of 407 Per-image classi cation

crop and weed

Chebrolu [4]

Sugar beet (crop)

300 annotated

Dense segmentation

Carrot-Weed [124] Carrot (crop) 39 Dense segmentation
Sa [206] Sugar beet 1,026 Dense segmentation
DeepWeeds [174] 8 species of 17,509 Per-image classi cation

weed (rangeland)

GrassClover [224]

Pasture

8,000 synthetic
15 annotated

Dense segmentation
Biomass

Oil Radish Oil Radish 129 Dense segmentation
Growth Dataset Biomass + C/N content
OPPD [134] 47 species of 7,590 Bounding box

weed
Bender [16] Brassica (crop) 1,248 annotated | Bounding box and

dense segmentation

CropAndWeed [231] | 74 species of 8,034 Bounding box and
crop and weed dense segmentation
MFWD [69] 2 crop and 94,321 Bounding box,
28 weed species segmentation and
instance segmentation
Rai [190] 5 weed species 3975 Bounding box
Turfgrass [229] Single weeds 4,203 Bounding box

class

TABLE 2.3: Example publicly available datasets for weed localization in agricultural land
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GSD and eld of view. The altitude of the UAV will also depend on the purpose
of data collection. If the images are captured simply for surveillance and for the
localization of areas with high weed pressure, then a high- ying vehicle which can
cover the entire site quickly is preferable. On the other hand, if the UAV is the vehicle
responsible for crop or pasture treatment, then it will need to y at low altitude,
so that the treatment is applied precisely, and only where it is needed. For high-
ying UAV imagery, the images are often captured with signi cant overlap so that
mosaicking can be performed, in which the images are aligned with one another,
and combined into a single overall image of survey site [104, 144].

Another consideration is the angle of the camera. In most, but not all cases, the
camera will face directly downwards. However, in one study carried out on dockleaf
growing in pastures [17], the camera was pointing forward to an area of pasture
directly in front of the vehicle to which it was attached, and the images transformed
in order to remove the effect of perspective. The authors note that this approach is
only feasible if pasture elements are roughly equal in height, and provided that the
camera is not looking too far in front of the vehicle.

Perhaps the most common choice of colour space is RGB, which is used in Deep-
Weeds [174], GrassClover [224], Soybean [46] and other datasets [72, 166, 244]. By
comparison, the CWFID dataset [85] uses images consisting of only two bands, one
red and one IR. The reason for this choice is because the plant pixels can easily be
separated from background soil pixels through the use of vegetation indices such
as Normalized Differential Vegetation Index (NDVI, shown in equation 2.2), due to
the fact that the majority of the red light is absorbed by the chlorophyll in the plant,
whereas most of the infra-red light is re ected [215]. Most studies using a combina-
tion of visible and IR spectra, however, contain far more bands. For example, one
study on images of serrated tussock and Chilean needlegrass growing in Southeast
Australia contained 11 bands in the near infra-red spectrum, and 16 bands in the
visible spectrum [54]. On the other hand, another study on weed species growing
in New Zealand pastures used HSI containing a total of 235 separate wavelengths
[135].

A further consideration when capturing images is illumination, with the two ba-
sic options being natural and arti cial. The issue with natural lighting (i.e., sunlight)
is that the intensity can vary greatly, depending on weather conditions, and in the
case of images captured at ground level, the vehicle's shadow may be present in
parts of the image, leading to loss of image quality due to underexposure. For this
reason, some experimental frameworks such as the BoniRob robot [85, 203] are t-
ted with a curtain to block out sunlight, and arti cial lighting to provide a consistent
illumination for the camera. The disadvantage of this approach is that the curtain
may get caught on obstacles such as taller plants, limiting its use to elds without
such obstacles (e.g., crop elds at seedling stage). There are also a small number of
studies where images have been captured in conditions with limited illumination,
such as at night [119, 235].
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2.3.3 Weed Datasets used in the Literature

This section will provide an overview of some of the publicly available datasets
for weed localization in agricultural land, which are presented in Table 2.3. These
datasets vary in such factors as where the images were taken, why the images were
taken, how the images were taken, how the images were annotated, the number of
weed or crop species represented, and the resolution and number of images.

In the majority of cases, the primary purpose of the datasets were for training
models in weed localization. In some cases, however, there were alternative tasks
associated with the dataset. For example, the GrassClover dataset [224] primarily
focused on the localization of bene cial species of grass and clover in images, in-
cluding the estimation of species biomass, in order to determine the correct dosage
of nitrogen fertilizer to apply. Due to the nitrogen xing properties of clover, fertil-
izer dosage is dependent on the quantity of clover present. The Oil Radish Growth
Dataset [166] is another example of a dataset with alternative tasks of biomass as
well as Carbon and Nitrogen content estimation.

Some of the datasets were collected in a greenhouse setting, including the Plant
Seedling Dataset [72], and the Open Plant Phenotyping Dataset [134]. The advan-
tages of this setting is that the researcher can choose the species of interest to include
in the dataset, as well as control the number of instances of each class present, to
provide a balanced dataset for training. A disadvantage is that the controlled green-
house environment may not completely re ect conditions that are likely to be found
in the eld. Although the majority of datasets contained images from glasshouse
or crop eld settings, there were some that were captured in pastoral or rangeland
settings, including the GrassClover dataset [224], and the DeepWeeds dataset [174].

Datasets captured under eld conditions may use cameras attached to ground
vehicles, or the UAVsS, which can be set to y at a range of different altitudes. In
many cases, images are taken in RGB format. However, in some cases, such as for
the Chebrolu [4] and CWFID [85] datasets, infrared images are also captured. Che-
brolu's dataset also includes LIDAR (light detection and ranging) and laser sensors
in order to generate a 3D view of the surroundings for the purpose of collision avoid-
ance.

The datasets discussed in this section use different methods of annotation which
have already been covered in Section 2.2.7. These include per image annotation
[174, 188], superpixel annotation [46, 176], bounding box annotation [134, 233, 244,
253] and per pixel annotation [4, 72, 85, 124, 153, 166, 224]. Some datasets included
multiple types of annotation, such as bounding box and per pixel segmentation [16,
231].

A potential issue with any agricultural dataset is the time taken for a human to
produce accurate, high quality annotations. This time is impacted by the kind of
annotation used, with dense segmentation maps, in which each pixel is assigned
a class, being particularly time-consuming. The complexity of the environment in
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which the images are taken can also affect the dif culty of annotating them. In cases
where images are of seedlings against a background of soil, annotation may be eas-
ier. For example, in the case of the CWFID dataset [85], a plant/soil mask was rst
generated, and then the plant sections annotated by a human drawing a polygon
around regions of vegetation, and labelling as crop or weed, with “hard” sections,
containing overlapping crop and weed plants being skipped.

For environments with a more complex arrangements of plants, another alterna-
tive is the use of synthetic training images, which increases the number of images
available for training, while still maintaining a low cost of human effort, during
annotation. This technique was used in the GrassClover dataset [224]. Here individ-
ual instances of plants belonging to different species were segmented from images,
forming a library of plant components, which were then added to images of soil
background with random rotation and scaling adjustments. This process was re-
peated until the desired level of vegetation cover was achieved. A similar synthetic
image generation work ow was adopted in other studies, in which weeds of interest
were segmented, and pasted on a background of plain soil, or weed-free crop eld
images [66, 78, 182, 244].

Species composition is the last thing that will be considered in this section. Some
datasets, such as the CWFID [85], Lameski [124] and Chebrolu [4] datasets are con-
cerned with a single species of crop, whereas others contain multiple crop and weed
species. For example, the CropAndWeed dataset [231] contains a total of 74 crop and
weed species, although due to the under-representation of some classes, a core set
of 8 crop and 16 weed species is recommended. The DeepWeeds [174] dataset, by
comparison, consists of 17,509 labeled images representing eight signi cant weed
species found in Australian rangelands, as well as many background images of na-
tive grasses and broadleaf plants. This dataset was created to support the devel-
opment of deep learning models for weed classi cation in real-world conditions,
with images coming from a range of different locations with varying environmental
conditions.

2.3.4 Common Metrics

A metric is a mathematical formula which determines how well a model achieved
the required task, and allows two or more models to be compared with each other.
In general, a higher metric score means that the model performed better. There are a
range of common metrics used in the CV community, and the choice often depends
on the task at hand.

In order to examine the various metrics used in the literature, we rst de ne the
confusion matrix, which is a square matrix (or table), which gives the number (or
proportion) of samples broken down by their true class and predicted class. The
i-th row refers to samples whose true (or ground truth) label is the i-th class, and
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the j-th column refers to samples whose predicted label is the j-th class. There-
fore, those values which are found along the major diagonal of the matrix are those
which have been predicted correctly, and those values which are not have been pre-
dicted incorrectly. Figure 2.11 provides example confusion matrices for a binary and
a multi-class problem.

For the binary classi cation problem the term true negative (TN) refers to the
number of samples which are negative, and which were classi ed as negative, the
term false negative (FN) refers to the number of samples which are positive, and
which were classi ed as negative. The terms true positive (TP) and false positive
(FP) can be de ned analogously. For multiclass problems, we will refer to the value
in the i-th row and j-th column as Mj;, the number of classes asN, the set of classes
as[N] = f1,...,Ng, and the set of classes excludingi as[N]nfig= f1,...,i 1,i+
1,...,Ng. Inthis case, the terms TP, FP, FN and TN can be de ned in a class-wise
fashion as:

TR = Mji
o
FP, = a Mji
j2[N]nfig
o]
FNi = a Mij (29)
j2[N]nfig
o
TNi = a Mjk
i.k2[N]nfig

The confusion matrix can be normalized, by dividing each row by the sum of its
elements. In this case, Mj; refers to the proportion of samples whose true label is
i that have been classi ed as j by the model. For the remainder of this section, we
will discuss the multiclass problem, except where otherwise speci ed. The binary
class, however, is analagous, with N = 2, and the negative and positive classes
corresponding to classes 1 and 2 respectively, although the metrics would commonly
only be evaluated for the positive class.

Perhaps the simplest metric is accuracy (A), given in equation 2.10, which refers
to the proportion of samples that were classi ed correctly. This metric is used in the
DeepWeeds paper [174]. Accuracy is an acceptable metric to use if the classes are
reasonably well balanced, but is not suitable for very unbalanced classes. To see why,
consider a binary classi cation problem, in which the positive class corresponds to
only 1% of samples. In this case, a naive classi er which predicts all samples to
be negative would achieve an accuracy of 99%, in spite of the fact that it would be
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completely useless for any practical purposes.

o
a Mi
i2N
o]
a Mj

ij2N

A =

(2.10)

FIGURE 2.11: Example confusion matrices for (a) binary, and (b)
multi-class problems. For the binary task, TP (TN) = true positive
(negative), and FP (FN) = false positive (negative).

