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Abstract
Growing concerns with regards to the environmental and economic impacts related to
the application of herbicides to control the spread and abundance of weeds in
agricultural crops have created a need for the development of novel agricultural
management systems that are less dependent on herbicide usage and tillage. Such
concerns have given rise to the need for the variable spatial treatment of croplands
aimed at the minimization of requirements for the application of herbicides and the
subsequent minimization of excess materials released into the surrounding
environment.
Remote sensing provides an opportunity for the fast and cost-effective delineation of
weed patches in croplands over large areas where traditional scouting techniques
would be impractical. The differences in spectral reflectance from different plants at
certain wavelengths due to species specific variations in biochemical and physical
characteristics is what lays the basis for the distinction of vegetation species within
remotely sensed images and ultimately the potential detection of weed-species in
croplands.
This study investigates the potential spectral characterisation of maize and commonly
occurring weed-species by (1) making use of reflectance spectra collected at leaf-level
to identify statistically significant differences in reflectance between individual species
throughout the visible (VIS), Near-Infrared (NIR) and Shortwave-Infrared (SWIR)
regions of the electromagnetic spectrum, determining the potential of the Red-Edge
Position (REP) and slope for this particular application and testing the accuracy at
which reflectance spectra may be classified according to vegetation species based on
spectral reflectance at specific wavebands and REP as input predictor variables, (2)
testing the potential effect of mixed spectral responses and soil-background
interference through the analysis of reflectance spectra collected at canopy-level, and
(3) determining the potential effect of the spectral generalisation associated with
multispectral reflectance through the analysis of spectral responses resampled to the
spectral band designations of representative high spatial resolution multispectral
sensors.
The results showed that maize may be spectrally distinguished from all of the weedspecies included in the analysis based on leaf-level hyperspectral reflectance
iii

throughout

the

Visible-to-Near-Infrared

(V-NIR)

and

SWIR-regions

of

the

electromagnetic spectrum, however, the unique characterisation of weed-species is
not possible for all species and where it is possible, it is highly wavelength-specific
and would require high spectral resolution hyperspectral data. The wavelengths most
suitable for the spectral characterisation of maize-crops and weed species in the study
area were identified as: 432.1nm, 528.2nm, 700.7nm, 719.4nm, 1335.1nm, 1508.1nm,
2075.8nm, 2164.5nm and 2342.2nm. The output predictor model was able to classify
reflectance spectra associated with maize crops and weeds in the study area at an
overall accuracy of 89.7 per cent and it was shown that the inclusion of the REP as
predictor variable did not improve the overall accuracy of the classification, however,
may be used to improve the classification accuracies of certain species.
The Red-Edge position and slope was shown to be moderately effective for the
characterisation of maize and weeds at both leaf- and canopy level and showed a
strong relationship with taxonomical groupings of vegetation (e.g. monocotyledonous
and dicotyledonous plants). The effect of external factors that influence vegetation
spectral responses appeared to improve the potential spectral distinction of maize and
weeds at canopy-level, where small infestations by certain weeds exerted a large
effect on spectral reflectance, especially in the VIS and red-edge regions. It was also
demonstrated that the addition of strategically placed spectral bands to high spatial
resolution multispectral sensors improved the overall potential for the spectral
discrimination of weed-species, especially in the SWIR wavelength-regions.
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CHAPTER 1
Introduction
1.1. Background and Motivation for the Study
1.1.1. The Problem of Weeds in Agricultural Production
Weeds represent an important group of agricultural pests that pose a major threat to
global food production (Hamil et al., 2004; Oerke, 2006). This is especially true for
maize production, where average crop losses due to the action of weeds ranged from
five per cent in Western Europe to 19 per cent in East Africa for the period 2001 to
2003 (Oerke & Dehne, 2004). Weeds exert their influence on agricultural crops
through competition for finite environmental resources (i.e. sunlight, nutrients, water
and space) (Muzik, 1970; Grime, 2001; Froud-Williams, 2002), allelopathy (Rice,
1984; Bais et al., 2003), harbouring of various plant pathogens and insect vectors
(Zimdahl, 2007; Chen et al., 2009; Chen et al., 2013), and interference with agricultural
activities (Maxwell & Ghersa, 1992; Zimdahl, 2007).
The negative effects of weeds may be combated through a variety of preventative,
cultural, biological, mechanical and chemical techniques (Hamill et al., 2004; Holt,
2004). Since the introduction of herbicides in the 1940’s, the majority of weed
management strategies employed in commercial agriculture have involved a
combination of mechanical and chemical strategies to control the abundance of weeds
in agricultural fields. Although these types of approaches have largely been successful
in improving crop productivity and farm labour efficiency, growing concerns with
regards to the environmental and economic impacts thereof has created a need for
the development of novel agricultural management systems that are less dependent
on herbicide usage and tillage (Slaughter et al., 2007; Giliomee, 2009).
Herbicides have been increasingly viewed as an environmental contaminant in recent
years with concerns typically related to the potential contamination of foodstuffs, soil,
groundwater and the ambient atmosphere with harmful chemicals and the potential
effect such contaminations may have on non-target organisms in surrounding natural
and semi-natural ecosystems (Zoschke, 1994; Boutin et al., 2014; Egan et al., 2014;
Solomon et al., 2014). Furthermore, large amounts of evidence have come to light that
1