For this reason, studies that utilize unbalanced datasets often use precision (P,
also called sensitivity, true positive rate or TPR), recall (R), false positive rate (FPR,

also called speci city), intersection over union (IOU), or F, score (also called the Dice
Coef cient) as a metric. The formulae for these for a given class, i, are given below:

_ TR
T TR R
R. = L
' TR+ FN,
_ FR
FPR = FR+ TN; 011
I0U; = 10 N
TR + FR+ FN,
Fuj = L
" TR+ 3(FR+ FN)
P R
P+ R

Mean and frequency weighted mean versions can also be calculated for any met-
ric f, as below, where p; is the proportion of images whose ground truth label is class
i

N

mear(f) = %é fi

=1 2.12)

b

o
mean,(f) = A pifi
i=1
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Another way of presenting the results is by plotting one metric against another,
with two common examples being precision recall (PR) and receiver operating char-
acteristic (ROC) curves. A ROC curve is a plot of the TPR against the FPR. To un-
derstand how these work, we consider the binary classi cation problem. The classi-
cation layer of the network will produce a nal classi cation score, which will be
between 0 and 1 if the sigmoid activation function is used (which it commonly is for
binary problems [22, 39, 114, 273]). Although a threshold value of 0.5 might be the
default for determining whether a sample is positive, this threshold can be varied
anywhere between 0 and 1.

A low threshold will result in most samples being classi ed as positive, which
will give us a high recall and TPR, whereas a high threshold will result in most sam-
ples being classi ed as negative, giving us a low recall and TPR. On the other hand,
a low threshold will result in many negative samples being classi ed as positive,
giving us a low precision, and a high FPR, whereas a high threshold will result in
few negative samples being classi ed as positive, giving us a high precision, and a
low FPR. Figure 2.12 gives example PR and ROC curves. Given a PR or ROC curve,
we can calculate the area under the curve (AUC), which is also sometimes used as a
metric.

FIGURE 2.12: Example PR (a) and ROC (b) curves. For a PR curve,

a baseline model which performed no better than random would

achieve a precision equal to the proportion of samples in the posi-

tive class (p+), and a recall equal to the choice of threshold. For the

ROC curve, the baseline model would produce a TPR equal to the
FPR, and both would be equal to the choice of threshold.

Another metric that is closely related to the AUC of a PR curve is average pre-
cision (AP), which is similar to a discrete approximation of the AUC. If we de ne
the pinterp(r) function, as the maximum precision for any ¥ r, then we can de ne
the AP as the mean value of pinerp, Calculated at n equally spaced values for recall,
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between 0 and 1 inclusive [52]. This is shown below, for n = 11:

1 [o]
AP = 11 a pinterp(r)
r2[0,0.1,...,.1 (2.13)
Pinterp(r) = Fr;[?,)l(] p(F)

We can similarly de ned the mean AP (mAP) as the mean across classes of the AP
metric.

The nal consideration when calculating any of the above metrics is what con-
stitutes a sample. This is very much dependent on the kind of localization problem
being carried out. For a classi cation task, a sample will be an entire image. By
contrast, for a segmentation problem, a sample may be a single pixel in the case of
dense segmentation, or square patch in the case of patch-based segmentation. Alter-
natively, we might use a Connected Component (CC) based approach, and say that
every CC (e.g., individual plant) is a sample. This will produce a similar problem to
the bounding-box case, except that the CCs of course do not need to be rectangular.

In the CCs or bounding-box cases, an additional consideration is needed. Clearly
it would be too strict for us to expect a model's predicted CC, or bounding box co-
ordinated to exactly match the ground truth label, and so, a measure of “closeness”
is required when determining whether a detection is a true positive. The measure
that is typically used is the IOU, which is de ned similarly to the cases above, but
for a single instance. Given a ground truth label L and a prediction P, both of which
are de ned as a set of pixels, we can de ne the IOU as follows, where cardis the
cardinality function equal to the number of pixels in a set.

card L\ P)

IOU (L, P) = adL[ P)

(2.14)

This allows us to calculate the AP and mAP for different threshold values of IOU,
with a mAP@0.5, for example, being the mAP for an IOU threshold of 0.5. However,
the higher the threshold, the closer the prediction needs to be to the ground truth,
and therefore, the harder it is for a model to score highly. The COCO detection
challenge [138] uses an AP (and mAP) metric which are averaged over multiple IOU
values between 0.5 and 0.95, as shown below:

A = f0.5,0.55,...,0.95

o]
MAP@0.5:0.95 1—10 a MmAP@a (2.15)

azA

Finally, for studies involving random forests (RFs), Out Of Bag (OOB) accuracy
may be used as a measure of how well the model works on the training dataset, and
as such is somewhat analogous to validation accuracy. RFs are constructed of mul-
tiple decision trees, with each decision tree generated from a random sampling of
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the training data. The OOB data refers to all samples which were notincluded in the
random sampling, and the OOB accuracy of the decision tree refers to its accuracy
on the OOB data. The OOB accuracy of the RF as a whole can then be calculated by
aggregating (e.g., using the mean of) the OOB accuracies of its individual decision
trees. In cases where OOB accuracy is discussed, the generalization (GE) accuracy
refers to the accuracy of the RF on a test dataset, not included in any of the decision
trees during training.

2.3.5 Methods Speci c to Crop Fields

There has been an abundance of research carried out on the localization of weeds
in crop elds, with crops including sugar beet [4, 25, 113, 146, 151, 162, 192, 206,
234], soybean [46, 194], carrot [85, 116, 117, 124, 157, 232], rice [3, 101-103, 112, 114,
153, 258], maize [7, 107, 182, 254], and grains [128, 271, 281]. Crop elds offer ad-
vantages over complex environments like pastures, including the position of crop
plants in lines, and the ability to easily segment green plants from the brown soil
background using vegetation indices. These advantages have been leveraged in a
variety of ways, which will be discussed in this section.

Perhaps the most pervasive of techniques used in crop eld studies, is talking
advantage of the clear colour differences between green plants and background soil.
This allows vegetation to be easily segmented from background using a vegetation
index and thresholding technique [50, 124]. A common choice for this is NDVI [202]
and Otsu thresholding [178]. In the task of distinguishing crop from weed, this sim-
pli es the detection process by reducing the number of pixel which need to be clas-
si ed [157], with the greatest effect being realized in the case where plants are small,
and the majority of pixels belong to the background class, an example of which is
the CWFID dataset [85].

The thresholding approach to segmenting vegetation from background can also
be used as the basis of an Object-Bassed Image Analysis (OBIA) process, in which
contiguous sections (or connected components) of plant pixels are treated as indi-
vidual objects, and are segmented from the image for analysis. Classi cation can be
carried out easily in cases where an object corresponds to a single plant (either crop
or weed), but is complicated where there is overlap between multiple plants [58]. In
this case, a further step is required to break down the mixed object into regions of
crop and weed [148].

Lottes et al. [148] use a cascading approach in their OBIA study of weed local-
ization in sugar beet elds using UAV image capture. The rst stage is to extract
the individual objects, and classify them using conventional machine learning tech-
nigues. In the case where the classi er returns a very positive result for either crop
or weed, then no further processing is done. In the case where the result is ambigu-
ous, the object is considered to be a mixture of crop and weed, and a patch-based
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approach to feature extraction and segmentation is used (here each patch is 10 10
pixels in size).

As mentioned in Section 2.3.2, infrared data can be used as a basis for plant seg-
mentation, due to the high re ectivity of plants to infrared light, causing plants to
appear very bright when images are capture in this spectrum. On the other hand,
infrared data can be useful in weed localization, even when it is not used as part of
an explicit thresholding technique. For example, in a study on a dataset gathered
in sugar beet elds using both visible and NIR spectra, Wang et al. [251] found that
the segmentation CNN models performed signi cantly better when NIR data was
included in the input, with a pixel-wise mIOU of 78.82%, compared to 72.01% for
the RGB colour space. These results could further be improved to 87.13% when im-
age enhancing techniques were used prior to input to the model. Interestingly, these
improvements were not realised when OBIA was performed on the same dataset. In
this case, it was found that RGB without any image enhancement performed best,
with a mean accuracy of 96.06%.

Thresholding and connected component extraction may work well in cases where
the plants are small, with few overlapping components, but in cases where crop
plants and weeds are more mature, with little to no distinct soil boundaries between
them, another approach is required. In the study of dos Santos Ferreira et al. [46]
on grass and broadleaf weeds growing in soy bean elds, a superpixel-based seg-
mentation technique is used. In this case each of the superpixels can be isolated and
used for feature extraction and classi cation.

A common process to detect crop rows that is encountered in the literature is the
use of Hough transforms [92]. Hough transforms are a CV technique used to detect
imperfect shapes in images. This is achieved by considering a parameter space of all
potential shapes, and searching for local maxima within that space, with respect to
some measure of tness. For example, if we consider an image of a crop eld, then
the crop lines can be found by searching for lines which contain the most number of
green pixels.

Being able to detect crop lines in this manner allows us to perform self-supervised
learning, eliminating the need to manually annotate images, and greatly reducing
the amount of human effort required to produce our trained model. For example,
Wendel and Underwood [254] working with HSI, used a Hough transform to nd
the centre of crop lines in a corn eld. The training data was automatically gener-
ated in the following way. Firstly, CC extraction of vegetation was performed using
NDVI and Otsu thresholding. Any vegetation pixel that fell directly on the Hough
transform was treated as crop, while any CC which was wholly disconnected from
the crop line was treated as entirely composed of weed pixels. When trained on the
automatically generated dataset, an SVM classi er achieved a mean F1-score of 0.87,
compared to 0.92 for the dataset that was labelled by hand. Interestingly, the reduc-
tion in performance when trained on the automatic datasets was caused mainly by
a greater number of weed plants being incorrectly labelled as crop.
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In another, similar study, Bah et al. [10] used a Hough transform to detect crop
linesin elds of beans and spinach, using UAV imagery. Superpixels were calculated
using the SLIC algorithm [2], and those which intersected the Hough lines were used
to de ne crop rows. Those which did not intersect the Hough lines, but which were
connected to them via regions of vegetation were de ned as potential weeds, while
those which were disconnected were de ned as weeds. When tested using ResNet18
[86], the unsupervised approach yielded a ROC AUC of 88.73% and 94.34% for the
bean and spinach elds respectively, as compared to 94.84% and 95.70% using man-
ually labelled data. One possible reason why unsupervised labelling performed
worse for the bean eld is because there were fewer weeds present, meaning that
potential weeds were included in the dataset as weed samples, as compared to the
spinach eld, in which only superpixels that were wholly disconnected from the
crop lines were counted as weeds.

An alternative approach to the use of Hough transforms is a CNN which has
been specially designed for the task of detecting crop rows. This is the approach
used by Adhikari et al. [3] in their study on wild millet growing in paddy elds.
Semantic graphics, in which a sketch of an abstract concept, such as a crop line,
is used as the segmentation target, is used in this study. The advantage of this is
that such as sketch is easy for a human to produce, even in cases where high weed
concentrations confuse the distinction between row and intra-row spaces.

The last technique of note in crop elds is the use of crop signalling technology,
as described by Raja et al. [191]. In this study, drinking straws marked with uo-
rescent dye are placed with tomato and lettuce plants during greenhouse cultivation
of seedlings, and transplanted along with the plant into the eld. This uorescent
dye can then be visualized through the use of UV illumination, allowing a robotic
weeder to easily detect crop plants, and avoid accidental damage to them during
weed control.

2.3.6 Methods used in Pastures and Other Complex Environments

Many of the methods that were discussed in Section 2.3.5 are not applicable to pas-
tures and other complex environments, due to the more haphazard arrangement of
plants, and the fact that backgrounds may be similar in colour to weeds or other
plants of interest. The studies that are discussed in this section will mostly be con-
cerned with the localization of weeds from ground level, or via low-altitude UAV,
but some studies on remote sensing, either using high-altitude UAV or satellite im-
age capture, will be discussed.

There are a number of studies that have been carried out in Europe on the local-
ization of dockleaf ( Rumex obtusifoliusin pastures, including classi cation [119, 226,
249, 272], patch-based classi cation [17] and segmentation [39, 123] studies. This
is a relevant task, because dockleaf provides limited nutritional value to livestock,
and cannot be controlled by blanket spraying. This is because the herbicides that are
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effective against dockleaf also kill clover, which is bene cial to the pasture, due to
its ability to x nitrogen in the soil, reducing the need for fertilizer [226]. It is also

a challenging task, due to the similarity in colour between weed and background,
as well as the high level of occlusion between plants that is observed [36, 212, 224].
In spite of this, it is possible to achieve reasonable accuracies of 73 - 83% on clas-
si cation of dockleaf and stinging nettle ( Urtica diotica), even when the problem is
reduced to the classi cation of small image patches, corresponding to 46 - 106 mm
squares [17]. Another study on images of grassland containing dockleaf used a pre-
trained VGG-16 model, in order to obtain an F1-score of 0.787 when using a sliding
window approach [123].

In another study [20], a UNet architecture was employed to segment spiny pig-
weed within bermudagrass pastures in Florida, using RGB imagery captured by a
UAV ying at moderately high altitude. The dataset comprised images from twelve
paddocks, which ranged from weed-free to varying levels of infestation. The UNet
model successfully detected approximately 80% of the weeds, enabling up to a 76%
reduction in herbicide usage and signi cantly lowering the cost of weed control.

In Australia, research has been carried out on weed localization problems in
rangelands using ground based [22, 23, 54, 174, 175], UAV based [80, 104] and satel-
lite imagery [198, 220], pastures [208-211], and conservation areas [212]. Another
study used images captured in a greenhouse of Parthenium Weed (Parthenium hys-
terophorudL.), which is a signi cant weed in both agricultural and non-agricultural
lands [36].

The DeepWeeds dataset [174], introduced in Section 2.3.3, was designed to eval-
uate the ability of models to generalize across diverse eld conditions, which is an
essential requirement for the success of robotic weed control in agriculture. Two
deep learning models, Inception-v3 [238] and ResNet-50 [86] were evaluated on this
dataset, achieving classi cation accuracies of 95.1% and 95.7% respectively. Mean-
while, ResNet-50 achieved an inference time of 53.4 ms on an NVIDIA Jetson TX2,
making it suitable for real-time applications.

Another study [22] looked at the feasibility of classifying Harrisia cactus ( Eri-
ocereus martini growing in a rangeland environment in South Queensland using
ResNet50 [86] and Inception-V3 [238]. The data collection was limited to two lo-
cations, during a time of signi cant drought, meaning that the models produced
may not generalize well to different locations and growing conditions. Of interest in
this study was the use of class activation maps [275], which allowed the researchers
to see which parts of the image contributed the most to a positive or negative result.
In their study, ResNet50 performed best, with an accuracy of 98.14%, compared to
96.50% for Inception-v3.

In a study on the localization of Parthenium weed in a greenhouse setting [36],
two separate strategies were considered. Parthenium is an invasive species of na-
tional signi cance in Australia. In the rst strategy, YOLOv4 [18] acting on RGB
images was used as a bounding box detector, achieving an overall accuracy of 95%,
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and a classi cation accuracy of 86% when weed plants were separated into ow-
ering and non- owering classes. A separate experiment was conducted using hy-
perspectral imaging (HSI) data comprising 274 spectral bands to perform per-pixel
classi cation of three weed classes at different growth stages (seedling, rosette, and
owering) as well as grass, concrete, and soil classes. The classi cation was per-
formed using XGBoost [30], an advanced ensemble tree-boosting algorithm. This
approach achieved a per-pixel accuracy of 99%.

In another study [54] images of serrated tussock, Chilean needle grass and na-
tive grasses were collected in ACT, Australia using hyperspectral cameras. When
LBP and HOG features were extracted and classi ed using an SVM, the researchers
achieved an accuracy of 80.9%. Of particular challenge was the classi cation of
Chilean needle grass, which only attained an accuracy of 56.3%, likely due to sim-
ilar appearance to Serrated Tussock. These features were shown to be superior to
Gabor lIters, which are a form of wavelet-based textural feature, in this test setting.
The Gabor-based classi cation technique only attained an overall accuracy of 67.3%,
with just 43.8% for Chilean needle grass.

Hung et al. [104] conducted experiments on three separate datasets of invasive
weed species in Australia, including water hyacinth, tropical soda apple and ser-
rated tussock, which were collected by UAV. It was found that altitude of image
capture was crucial for good results, with lower heights ranging from 5 to 10 metres
being better. Moreover GSD and classi cation window size were also shown to be
signi cant factors in the interpretation of results. A sparse autoencoder, trained on
images from the CIFAR-10 benchmark dataset [121] was used to generate a bank of
Iters, which were used as feature extractors. K-means clustering was applied to
the pooled feature responses, and a linear classi er used to separate the data into
positive and negative classes. In the best case, this method generated F1-scores of
92.9%, 94.3% and 72.2% for serrated tussock, water hyacith and tropical soda apple,
respectively.

In another study [198], very high resolution satellite imagery was utilized to
monitor the occurrence of Gamba grass in northern Australia. Gamba grass is an
invasive species which has the potential to increase the severity of grass res. The
images were segmented using a fully convolutional network called ResUNet-a [44].
This model is similar to UNet, but uses residual blocks and PSP pooling blocks to
assist in the training of very deep models, and to incorporate multi-scale contextual
information in feature maps. Based on network complexity and window size, this
method achieved a best IOU of 53.5%, indicating that it was at least partially suc-
cessful in detecting Gamba grass infestation. The authors note that the model was
better at identifying larger patches of Gamba grass, which are more important from
an environmental and re safety perspective.

Shendryk et al. [220] also conducted a study on Gamba grass in northern Aus-
tralia using hyperspectral satellite imagery. In their research, they extracted Grey-
Level Co-Occurrence Matrix (GLCM) and spectral features from the imagery and
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applied an XGBoost algorithm to classify small image patches into positive or neg-
ative classes. When all features were combined, this approach achieved a mean
accuracy of 91.2% across both classes, indicating that the model was effective for the
detection of Gamba grass in this setting.

2.3.7 Conventional Machine Learning Methods

A range of conventional machine learning methods have been used in weed local-
ization studies in farmlands. Several categories of feature have been used, including
morphological, spectral, textural and spatial, which have been introduced in Section
2.2.3. Several conventional classi ers used in weed localization studies, including
SVMs, RFs and ANNs have been introduced in Section 2.2.4

One comprehensive comparison study on the use of conventional machine learn-
ing techniques for weed localization in pastures was carried out by Binch and Fox
[17] on the classi cation of small patches of images containing background pasture
elements, dockleaf (Rume or stinging nettle ( Urtica). The study aimed to minimize
experimenter bias, with researchers remaining neutral with respect to the methods
used. By utilizing a single standardized dataset and avoiding parameter tuning
based on the test set, the study ensured a more objective and controlled evalua-
tion of the methods. This study found that the SVM was the best classi er of those
considered, and when coupled with LBP features, resulted in an accuracy of 82.88%,
which could be slightly improved to 83.40% when incorporated into an ensemble of
multiple classi ers.

LBPs were also used by Le etal. [126, 127, 129] in their research on the segmenta-
tion of canola, corn and radish seedlings. In one study [127], segmentation prior to
feature extraction was employed, in order to remove irrelevant, background noise.
Parameter optimization demonstrated that the number of neighbours and radius
used for LBP feature extraction, was an important consideration, and that the use of
multiple parameter combinations lead to improved results, with a best classi cation
accuracy of 91.85%.

This result was negatively impacted by the dif culty in distinguishing canola
and radish plants, which share a similar leaf shape, but have a distinct leaf margin
morphology. For this reason, another study was conducted [126], in which leaf con-
tour masks were used to focus on the extraction of features coming from the leaf
margin (i.e., the pixels surrounding the interface between plant and background),
allowing for an improved accuracy of 98.63%. This method was called k-FLBPCM.

In another study, morphological features were used to classify four weed species
growing in corn elds in the USA [180]. Of the features considered, it was found
that hollowness, solidity and convex area were the most important. A comparison
of a K-Nearest Neighbour (kNN), an SVM and a RF was carried out. There was little
difference between these three methods, with best F1-scores ranging from 0.898 for
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the SVM to 0.905 for the RF. However, the RF was able to achieve this result using
fewer features, making it the best candidate for use in this test case scenario.

Another feature that is commonly used in weed localization studies is the his-
togram of oriented gradients (HOG) [38], which looks at the orientation of light and
dark pixels in localized patches of the image. A rotationally invariant version of
HOG features were used by Olsen et al. [175] in their study on the detection of
Lantana (Lantana camarggrowing in a complex eld environment. Choice of image
preprocessing technique, including Gaussian smoothing and gamma correcting, as
well as HOG hyperparameter optimization, such as the choice of block normaliza-
tion, signed vs unsigned orientations, number of orientation bins and block overlaps
was carried out on a separate dataset. Scale invariance was achieved by fusing fea-
tures extracted from windows of varying sizes. Classi cation was performed in two
stages, with the rst stage predicting the class of multiscale image windows drawn
from regions of interest in the image. In the second stage, a decision algorithm de-
termined whether the target species was present in the entire image by evaluating
the counts of windows predicted as positive or negative. Out of a pool of different
classi ers, including an arti cial neural network (ANN), two SVM variants and lin-
ear regression (LR), it was found that the ANN and LR performed best for stages
one and two respectively, resulting in an accuracy of 86.07%.

Haralick features, derived from the grey level co-occurrence matrix (GLCM) are
another textural feature used in weed localization studies. These features were
utilised in combination with LBP and HOG features in a study conducted by Zhang
et al. [270] on weeds growing in lettuce elds. Classi ers tested included an SVM,

a kNN, and an RF, and a genetic algorithm (GA) was used for hyperparameter opti-
mization. The best results were achieved using an SVM, with an F1 score of 94.98%.