some weed-species are developing resistance to herbicides, incurring massive
additional costs to farmers and placing the future efficacy of chemical weed control
strategies under scrutiny (Owen & Zelaya, 2005; Nandula et al., 2005). Another major
concern with regards to herbicides is the increasing financial costs thereof and the
potential impacts this may have on local, or even national economies (Zimdahl, 2007).
In South Africa, the estimated average cost of agricultural production in the maize
industry has raised steadily throughout the first ten years of the 21 st century to such
an extent that farmers were expected to barely break even in 2010 and 2011 (Van Zyl,
2010).
The abovementioned concerns have given rise to the need for the variable spatial
treatment of croplands in the form of differential dosages of herbicides with focus on
specific locations. Such variable applications are aimed at the minimization of
requirements for the application of herbicides and the subsequent minimization of
excess materials released into the surrounding environment, a rationale shared in the
development of Site Specific Weed Management (SSWM) and Variable Rate
Technologies (VRT) in precision agriculture (Swanton et al., 2008; Shapira et al.,
2013).

1.1.2. The Potential Role of Remote Sensing
Remote sensing refers to the acquisition of information about the earth’s surface from
images acquired from an overhead perspective, using electromagnetic energy
reflected or emitted from the earth’s surface in one or more regions of the
electromagnetic spectrum (Campbell, 2002). Multispectral sensors acquire spectral
data in a few discrete spectral bands while hyperspectral sensors acquire data in
several contiguous spectral bands (Goetz, 2009).
Remote sensing data have been successfully used to characterise vegetation in
agricultural studies with applications ranging from soil mapping (Moran et al., 1997),
pest and disease detection (Abdel Rahman et al., 2008; Mokhele et al., 2009), plant
water stress detection (Alchanatis et al., 2010; Wang et al., 2010), nutrient stress
detection (Abdel-Rahman et al., 2010; Mokhele & Ahmed, 2010) and weed-detection
(Koger et al., 2004; Gray et al., 2009; Shapira et al., 2013).