In the preceding paragraphs, varying choice of features and classi ers have been
discussed. Another important design choice is which channels to use as input to the
feature extractors. A simple grey-scale image contains one channel (the intensity of
each pixel), whereas colour images typically contain three channels whose mean-
ings vary based on the chosen color space. Hyperspectral imagery (HSI) involves
multiple channels, with each channel corresponding to a separate wavelength band.
Channels can be further enhanced with additional information, including textural
details and 3D data from sources such as LiDAR.

An example study which incorporated additional textural and 3D information
channels was conducted by Yuba et al. [264] on the detection by UAV of Pennisetum
alopecuroidgrowing in pastures in Japan. Images were segmented into superpixels
using SLIC, and statistical features, including the median, standard deviation, mini-
mum and maximum of each channel across the superpixel, were classi ed using an
RF. Based on studies of two subplots of a eld, their models achieved best OOB and
GE accuracies of 96.6 - 99.2% and 96.2 - 100.0% respectively, when tested on images
captured at 28 m.

One example study using HSI was carried out by Li et al. [135] on the detection
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of grass and broadleaf weed species present in New Zealand pastures, and was con-
ducted on images captured in a greenhouse setting. Although the HSI contained 235
separate wavelengths, these were collapsed into three channels using PCA. As with
the study presented in the preceding paragraph, the SLIC algorithm was used to
segment the image into superpixels, and spectral and spatial features were extracted
from each superpixel. Classi cation was carried out using a number of different
models, including SVMs and ANNSs, with the ANNs achieving the best accuracies
ranging from 81.6% to 89.1%.

A comparison study of various colour spaces, including greyscale, RGB, HSV,
and Y'CbCr was conducted by Sadgrove et al. [209] using images of bull thistle
(Cirsium vulgare also called spear thistle) captured by a downward facing camera at
a height of 2 m. In contrast to most other studies, in which features are extracted
from the image, raw pixel values were used as inputs to the classi er, which was
a variant of the ELM called the CF-ELM (discussed in Section 2.2.4). The choice of
color space was determined to be critical for developing a high-performance model.
The Y'CbCr color space achieved an accuracy of 84%, outperforming greyscale by
15% and surpassing the second-best choice, RGB, by 9%.

The preceding study utilized images of xed resolution, and the use of raw pixel
intensities as input to the ELM resulted in a very large number of hidden layer
weights, and high numerical complexity. In order to produce a bounding box model
which can detect the locations of thistle of varying sizes growing within a larger im-
age, multiple candidate boxes must be checked individually, and the model must
perform quickly for each candidate, if it is to be deployed in real time.

For this reason, additional research was conducted [208, 210], in which a summed
area table (SAT) was utilized to generate multiple images of a uniform, low resolu-
tion, corresponding to bounding boxes of varying sizes, which were then input into
the CF-ELM for classi cation. This study utilized an ensemble approach, called the
multiple expert CF-ELM (MEC-ELM), in which each model was trained on a dif-
ferent subset of the training images, and a consensus was reached by voting. This
ensemble model performed favourably on the detection of bull thistle growing in
pastures, attaining a precision of 95% and recall of 89%.

Continuing with an ensemble approach, Sadgrove et al. [211] went on to develop
the Segmented Colour Feature ELM (SCF-ELM). The SCF-ELM breaks down an im-
age into small rectangular patches, which are mapped to different CF-ELMs based
on k-means clustering, and classi ed separately. The mapping ignores the location
of the image patch within the overall image, meaning that the SCF-ELM should be
invariant to changes in orientation. The classi cation results are combined using a
weighted voting system, with patches that are closer to the centre of the image be-
ing given a higher weight. In a comparison study with other conventional machine
learning models, including other ELM and SVM variants, the SCF-ELM achieved
the best results, with an accuracy of 90.6% for bull thistle, and 89.5% for horehound
(Marrubium vulgare).
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In other research, Zamani and Baleghi [266] considered the task of classifying
weeds growing in paddy elds, using a combination of visible light and thermal
imagery. The study utilized morphological, spectral, textural and thermal features,
extracted from plant instances as a whole. The optimal set of features was deter-
mined using a genetic algorithm approach. The best results were achieved using an
ELM, with a classi cation accuracy of 98.08%. One of the limitations of this study
was that individual plants were manually extracted from the images by humans,
meaning that the presented method was not a completed weed detection pipeline.

2.3.8 Deep Learning Methods

For studies on weed localization using deep learning methods, there are a number of
important design choices, including whether to utilize pre-existing or novel models.

In the latter case, it is often considered desirable to develop a model with a small
number of parameters [1, 114, 157]. If a pre-existing model is to be used, then another
consideration is whether to apply transfer learning, by incorporating model weights
that have been pre-trained on a large dataset such as ImageNet.

The choice of model will partially be dictated by whether the task at hand is a
classi cation, detection, segmentation or instance segmentation problem. In the case
of classi cation tasks, pre-existing models can be used as is, after replacement of the
classi cation layer. For detection and segmentation tasks, pre-existing models can
also form the backbone of the network, with a suitable decoder arm design being
left to the researchers conducting the study.

Although a lot of studies utilize pre-existing architectures, either as is, or with
minimal modi cations, these models have in general been designed with different
tasks in mind, such as general object classi cation or segmentation challenges such
as ImageNet [205] and COCO [138], or for use in medical imaging [51]. As such
they may not be optimized for agricultural applications, in which the content of
the images vary greatly from those originally considered by the model developers.
For this reason, some studies introduce novel network structures, in an attempt to
improve model performance, either in terms of accuracy, or real-time considerations.

An example of this is the work of Adhikari et al. [3] on segmentation and de-
tection challenges, in which a novel architecture called the extended skip network
(ESNet) was compared to U-Net [200], DeepLabV3 [29], FCN-8s [143], and Faster-
RCNN [197]. The ESNet, is similar to a downsized U-Net, but includes extended
skip connections between the encoder and decoder arms. These extended skips
were inspired by the “inception” modules of Szegedy et al. [236], and consist of
multi-scale Iter banks, which are processed in parallel, followed by further convo-
lutional layers. In addition to this, large convolutional kernels are included at the
bottom of the network, effectively increasing the receptive eld. When tested on a
crop line segmentation challenge, the ESNet attained a mlOU of 62.73%, compared
to FCN-8s, which was the second best performing model, with a mIOU of 60.35%.
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The ESNet was two to three times slower than the other models, but was still capable
of processing 11 FPS, making it suitable for real-time applications.

Banu and Deivalakshmi [13] also modi ed the skip connections of UNet, through
the incorporation of an attention layer, in order to improve the model's ability to fo-
cus on and highlight the most important or relevant features of the feature map. In
the downsampling stages, max pooling was replaced with wavelet pooling, which
employs 2D Haar wavelets to better preserve important image details while re-
ducing spatial resolution. When tested on the CWFID dataset [85], their model,
called AWUNet outperformed pre-existing architectures, achieving an IOU score of
94.81%. An ablation study demonstrated that both the wavelet pooling and attention
mechanisms were required in order to achieve this result.

Liu et al. [140] also utilized an attention mechanism called the Convolutional
Block Attention Module (CBAM) [255] in their study on weeds growing in rice elds
in China. The CBAM is a two-stage module which rst determines which channels,
and then which locations in the feature map to focus on, and can be incorporated into
almost any convolutional architecture, such as the residual modules of ResNets [86].
The CBAM, in combination with a semi-supervised labelling approach, in which the
model's predictions are use to assign pseudo-labels to unannotated sample, allowed
for an improvement in classi cation accuracy of 16.5 to 19.7%.

Another study [281] utilized a VGG-16 model which was truncated before the
fourth pooling layer, resulting in a more shallow network. The reduction in pooling
steps, however results in a reduction in receptive eld of the network, the effects
of which were negated through the use of dilated convolutions [261] in later con-
volutional layers. The modi ed VGGNet was slightly faster, both in terms of train-
ing time and inference time, compared to VGG-16, and had a comparable accuracy
(98.15% vs 98.13% for the unmodi ed VGG-16). Of the other models considered,
ResNet50 was the best, with an accuracy of 98.57%, but had an inference time that
was almost twice as long. For the segmentation task, a modi ed U-Net was pro-
posed, with an encoder arm that was identical to the original U-Net, but a simpli-
ed decoder arm, containing fewer layers, and an additional skip connection from
the original input image to the last stage of the decoder. This modi ed U-Net per-
formed better than the original, with an loU of 88.98% compared to 86.38%, and was
also better than FCN and SegNet, which achieved loU scores of 80.23% and 80.78%
respectively.

In some cases, two (or more) separate models are used, either as an ensemble,
or with different models being used for different tasks. For example, Skovsen et al.
[224] utilized two FCN-8s [143] architectures in their study on the segmentation of
pastoral images containing grass, clover and various weed species. In this study,
there were two clover species present, and one FCN-8s was responsible for distin-
guishing between them, with the other model separating the broader classes.

By comparison, Potena et al. [184] utilized a cascade of two light-weight CNNs
on their study of weeds growing in sugar beet elds. In this case, the rst network,
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called sNet, was responsible for segmenting plant pixels from soil pixels, while the
second network, called cNet, further classi ed the plant pixels as either crop or
weed. In this study, the network was called once for every pixel to be classi ed,
using a square centred around the pixel as input. Although the use of a conservative
NDVI threshold could reduce the number of pixels requiring classi cation, the cas-
cade was too slow for real-time segmentation of images, and therefore the authors
proposed an object-based approach. In this case, connected components of plant
pixels were classi ed by a majority voting on a random sampling of pixels. This
OBIA approach lead to a mean accuracy of 98% and 97.2% for different network
con gurations which could segment an image in 2 and 1 second respectively. As
with most OBIA approaches, this network would not function well in conditions
with signi cant plant overlap.

A similar approach was used by Moazzam et al. [163] in their study on weeds
growing in tobacco elds. Here, a CNN was rst used to segment images into
plant/soil classes. Those pixels corresponding to the soil class were then set to
black, and the second CNN used to further segment the plant pixels into crop/weed
classes. In contrast to the study by Potena et al., this study utilised variations of
U-Net, in which skip connections are used to inject ne-grained feature information
back into the feature map in the upsampling decoder stage. The best results were
achieved when a light-weight U-Net was utilized in the rst section, and a heavy
U-Net with a VGG-16 backbone used in the second section. In this case, a mIOU
of 0.92 was achieved, in comparison to 0.79 for the case where segmentation was
carried out by a single VGG-16 based U-Net.

In another study [58], a modi ed U-Net was used to segment plant pixels from
the background soil. The RGB images were augmented with several channels corre-
sponding to vegetation indices. OBIA was then applied to each connected compo-
nent of plant pixels, by extracting a square patch around the object, and classifying
with a VGG-16 model pretrained on ImageNet. The model was tested on data com-
ing from sugar beet, carrot and sun ower elds, with a mIOU of 0.80, 0.86 and 0.92
respectively.