2

The differences in spectral reflectance from different plants at certain wavelengths due
to species specific variations in biochemical and physical characteristics is what lays
the basis for the distinction of vegetation species within remotely sensed images and
ultimately the potential detection of weed-species in croplands (Asner, 1998;
Zwiggelaar, 1998; Hestir et al., 2008; Shapira et al., 2013). This overlaps with one of
the key objectives of SSWM, which is to develop new techniques to delineate weeds
in patches and at the edges of agricultural fields to identify locations where weeds are
growing at densities sufficient to cause economic losses (Shaw, 2005).
Studies concerned with the potential application of remote sensing techniques for the
detection and mapping of vegetation species have typically involved the statistical
analysis (e.g. Analysis of Variance (ANOVA), Kruskal-Wallis tests, Mann-Whitney Utests, factor analysis, Principle Component Analysis (PCA), General Discriminant
Analysis (GDA)) of reflectance spectra collected at leaf- and canopy-level in order to
identify those wavelength-regions most appropriate for the spectral distinction of the
species in question (Van Aardt & Wynne, 2001; Sobhan, 2007), or the transformation
of leaf- and canopy-level reflectance spectra using, for example, vegetation indices or
red-edge slope and position to test the performance of such transformations in
distinguishing between vegetation species (Cho et al., 2008; Li et al., 2012). Other
studies have made use of remotely sensed multi- or hyperspectral image data
collected from satellite or airbourne platforms to map vegetation species based on
spectral reflectance through the application of known image processing algorithms
(e.g. maximum likelihood classifiers, hyperspectral vegetation indices, Spectral Angle
Mapper (SAM), Spectral Mixture Analysis) based on the characteristics of reflectance
spectra collected in the field or endmember spectra extracted form pure pixels within
an image (Van Aardt & Wynne, 2007; Hestir et al., 2008).
Similar approaches have been followed in studies concerned with the potential
detection and mapping of weeds in agricultural fields, however, at varying levels of
success due to certain key constraints that accompany this particular application.
These constraints are typically related to the external influences that determine the
spectral response of vegetation at canopy- and pixel-level (i.e. spatio-temporal
variations in spectral responses, multiple scattering effects, mixed spectral responses
and bidirectional reflectance distribution). The effects associated with these external
factors are at a maximum during the early stages of a growth season and the Critical
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Period for Weed Control (CPWC) in most agricultural crops (Gates et al., 1965;
Zwiggelaar, 1998; Halford et al., 2001; Isik et al., 2006; Shapira, et al., 2013),
significantly influencing the selection of remote sensing data most suitable for such an
endeavour in terms of spatial and spectral resolution, timeliness and availability (Lamb
& Brown, 2001; Van der Meer, 2003).
The identification of manners in which to deal with the above-mentioned constraints
have therefore become a major component of research related to this particular
application. Some researchers have attempted to address the problem of mixed
signals and soil background interference by simulating mixed spectral responses at
ground level and testing the spectral separability thereof (Koger et al., 2004; Shapira
et al., 2013) while others have made use of spectral responses extracted from mixed
pixels in image data collected from an aerial perspective in order to determine the
relationship between the level of weed-infestation and spectral reflectance (Koger et
al., 2003; Goel et al., 2002).
Researchers have also shown a large amount of interest in the potential use of
multispectral remote sensing for weed detection in recent years, especially
considering the rapid technological advancements observed in the new generation of
multispectral satellite sensors currently in orbit (such as IKONOS, Quickbird,
RapidEye, GeoEye, Pléiades and WorldView-2), that collect data at improved spectral
resolutions and some of which are capable of resolving surface features at a submeter level (Lamb & Brown, 2001; DigitalGlobe, 2010; Astrium, 2012).
It is anticipated that the improved spatial resolutions associated with this new
generation of satellite sensors may open the door for the inclusion of additional
analytical procedures (e.g. texture analysis, image segmentation and Object-based
Image Analysis (OBIA)) in applications related to weed-detection, thereby decreasing
the reliance on spectral characterisation and possibly improving on the accuracy and
level of detail at which it is currently possible to detect and map weeds in agricultural
fields (Lamb & Brown, 2001; Mula et al., 2013; Oumar & Mutanga, 2013).
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1.2. Problem Formulation and Research Objectives
1.2.1. Statement of the Research Problem
In order to contribute to the currently existing body of knowledge related to the potential
application of remote sensing techniques for the detection of weeds in agricultural
crops, this study will investigate the potential spectral characterisation of maize and
commonly occurring weed-species in the study area by (1) making use of reflectance
spectra collected at leaf-level to identify statistically significant differences in
reflectance between individual species throughout the visible (VIS), Near-Infrared
(NIR) and Shortwave-Infrared (SWIR) regions of the electromagnetic spectrum, (2)
testing the potential effect of mixed spectral responses and soil-background
interference through the analysis of reflectance spectra collected at canopy-level, and
(3) determining the potential effect of the spectral generalisation associated with
multispectral reflectance through the analysis spectral responses resampled to
multispectral band designations.

1.2.2. Aims & Objectives
This study aims to investigate the potential application of multi- and hyperspectral
remote sensing for weed detection by spectrally discriminating between commonly
occurring weed-species in the study area based on leaf-level reflectance, assessing
the potential effect of mixed signals and soil background interference at canopy-level,
and determining the potential effect of spectral generalisation at multispectral sensor
resolutions.
Specific objectives of the study are to:
1. Identify those hyperspectral wavelengths/ wavelength-regions that are most
suitable for the characterisation of maize crops and selected weed-species in
the study area based on leaf-level spectral reflectance.
2. Determine whether maize crops and weed-species in the study area may be
spectrally discriminated based on the characteristics of the Red-Edge point of
maximum inflection.
3. Determine the extent to which the spectral characteristics of maize crops and
selected weed-species identified at leaf-level may be detected at canopy-level.
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4. Determine the extent to which the spectral characteristics of maize crops and
selected weed-species identified at leaf-level may be influenced by and
detected at multispectral resolutions.