Khan et al. [114] used an architecture consisting of four downsized U-Net [200]
models, which they named the cascading encoder-decoder (CED-Net), in their study
on the semantic segmentation problem. In this case, the network considered input
images at two different scales, resulting in a “coarse to ne” segmentation, with two
of the models responsible for weed segmentation, while the other two carry out crop
segmentation. CED-Net was evaluated against U-Net, SegNet [9], FCN-8s [143],
and DeeplLabv3 [29] across three publicly available segmentation datasets. CED-
Net achieved the highest performance, surpassing the second-best model by an F1
score margin ranging from 0.52% to 2.41%. In a detection dataset of weeds growing
inrice elds, the performance of CED-Net was also superior to other models, with a
mMAP over recall of 49.13%, compared to 42.80% for the second placed model. In ad-
dition to outperforming other models, CED-Net had signi cantly fewer parameters.
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However, time data is not presented, so it is not clear whether this resulted in faster
training and inference times.

One study that used an ensemble of CNNs was conducted by McCool et al. [157]
using the CWFID dataset [85]. The CNNs were light-weight, and used either singly
or in groups of 2 to 8, in order to produce a patch-based segmentation of the dataset.
As with the study of Potena et al. [184] discussed above, the use of a vegetation
index reduced the number of pixels needing to be classi ed, by easily removing
regions of the image containing background soil. The ensemble approach achieved
an accuracy of 89.7 to 90.7%. By comparison, Inception-v3 [238] had an accuracy of
93.9%, but was too slow for use in real-time applications.

Using a novel ensemble approach, Asad et al. [8] trained multiple SegNet models
on datasets featuring different crop and weed species, and then employed a meta-
UNet model to combine their outputs. This meta-model utilizes spatial awareness
and multi-scale feature learning to effectively integrate the concatenated predicitons
from the base models into a re ned nal output. The meta-UNet model achieves
up to a 12% improvement in mlOU for Canola and a 4.5% increase in 10U for
Kochia compared to single-task models, demonstrating enhanced segmentation per-
formance under diverse eld conditions.

One of the most informative aspects of research involves the comparison of var-
ious techniques, which may include different model selections, either prede ned or
custom-built. In one comparison study [247], VGG [222], ResNet [86], Inception-
ResNet [237], MobileNet [94] and NASNet [280], were tested on the Plant Seedling
Dataset [72], and a custom dataset, comprising 208,477 images of 21 different weed
species. The best performing models were ResNet for the Plant Seedling Dataset,
and NASNet for the custom dataset, with F1-scores of 0.956 and 0.964 respectively.
When combining the outputs of all ve models, these scores could be improved to
0.971 and 0.979 respectively.

Andrea et al. [7] performed a comparison study of LeNet, AlexNet, and the
cNet and sNet of Potena et al. [184], described earlier in this section. In this case
however, sNet and cNet were used as stand-alone networks, and can therefore be
considered as light-weight alternatives to AlexNet. Images of maize or weed were

rst segmented using ExG to remove the non-plant pixels, and then classi ed by the
networks. Of the networks tested, cNet performed best with an accuracy of 97.3% in
spite of the fact that it only contained 1/12th the number of parameters of AlexNet.

Ramirez et al. [192] also compared a range of segmentation models, including
U-Net, SegNet and DeeplLabv3 using UAV images of sugar beet elds with weeds.
The dataset contained images with a total of 7 channels, being taken both from visi-
ble and near-infrared spectra, as well as including several composite channels, such
as NDVI. In this study, DeepLabv3 performed best, achieving a mean F1-score of
0.84, and mean ROC AUC score of 0.88, which was 0.08 and 0.09 better than the
second-placed model. The authors suggest that the dilated convolutions of varying
scales in DeepLabv3 allowed it to perform better than the other models. However,
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DeepLabv3 was the most computationally expensive model, suggesting that U-Net
could be a valid choice in the case where computational resources were limited.

In other research, Hashemi-Beni et al. [84] conducted a comparison study of dif-
ferent segmentation models using the CWFID dataset [85], and a sugarcane dataset
that was captured by UAV [165]. The best performing networks for the CWFID
dataset were DeepLab-v3+ [28] and FCN-8s [143] at 84.3% and 81.1% accuracy re-
spectively. For the sugarcane dataset, FCN-8s achieved an accuracy of 76.6% fol-
lowed by U-Net [200] at 74.0%. The authors suggest that the poorer performances
on the sugarcane dataset were likely due to the resolution of the images, which had
a GSD of 5cm, due to the height at which the images were captured (125 to 200 me-
tres). SegNet [9] was the worst performing network for both datasets, although it is
not clear why this was the case.

Kamath et al. [110] considered PSPNet, SegNet and U-Net in their compatri-
son study on the detection of broad-leaf and sedge weeds growing in paddy elds.
Images were rst segmented to remove background water and soil from green veg-
etation. It was found that PSPNet and U-Net performed better with a ResNet-50
backbone, whereas SegNet performed better with a VGG-16 backbone. The net-
works were initialized with weights prelearned on the ADE20K dataset [276], which
is a scene-parsing dataset with 27.5k images. PSPNet achieved a mIOU of 0.624
for a four-class dataset (background, paddy, broad-leaf weed and sedge), which was
better than SegNet and UNet, with mIOUs of 0.513 and 0.319 respectively.

In other studies, Gupta et al. [77] compared several U-Net models on an egg-
plant dataset, attaining an F1l-score of 96.8% when Inception-ResNetV2 [237] was
used as the backbone. Meanwhile, Shahi et al. [216] compared a range of different
segmentation models, built with various backbone networks, and found that UNet
combined with Ef cientNetB0 [239] performed best, with an F1-score of 88.2% when
tested on their multi-species weed dataset. Ef cientNets are a family of CNNSs, in
which depth, width and resolution are scaled uniformly to produce a model with
the desired computational complexity and ef ciency.

For the task of bounding box detection, a comparison study on different faster
R-CNN models was conducted by Le et al. [128], using images of weeds growing
in barley elds in Western Australia. The study utilized different backbone mod-
els for the faster R-CNN, including RestNet-50 [86], ResNet-101 [86], Inception-V2
[238] and Inception ResNet-V2 [237]. The dataset used contained considerable leaf
overlap, and a large number of bounding boxes per images, complicating the is-
sue of producing a robust model. The ResNet-V2 backbone performed best with a
MAP@0.5:0.95 of 0.289, and an mAP@0.5 of 0.555. The model was also suitable for
real-time detection, with an inference time of 0.38 seconds per image.

By comparison Zhuang et al. [279] compared a range of both bounding box de-
tection and classi cation models in their study on Florida pusley growing in pas-
tures. Although the detection models failed to achieve good results, with F1 scores

0.54 at an 10U threshold of 0.5, the classi cation networks performed well, with
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F1 scores 0.97.

A number of recent studies have explored the performance of bounding box
detection models for weed localization, often evaluating different YOLO variants,
RetinaNet, and Faster R-CNN. For instance, Almalky and Ahmed [6] investigated
the detection of various growth stages of forking larkspur and reported the best per-
formance from a ResNet-101-based RetinaNet, achieving a mAP@0.5:0.95 of 49.99%.
Similarly, Fatima et al. [57] compared YOLOvV5 and SSD-ResNet50 on weed detec-
tion in okra and gourd elds, nding that YOLOV5 signi cantly outperformed SSD
with a mAP@0.5 of 0.88 versus 0.53.

Broad comparative analyses have also emerged. Dang et al. [40] created a dataset
containing 12 weed species in cotton elds and evaluated 25 different YOLO models,
with mAP@0.5:0.95 performance ranging from 68.18% for YOLOv3-tiny to 89.72%
for Scaled-YOLOvV4. In another large-scale comparison, Rahman et al. [187] bench-
marked 13 pretrained detectors on a dataset of weeds growing in cotton elds, iden-
tifying RetinaNet [137] as the most accurate (MAP@0.5 of 80.0%) and YOLOv5n [108]
as the fastest (17 ms inference time with mAP@0.5 of 76.6%). Gallo et al. [64] com-
pared the performance of YOLOv7 [252] and other YOLO models across multiple
datasets, achieving mAP@0.5 values between 48.0 and 67.5%. Likewise, Sportelli et
al. [227] compared several YOLO models on the detection of weeds in turfgrass,
nding that YOLOv8I [109] achieved outstanding performance with a mAP@0.5 of
0.9795 and mAP@0.5:0.95 of 0.8123.

Further examining the boundaries of training and model tuning, Zoubek et al.
[282] systematically evaluated 39 con gurations of YOLOvV5, YOLOR, and YOLOv7
under various training setups, ultimately identifying YOLOv5-x (batch size 4, learn-
ing rate 0.01) as the top performer. Similarly, Zhao et al. [24] introduced LettWd-
YOLOV8I, an enhanced YOLOv8-based detector incorporating Global Attention Mech-
anism [141] and Coordinate Attention [91]. Their model achieved top-tier results,
including an F1-score of 99.5%, outperforming not only standard YOLOvV8 variants
but also the more recent YOLOV10, both in accuracy and robustness.

Another option when studying weed detection is to train models on a compaosite
dataset with images coming from a range of different sources. One example of this
is the work of Hasan et al. [83], in which four different datasets, including the Deep-
Weeds [174], and Soybean datasets [46] were combined into a single big dataset, con-
taining 20 different crop and weed species. To circumvent the issue of an unbalanced
dataset, with training images per class ranging from 32 to 4425, data augmentation
was applied to minority classes, resulting in the same number of training images
for each class. A range of different CNN models, including VGG-16, ResNet-50,
Inception-V3, Inception-ResNet-v2 and MobileNet-v2 were tested on the combined
dataset, with ResNet-50 performing best, with an accuracy 98.06%. However, there
was very little different in performance between models, and all of them achieved
accuracies of >96%.

One of the issues with constructing a composite dataset is that an individual
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species may only be present in images coming from a single source, and the network
could learn to recognise irrelevant features from the images, such as illumination
source or background soil colour and texture, and associate that with the species.
For instance, in the study mentioned in the previous paragraph, the Soybean dataset
included image patches that were segmented using the superpixel method, with the
superpixels bordered by black pixels. In an attempt to ameliorate such issues, one
study [48], which utilized a composite dataset of six smaller datasets containing a
total of 22 different plant species, removed all non-plant pixels from the images prior
to input into the network. Using a custom, light-weight CNN, the authors achieved

a test accuracy of 86.2%.

The majority of studies discussed in this section have used cross-entropy loss
as the objective function during training, and while this may be considered to be a
“default” option in many computer vision studies, there are situations in which this
loss function may not perform as favourably as other choices. An example of this is
in the case of very unbalanced datasets, in which one class (often the negative class)
is over-represented in the training dataset. One option is to incorporate a separate
weighting for different classes in the cross-entropy loss. This works by allocating a
higher weight to samples coming from a class with fewer training examples, and was
the approach taken in one of the studies by Skovsen et al. [225] on the GrassClover
dataset.

Another option is to utilize an entirely different loss function in the training pro-
cess. Thisis the approach take by Schori et al. [39] in their study on the segmentation
of dock (Rumexspp.) in pastures. The network was a modi ed U-Net architecture,
using a VGG-19 encoder arm, and a lightweight decoder arm with fewer lters per
convolutional layer. The custom loss function, which is based on the Dice coef cient,
is provided in equation 2.16, and was combined with the binary cross-entropy loss,
which has been de ned previously in equation 2.6, to produce the objective func-
tion. Although the authors do not explain their choice of loss function, it was likely
used to combat the effect of an unbalanced dataset, with the majority of pixels being
in the negative class, in this case.
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This model achieved an F1-score (averaged over all validation images) of 0.84 0.12.
The authors also demonstrated that fewer dock patches were missed when a larger
number of images were included in the training set.

A similar loss function was used by Rist et al. [198] in their study on satellite
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imagery of Gamba grass in Northern Australia. Gamba grass is an introduced, inva-
sive species which may increase the intensity of bush res. The authors use a model
called ResUNet-a [44], which is based on U-Net, but with residual connections and
Pyramid scene parsing pooling layers. The authors demonstrate that this method is
effective at identifying larger patches of Gamba grass, with a best loU score of 0.535
in the binary segmentation task.

An alternative to using a custom loss function is to introduce a loss layer at an
internal point within the network, which is referred to as deep supervision. This
technique is used in a variant of U-Net called U-Net++ [277], which has be used in
weed localization studies [56]. Deep supervision was also utilized by Picon et al.
[182] in their study of grass and broadleaf weeds growing in maize elds in Central
and Western Europe. The model used was a PSPNet with a ResNet50 backbone. The
PSPNet was modi ed by incorporating a classi cation branch after feature extrac-
tion to generate a classi cation score for each region of the image, which is equiva-
lent to patch-based segmentation, discussed in Section 2.2.7. The dual-purpose clas-
si cation/segmentation model performed better than the base PSPNet, achieving an
F1-score of 47.97% compared to 45.33% for the base PSPNet.

Valente et al. [249] used AlexNet pretrained on ImageNet to classify images that
were captured by an UAV at an elevation of 10m of dock growing in grassland.
When trained on images in which the dock plants were centred, the model achieved
a validation F1-score of 95.4%. However, this decreased drastically to 74.1% and
35.6% when the validation set contained images in which the dock was off centre, or
partially cut off respectively. These validation scores could be improved respectively
t0 89.9% and 87.5% when the training set also contained off-centre or cut-off images.
In the case where a sliding window approach with suf cient overlap between frames
is used, however, it is likely that the model trained solely on centred dock plants
would be suf cient.

Sharpe et al. [218] performed a comparison study of VGG-16, GooglLeNet, and
DetectNet pretrained on ImageNet in their study on Carolina Geranium growing
in strawberry elds. Several datasets were captured during this study, and notably
validation sets were taken at different locations to training sets. Although the rst
two of these models are for classi cation, DetectNet, as the name suggests, is a de-
tection model, which produces bounding box predictions. Two detection systems
were considered for DetectNet, in which the target was chosen to be either canopies
(being composed of one or more overlapping plants), or individual leaves. The clas-
si cation networks both performed poorly at the task, mostly due to the number of
false negatives. When large images were split into four subimages, these results im-
proved somewhat, with validation F1-scores of 0.77 and 0.62 respectively for VGG-
16 and GooglLeNet. By comparison DetectNet performed far better, in particular
when leaf-based detection was considered, achieving a validation F1 score of 0.97.

The same authors performed a study of goosegrass growing in both strawberry
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and tomato elds [219]. In this case, YOLOv3-tiny was chosen as the detection net-
work, which was trained on both whole plant, and leaf-blade detection tasks. As
with the study discussed in the preceding paragraph, a smaller detection target, be-
ing the leaf blade, resulted in better performance, with an F1 score of 0.85 and 0.65
for the strawberry and tomato datasets respectively.

In a similar study, Kong et al. [118] demonstrated that labeling individual leaves
resulted in improved performance in cases where there was signi cant overlap be-
tween different species of plants in their study using a dataset of four crop plants
at the seedling stage. Using YOLOV5 [108], that was augmented with a transformer
mechanism, in order to extract global feature information, the authors obtained a
MAP@0.5 of 85.9%.

2.3.9 Hybrid Methods

So far we have looked at conventional machine learning models, such as SVMs and
RFs, as well as CNNs. In this section, we will consider hybrid models, which utilize
components of both conventional and deep learning methods. In some cases, a CNN
may be decapitated, by removing the nal layer or layers, and used, instead as a
feature extractor, with the output features passed to a conventional classier. As
mentioned in Section 2.2.7, this approach was used for the original R-CNN, with an
SVM producing the nal classi cation score for each of the region proposals.

For weed localization, Rasappan et al. [193] utilize a Faster RCNN model for
region proposal, and feature extraction, and an ELM to classify the proposed objects
into crop or weed classes. The Faster RCNN model extracts features at multiple
scales to ensure that small plants are not overlooked due to excessive downsampling
of the feature map. Their method is tested on a publicly available dataset [233], and
found to offer superior performance compared to a range of other conventional and
deep learning methods.

Espejo-Garcia et al. [50] also used a hybrid approach in their study on images
collected from multiple tomato and cotton elds across Greece. The authors em-
ployed pre-trained models like DenseNet and VGGNet, which were ne-tuned for
the speci c task of crop and weed identi cation. To further enhance the model's
performance and prevent over tting, they replaced the nal classi cation layers of
these networks with conventional classi ers such as SVMs, resulting in consistently
high accuracy and robust results.

Kounalakis et al. [119] use a similar approach on their study of dockleaf growing
in pastures. In this case, pre-trained CNNs are used as is, without further ne tuning,
making the method suitable for cases where datasets are limited, and ne-tuning is
likely to result in signi cant over tting.

By comparison, Farooq et al. [55] combined the outputs of several mid and high-
level layers from a lightweight CNN model with superpixel-based LBP features, to
produce a rich feature representation that was classi ed using an SVM. The study
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demonstrated that this model achieved superior results compared to its individual
components, including the CNN, the multi-level CNN fusion, and the superpixel-
based LBP method.

In another study [104], a sparse autoencoder was rst trained on the CIFAR10
dataset [121] in order to learn useful features. These features were then applied to
images of several weed species, and pooling used to reduce the dimensionality of
the nal feature vector. K-means clustering was then applied to the pooled feature
vectors, in order to separate images into weed and non weed classes. When tested
on a serrated tussock dataset, the model achieved a best F1-score of 92.9%.

2.3.10 Transfer Learning

Another point to be considered is the use of transfer learning, in which the parame-
ters of a model which have been learned on a separate task are used as the starting
point of training for a different task. This approach is often used for CNN models. In
the context of transfer learning, parameters are initialized with weights pretrained
on an extensive dataset, such as ImageNet [205]. Only those layers which are task-
speci ¢ need to be initialized randomly. In the simple case of a classi cation model,
this might involve taking a preexisting model (e.g., VGG-16 or ResNet50) trained
on ImageNet, removing the nal classi cation layer (with 1000 neurons correspond-
ing to the 1000 classes in ImageNet), and replacing it with a new classi cation layer
with randomly initialized weights (and a number of neurons equal to the number

of classes in the task at hand). In more complicated cases, such as is the case with
segmentation models, the pretrained model may correspond only to the encoder sec-
tion of the model, in which case the entire decoder arm would need to be initialized
randomly.

One key bene t of using transfer learning is that a model trained on a large, com-
plex dataset (such as ImageNet) learns highly general and effective features, that
can lead to superior results when applied to a variety of downstream tasks [217]. In
addition, transfer learning can reduce the time required for training in the special-
ized (downstream) task, and also reduce the number of training samples required to
produce a robust model which does not suffer from over tting [105]. These “trans-
ferred” weights can either be xed during training, or ne-tuned.

In one study on the use of transfer learning either with or without netuning,
VGG-16, ResNet-50, Inception-V3, Inception-ResNet-v2 and MobileNet-v2 were tested
on four publicly available datasets [83]. The networks were initialized using weights
pretrained on ImageNet, with the nal fully connected layers removed and replaced
with two fully connected layers containing 1024 neurons each, and a classi cation
layer. In the case of VGG-16, a global average pooling layer was also inserted af-
ter the nal convolutional layer. Those layers with pretrained weights were either
frozen during training (transfer learning approach), or allowed to be trained along
with the rest of the network ( ne-tuning approach).
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Interestingly, across all datasets, the transfer learning approached only worked
well for VGG-16, with the other models performing very poorly, unless ne-tuning
was allowed. The authors suggest that this may have been caused by over tting,
although it is unclear why this issue should have been ameliorated by allowing the
pretrained weights to be ne-tuned, or why it should have been far less of an is-
sue for VGG-16. In addition, the authors also suggest that the generally poor re-
sults for transfer learning without ne-tuning may be due to the fact that the images
present in the ImageNet dataset are quite different to the images present in crop and
weed datasets. The best results for the DeepWeeds [174] dataset were the ne-tuned
versions of ResNet-50 and VGG-16, with a testing accuracy of 93.78% and 93.36%
respectively.

Smith et al. [226], in their study on the detection of dockleaf in pastures, ex-
plored the use of transfer learning, and the ability to train a model given limited
application-speci c data. In particular, they demonstrated that a Mobilenet [94]
model pretrained on ImageNet was able to achieve a validation accuracy of >80%
when trained with as few as 25 images, whereas a 26-layer ResNet [86] trained from
scratch was only slightly better than a random choice. Given suf cient training sam-
ples, however, the ResNet performed better than Transfer learning-based MobileNet.
Of note is that the convolutional layers of the MobileNet were frozen during train-
ing. It is not clear whether allowing the learning of these layers (instead of just the
task-speci c fully connected layers), would have allowed the MobileNet to maintain
its superiority, even when trained on a large enough sample size. The best accuracy
achieved was 95.6% for ResNet, and 93.2% for MobileNet.

Gao et al. [66] utilized a combination of transfer learning and synthetic image
generation to train their tiny YOLOv3 model [195] for detection of bindweed grow-
ing among sugar beet. Their model attained a mAP@0.5 of 0.829 with an inference
time of 6.5ms, making it suitable for most real-time applications. This is in compari-
son to a mAP@0.5 of 0.751 when training was carried out without synthetic images.

Other examples of transfer learning in the literature include the use of weights
trained on ImageNet in the segmentation of weeds growing in rice elds based on
images capture by UAV [101]. Suh et al. [234] also used models pretrained on Im-
ageNet in their study on volunteer potatoes growing in sugar beet elds, with a
VGG-19 models achieving an accuracy of 98.7%.

2.3.11 Data Augmentation Techniques

One of the problems associated with training CNNs, and in particular those with a
large number of parameters, is the tendency of such models to overt to the train-
ing data, especially when this data is limited [174]. One of the techniques used to
ameliorate this problem is data augmentation, in which transformations are applied
to the training images, in order to generate new training data. A range of different
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augmentation techniques have been applied in the eld of weed localization stud-
ies, including spatial transformations [3, 61, 83, 174, 226], such as image ipping,
rotation, translation, zooming and cropping, photometric transformations such as
brightness and contrast shifting [3, 61, 174], and the application of noise [83, 214],
including Gaussian noise, Gaussian blurring and salt-and-pepper noise. Other tech-
niques include cutouts [42], in which part of the image is removed, and the blending
of two (or more) images, to create a new image [265, 269].

In some studies, a single augmentation technique is applied, for example in [273],
in which random horizontal and vertical ips are used. Others use just a few spa-
tial transformations such as rotations and cropping [55], cropping and ipping [46],
or rotations, ipping and zooming [58]. In some studies, a mixture of spatial and
photometric techniques [174, 182], or spatial and blurring techniques [167] are used.

In one study [21], which used a range of spatial augmentation strategies, it was
found that performance could be improved by dividing high-resolution images into
smaller patches, each of which was treated as a separate training sample, and aug-
mented separately.

In another study [189] on the detection of weed species growing in crop elds, a
range of different augmentation techniques were compared, including spatial trans-
formations, cutouts, photometric transformations and the application of noise. For
the bounding-box task used in this study, it was found that augmentations applied at
the bounding-box level, including ips and rotations yielded the best performance,
as opposed to augmentation regimes which were applied to the image as a whole.

In addition to spatial and photometric augmentation techniques, Skovsen et al.
[225] incorporated a style-transfer approach in their dataset of grass, clover, and
weeds growing in pastures. This technique transformed images captured in dry
conditions to mimic those taken during or after rain or morning dew, where water-
covered leaves result in a greatly different leaf texture, and appearance.

Although studies in weed localization have considered a range of different aug-
mentation techniques, these have largely been limited to spatial and photometric
transformations, the application of noise and blurring, and random cutouts. Other
techniques, such as CutMix [265] and MixUp [269], in which two images are blended
together, to produce a new training image, have not been considered.

2.3.12 Generalization of Models

One important question to ask when considering a model for use in weed detection
is how well the model generalizes to growing conditions not seen during training.

These conditions include such things as lighting, background soil and pasture ele-
ments, growth stage of plants, and moisture content of the environment, which may
result in different plant colours. Some datasets (for example [46, 174]) draw training,
testing and validation sets from the same pool of images, meaning that even though
the images may have been collected under varying eld conditions, the models are
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never tested on entirely new conditions. This section will discuss studies in which
the test images are taken at a distinct time and/or place to the training images.

In one study [149], data was collected from different sugarbeet elds and at dif-
ferent times in Germany, with different growing conditions, including plant size,
and background soil colour and texture. To assist in generalization, image prepro-
cessing is used, including a Gaussian kernel for noise removal, and standardization
of colour channels to the range of [ 1, 1], with a mean of 0. The authors demon-
strate that the use of spatial information, speci cally, the arrangement of crops in
lines, allows for a model with better generalization capacities. This kind of spatial
information, however, cannot be used in pastures, where plants are not arranged in
rows.

By contrast, Yu et al. [263] studied the classi cation of dandelion, ground ivy
and spotted spurge growing in perennial rye grass lawns and golf courses in north
America, using VGG, AlexNet and GoogleNet. Two separate test sets were utilized
in this study which were captured at geographically different locations to the train-
ing sets. VGGNet performed best, reaching F1-scores of 0.928 to 0.997 for different
test sets and weed species, followed by AlexNet. By comparison, GoogleNet per-
formed very poorly, due to a large number of false positives (low precision), even
though the recall was very good. In the same study, the authors used DetectNet in a
single species dataset containing dandelion, to achieve F1-scores 0.9843.

In another study [126] using two dataset consisting of canola and wild radish
grown in a laboratory setting with or without barley, the ability of models to general-
ize to different plant growth stages was explored. Models considered were VGG-16,
Inception-v3, and a novel classi er called k-FLBPCM. The k-FLBPCM uses a com-
bination of LBPs and contour masks as a feature extractor, in order to distinguish
between plants with similar leaf morphology. The authors demonstrate that the k-
FLBPCM performs better than the CNN models when trained on larger plants, and
tested on smaller plants, suggesting that the novel classi er had better scale invari-
ance.

By comparison Moazzam et al. [164], determined the generalization capability
of their W-shaped network [163] to across multiple tobacco and sesame elds, con-
taining a diverse range of weeds. Although some degradation of performance was
observed when tested on a elds not used during training, their model was still able
to achieve a mIOU of 0.92 compared 0.97 when training and testing data came from
the same eld.

2.3.13 Models with Multiple Outputs

The majority of studies discussed so far in Section 2.3 utilize models which have a
single output, which is a classi cation score or map, showing whether the image
contains a weed, and/or where in the image the weeds are located. However, some
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studies also consider alternative tasks, such as biomass estimation or nutrient con-
tent [166, 224]. In these cases, it is common for the study to have two entirely sepa-
rate networks, one which classi es or segments the images into weed, crop, soil, and
so forth, and the other which attempts to estimate the other tasks. In spite of this,
there are a very few studies on network architectures with two outputs. For exam-
ple, Picon et al. [182] developed a model which produced both a dense segmentation
map, and a coarser patch-based classi cation score, demonstrating that the dual-task
network performed better than vanilla segmentation models. In a sense, this model
performs the same task (weed localization) twice, but at different scales.

One example where two distinct tasks are considered, is the use of CNNs to si-
multaneously generate both a plant segmentation map, as well as a stem localization
map. These models are useful in cases where alternative treatment options are avail-
able, which are either applied to the entire plant, such as selective herbicide spraying
of weeds, or application of fertilizer to a crop plant, or only applied to the stem, such
as the mechanical removal of weeds using a stamping tool [150]. These models are
typically fully convolutional networks, that are composed of a single encoder, with
two decoder arms that generate segmentation maps for each of the tasks [150, 273].

The rst such model that we are aware of was introduced by Lottes et al. [150]
(hereafter Lottes' model) for the task of joint plant and stem detection in sugar beet
elds. This model utilized a slim fully convolutional architecture composed of dense
blocks, in which new feature channels are added to the feature map in a sequential
way using densely connected convolutional layers [98]. The use of a joint encoder for
both tasks, not only reduces the number of parameters and FLOPs of the model (as
compared to using two separate models), but was also shown to produce superior
feature maps, allowing for an improvement in mAP of up to 5.4% and 2.4% for the
stem and plant segmentation tasks respectively.

A similar model was introduced by Zhang et al. [273] (hereafter Zhang's model)
for use on the segmentation and stem localization of cauli ower growing in elds
with heavy weed infestation. As with Lottes' mode, Zhang's model contained a
single encoder, but had multiple decoder arms for each task, each operating at a
different scale, and producing its own segmentation map, which were fused to gen-
erate the nal output. Adjacent intra-task decoder arms shared feature maps bidi-
rectionally, and inter-task communication from the segmentation task to the stem
localization task was used, allowing the stem decoder arms to focus on areas of the
image which contained cauli ower plants. This model outperformed Lottes' model
on the Cauli ower dataset, in particular with respect to the stem task, with a success-
ful detection rate of 97.8% compared to 91.2% for Lottes' model. Inter-task feature
exchange was demonstrated to be critical for high performance, with the successful
detection rate dropping to 88.0% when a separate model was used for each task.
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2.3.14 Comparison Studies of Conventional and Deep Methods

We have discussed a range of studies in Section 2.3 that use various conventional
and deep learning techniques. In this section, we will now have a look at studies
which have compared deep learning methods directly with conventional methods,
using a range of different testing environments and datasets. These studies have the
potential to give us an understanding of which of the choices: deep vs conventional,
lead to more favourable outcomes in weed localization studies in agricultural land.

One comprehensive study of various conventional and deep learning techniques
was carried out by dos Santos Ferreira et al. [46], in the paper in which they intro-
duced the soybean dataset, which has already been discussed in Section 2.3.3. This
dataset contains images captured by UAV in a soybean plantation in Brazil. The
images have been segmented using the superpixel technique, with superpixels that
largely correspond to one of four classes (soil, soybean, grass weed, and broadleaf
weed) included in the dataset. In terms of features, GLCM, HOG, LBP and statisti-
cal colour features were included in the study, and RFs, SVMs and AdaBoost-C4.5
[62] classi ers were used, and compared with the deep learning AlexNet architec-
ture. The AdaBoost-C4.5 classi er is an ensemble learning method that combines the
C4.5 decision tree algorithm with the AdaBoost boosting technique to iteratively im-
prove the model's accuracy by adjusting the weights of misclassi ed instances and
creating a strong classi er from a series of weaker decision trees. AlexNet achieved
an accuracy of 99.5% on the soybean dataset, compared to 96 - 98.2% for the conven-
tional models.

In another comparison study, Huang et al. [103] compared an OBIA approach
with deep learning, in order to segment weeds and crop plants in UAV images taken
inrice eldsin China. For the OBIA approach, k-means segmentation was applied to
segment the image into different objects, and LBP features were extracted from these
objects and sent to an ANN, SVM, or RF for classi cation. By comparison, the deep
learning approach utilized an FCN architecture with several backbone networks.
The Deep learning method performed better in this study, with a mIOU of 80.2%
compared to 66.6% for the OBIA method, whilst simultaneously being over 7 times
faster, with an inference speed of 326.8 ms.

By contrast, Le et al. [126] compared their contour-enhanced LBP-based method,
called k-FLBPCM, which has been discussed in Section 2.3.7 with several CNN mod-
els, including VGG-16 and ResNet, on images of canola and radish plants growing
in both a laboratory and a eld setting. In the eld setting, the k-FLBPCM tech-
nigue was comparable to CNN methods, with accuracies better than all of the CNN
models tested, except for VGG-16. When training and testing data were taken from
different growth stages, however, the k-FLBPCM method was was superior to the
CNN models, attaining accuracies of 0.968 - 0.993 compared to 0.625 - 0.947 for the
CNN models.
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Zhang et al. [272] performed a comparison study of several conventional ma-
chine learning methods and a CNN model in their study of dockleaf growing in
pastures. For the conventional methods, LBPs were chosen for the feature extraction,
and classi cation was carried out by a number of different methods, including sev-
eral SVMs and ensemble techniques. Of the conventional methods, the quadratic-
SVM performed best, with an accuracy of 0.894, when LBP histograms were ex-
tracted from each of the three channels in the RGB images. In comparison, the cus-
tom CNN performed far better, attaining an accuracy of 0.969.

As has been mentioned in Section 2.3.9, it is possible to use a CNN as a feature
extractor by removing the classi cation layer, and replacing it with any of the range
of conventional classi ers. In a study by Yan et al. [258], an AlexNet CNN, which
had been pretrained on a large dataset was used as a feature extractor, and compared
with a number of different hand crafted features, on a dataset of images acquired
in a paddy eld in China. When classi cation was carried out using an SVM, the
CNN features enabled an accuracy of 0.945 as compared to the hand crafted features,
which achieved an accuracy of 0.878, even when a fusion of several different features
was utilized. This suggested that the CNN-learned features were more expressive
and robust than the hand-crafted features.

In other studies, the AlexNet CNN architecture achieved an accuracy of 0.924
compared with 0.862 for a LBP/RF-based method, when tested on UAV images of
weeds growing in a crop eld of Chinese cabbage [176]. Osorio et al. [177] com-
pared a HOG/SVM based model with YOLOv3 and Mask R-CNN, nding that both
CNN-based approaches achieved an F1-score of 0.94, compared to 0.88 for the con-
ventional method, when tested on images captured in lettuce elds. Sarvini et al.
[214] conducted a study on a dataset containing several crop and weed species, and
using a range of different classi cation methods. Of the techniques considered, a
lighweight CNN performed best, obtaining a validation accuracy of 0.984 compared
t0 0.916 and 0.920 for an SVM and shallow ANN-based approach respectively.

2.3.15 Summary

In this section, the agricultural weed localization studies available in the literature
have been reviewed. These studies can be categorized based on several factors: the
method of image capture, the location of image capture, the models used for clas-
si cation, the speci ¢ localization tasks addressed, whether different methods were
compared, whether images were collected from multiple locations, and whether the
models were designed with multiple outputs for handling multiple tasks simultane-
ously.

The majority of studies discussed were carried out in crop elds, in which the
arrangement of crop plants in rows may assist with the localization tasks, through
the use of such techniques as Hough transforms. In addition, if the images were
captured in the early stage of crop growth, with both crop and weed plants being
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small and with minimal overlap, then a thresholding approach combined with ob-
ject based image analysis (OBIA) can be used to simplify the task into classifying
connected components of plant pixels.

In more complex environments, including pastures and crop elds with high
weed pressure, OBIA fails due to the signi cant overlap between plants. In these
cases, per-image classi cation, superpixel classi cation and dense segmentation may
be used, depending on the level of localization required by the study.

The models used in the literature roughly fall into two categories, being conven-
tional machine learning models, and deep learning models. In recent years, it is
likely that deep learning models, and in particular CNNs, have been used for the
majority of weed localization studies. Some studies use a hybrid approach, such as
by utilizing the convolutional layers of a CNN to extract features, which are then
classi ed using a conventional machine learning model.

There are multiple confounding factors when comparing the results of two differ-
ent studies, including differences in datasets used, weeds (and crop species) consid-
ered, localization task performed, and metrics used. For this reason, studies which
compare the ef cacy of multiple machine learning models over one or more datasets,
are of particular interest. However, even in these cases, different studies may con-
clude that different models are superior, and it is clear that no one model has been
demonstrated to be best for all weed localization use cases.

2.4 Conclusions

Weed localization through the use of computer vision is one of the critical steps in

the task of developing a fully automated site speci ¢ weed management (SSWM)
system. In this system, cameras capture images of the ground, including soil, target
weed species, and background crop or pasture plants, and Computer Vision is used
to determine where in the image weeds of interest are located. This information can
then be used to determine when to activate the herbicide spray nozzles, or other
treatment systems, in order to provide the treatment only where required, thereby

reducing herbicide use.

Localization studies vary in the precision of localization required, and range
from classi cation tasks, in which a single class is assigned to an entire image, to
dense segmentation tasks, in which each pixel in the image is assigned its own class.
Intermediate localization techniques include bounding box, superpixel, and patch-
based detection.

Computer vision, as a subset of machine learning broadly encompasses two cat-
egories, being conventional and deep learning methods. In conventional machine
learning, hand-crafted features, including LBP, HOG, GLCM and colour features are
extracted from the image, and then classi ed using a range of different classi cation
algorithms, such as SVMs, RFs and shallow neural networks. By comparison, deep
learning, including convolutional neural networks (CNNSs), which are a specialized
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type of neural network, can automatically learn meaningful feature representations
during training, thereby circumventing the need to manually select which features to
incorporate in the model. A number of hybrid approaches also exist, which combine
aspects of both conventional and deep learning. An example of a hybrid approach
is using the early layers of a CNN as a feature extractor, followed by a conventional
classi er that operates on these extracted features. In general, CNNs take longer to
train, and typically require GPUs in order to be achieve acceptable training and in-
ference times. However, the use of transfer learning, in which a CNN is initialized
with weights pretrained on another (typically very general) dataset can reduce the
time needed for training, and can also improve the quality of the nal model.

Extreme Learning Machines (ELMSs) are a type of single hidden layer feedfor-
ward neural network (SLFN) in which the hidden layer weights are randomly ini-
tialized, and the nal layer weights are computed using the Moore-Penrose pseu-
doinverse. Various versions of ELMs exist, which have been designed to produce
superior performance on various test cases, including those where the hidden layer
weights are tuned to the training data, those with partially connected hidden layers,
and deep networks constructed using stacked ELM-based autoencoders. Addition-
ally, several ensemble-based ELMs have been designed. ELMs are faster to train than
conventional neural networks, which require the iterative process of back propaga-
tion in order to learn their weights. Although some work has be carried out on the
use of ELMs in weed localization studies, their use is very restricted in this space,
and more research is required, in particular in cases where precise and accurate lo-
cation of target plants is required.

In cases where a comparison of different methods has been considered, it is com-
mon for deep learning techniques to produce superior results compared to conven-
tional machine learning techniques, although there are exceptions to this rule. In
cases where different CNN models have been compared, there is no consistently
best model, with some performing better in some test settings, but worse in others.

There are numerous studies on the use of CNNs in weed localization, including
those that utilized standard, often pretrained, networks which have been developed
for more general classi cation tasks, including VGGNets, ResNets and Inception,
and bounding box detection tasks, such as RCNN, YOLO, and variations thereof.
For dense segmentation tasks, several architectures are used, including FCN, UNet,
SegNet, and DeepLab models. For bounding box and segmentation models, it is
common for a backbone classi cation model to be used as the encoder, resulting in
a model whose earlier layers are already trained to produce features that are very
general in nature, and that may be useful for a variety of downstream tasks, includ-
ing weed localization. This reduces the number of iterations of training required to
produce optimized weights.

Based on the literature reviewed in this chapter, it would appear that the ma-
jority of work carried out on weed localization studies have focused on crop elds,
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while fewer studies have considered pastures. This is in spite of the fact that in Aus-
tralia, alone, the economic impact of weeds on grazing land production has been
estimated to be $2.4 billion, annually. The environments encountered in crop elds
are often simpler than pastures, due to the position of crop plants in neat rows, and
the ease with which plants can be segmented from background soil regions using
simple vegetation indices. This allows for several techniques which are applicable
in crop elds, but not in pastures. These techniques include Hough transforms for
the detection of crop rows, and OBIA techniques, in the case where individual plants
have minimal overlap, as is often the case in early growth stages. Such techniques
cannot be transferred to pastoral environments, as the position of plants is random,
and there is likely to be signi cant overlap between plants, making it dif cult to
separate different plant due to similarity in colour and texture.

While there are numerous studies on the localization of dockleaf in European
pastures, research on the localization of weed species in Australian pastures and
other complex environments is less common. The Deep Weed dataset is extensive
for species signi cant in northern Australia but does not include species frequently
found in Southeast Australia, such as serrated tussock, horehound, and thistle. Al-
though these species have been studied, the focus has mainly been on conventional
machine learning techniques using images from a single location and time. Addi-
tionally, these studies have not considered segmentation techniques to accurately
pinpoint the locations of weeds.

For building a robust weed detector, it is essential that models can generalize to
growing conditions or new locations not included in the training data. However,
commonly used datasets, such as Deep Weed and the Soybean dataset, combine all
available images from various locations and time points, and then randomly split
these into training, validation, and test sets. While some studies have tested models
on entirely new data not seen during training, such studies are rare. Therefore, fur-
ther research is needed to explore the generalization ability of models when faced
with new data, including different lighting conditions and other variations.

Another emerging eld in weed localization is the use of multi-task models,
which have two or more outputs corresponding to different tasks. For example, joint
plant and stem detection systems have been developed for early-stage crop elds.
These models enable more varied treatment options, such as applying herbicide to
the entire plant or using a mechanical stamping tool or jet of steam speci cally on
the stem, effectively destroying the plant without relying on chemicals.

Overall, there is a substantial body of research into the use of computer vision
for the task of weed localization in farmland, and there are a number of comprehen-
sive datasets available to assist with the consideration of different machine learning
approaches. However, fewer studies focus on pastures and other complex environ-
ments, in spite of the high nancial cost of weeds in grazing lands in Australia. This
highlights the need for more research in this area, including innovative CNN archi-
tectures and novel ELM methods, in order to improve SSWM outcomes, resulting in
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better outcomes for farmers and food production.
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Chapter 3

Developing an Extreme Learning
Machine Based Approach to Weed
Segmentation in Pastures

3.1 Introduction

This Paper, titled “Developing an Extreme Learning Machine Based Approach to
Weed Segmentation in Pastures” [59], is linked to Research Question 1, which asks
whether a shallow network can be used to segment weed species in Australian pas-
tures. It also examines whether such a network can be applied in realtime, as posited
in Research Question 3.

The choice of weeds was largely motivated by the target species identi ed by
the CRC, including serrated tussock, thistle species, and horehound, as well as a
dataset of Buthurst burr which was included opportunistically, and provided further
evidence of the ability of such networks to segment a wide variety of weed species,
and growing conditions.

One of the limitations of this study was that most datasets consisted of images
taken at the same location and time. This means that Research Question 6, which
relates to the generalization of networks to diverse growing conditions not seen dur-
ing training, was not addressed. Furthermore, because the weed species were tested
separately, the question of a multispecies detector, as outlined in Research Question
5 was also not considered.

The images were high resolution (2016 2400 pixels), but the dataset is small,
containing between 20 and 141 images based on the weed species in question, mak-
ing the problem suitable for shallow networks, which in general are less prone to
over tting than deeper networks with more parameters [15].

Based on previous work [17, 46, 54], a number of feature extraction techniques
were considered, including local binary patterns [173], histograms of oriented gra-
dients [38], colour features, and combinations thereof.

In terms of real-time applications, feature extraction proved to be the most time-
intensive component, with times ranging between 0.080 and 0.848 seconds for a sin-
gle feature. It should be noted, however, that feature extraction was carried out
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on the CPU (and in some cases without multithreading), meaning that it should be

possible to reduce these times by a considerable factor with a suitable GPU imple-
mentation.

An overview of the datasets used in this study is presented in table 3.1.

Image Annotation Dataset Number Negative Positive
Resolution Level of Images

Bathurst Burr 20 0.73 0.27

. Horehound 46 0.73 0.27

2400 2016 16 16pixel e 141 0.76 0.24

Tussock 63 0.66 0.34

TABLE 3.1: Dataset summary including number of images and class
representation. Image resolution and annotation level are consistent
across all datasets.

3.2 Published Paper

This paper was published in Smart Agricultural Technology, which is ranked by
SJR! as a Q1 journal in Agricultural and Biological Sciences (miscellaneous) and

Computer Science (miscellaneous) for 2023. As of 7th July 2026, this paper had 11
citations on Google Scholar.

Lhttps://www.scimagojr.com/journalsearch.php?q=21101111783&tip=sid&clean=0
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