1.3. Methodological Approach and Basic Research Model
1.3.1. Brief Description of the Proposed Methodology
The methodological procedures proposed for this study may be divided into three
distinct and overlapping phases. The first phase will involve the collection of
reflectance spectra from commonly occurring weed-species and maize plants using a
hand-held spectrometer that collects reflectance spectra between the wavelengths of
350nm and 2 500nm. The second phase will address research objectives 1 and 2
while the third and fourth phases will address research objectives 3 and 4 respectively.
Phase 1 of the research methodology will involve the collection of reflectance spectra
at both leaf- and canopy-level. Leaf-level reflectance spectra will be collected in the
field using in situ field spectroscopy techniques. An initial field-scouting exercise will
be carried out during which the most commonly occurring weed-species in the study
area will be identified. Once these species have been identified, samples will be
collected from the field and pure leaf spectra will be collected from the samples within
10-15 minutes after sample collection. A systematic sampling strategy will be
employed to collect leaf-level spectra from maize plants in the field. All leaf-level
spectra will be collected between 30 and 60 days after emergence. For the collection
of canopy-level spectra, maize will be grown in a greenhouse together with specimens
of selected weed species collected from the field. All spectra will be collected from the
same height, and different ground conditions will be simulated by continuously altering
the contents of the spectrometer Field of View (FOV).
Phase 2 of the methodology will involve the statistical testing of leaf-level reflectance
spectra from different weed-species and maize plants to determine the presence of
significant differences in reflectance. The differences between reflectance at each
individual wave-band will be tested for every possible combination of plant species.
Those wave-bands that illustrate the highest level of statistical significance in over-all
as well as pair-wise comparisons will be identified as the wave-bands most suitable
for the spectral discrimination of weed-species and maize plants in the study area.
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This phase will also involve the extraction of first- and second-order derivatives from
reflectance spectra to calculate the slope and position of the red-edge inflection point.
Statistical tests will be used to determine the presence of significant differences
between red edge characteristics of different weed-species and maize crops.
As a final step to this second phase of the study, the spectral separability of the
vegetation species included in the analysis will be tested by entering the wave-bands
identified as being optimal into a discriminant analysis procedure which will generate
a predictor model that makes use of reflectance at the relevant wavelengths as
predictor variables. Spectral separability will be assessed through a visual inspection
of canonical variable plots and a cross-validation procedure which calculates the
accuracy at which the predictor model is able to classify vegetation species based on
the selected variables.
Phase 3 of the methodology will make use of the canopy-level reflectance spectra
collected under controlled conditions with varying proportions of maize, weeds and
soil contributing to the overall spectral response. Similar statistical techniques to those
employed in phase 2 will be applied to canopy-level reflectance spectra to determine
the extent to which the differences in reflectance observed at leaf-level could be
detected at canopy-level and to identify the potential effect of mixed spectral
responses and soil-background interference.
Phase 4 of the methodology will involve the resampling of leaf-level reflectance
spectra to the band designations of three high-spatial resolution multispectral sensors
currently in orbit (i.e. Pléiades, WorldView-2 and WorldView-3) and the testing of
resampled spectral responses to determine whether significant differences in
reflectance between vegetation species could be detected at each spectral band.
The particular statistical techniques employed in the processing and analysis of data
will depend on the statistical distributions of reflectance values. Spectral reflectance
values have been shown to be typically non-normally distributed (Sobhan, 2007), in
which case non-parametric tests will be employed such as the Mann-Whitney U-Test
and the Kruskal-Wallis H-Test. Should the reflectance data be normally distributed,
parametric alternatives to these tests would be employed such as the independent
samples T-test or the one-way Analysis of Variance (ANOVA).
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1.3.2. Basic Research Model
Figure 1.1 provides an overview of the basic research model and the various steps of
the research to be completed in a logical order. This research model should serve not
only as a summary of the study at hand, but also as a tool to focus the attention of the
reader to the specific objectives of the study and filter out any external factors that may
potentially draw attention away from the original scope.
Chapter 2 will act as a review of the relevant literature that forms the theoretical basis
for the formulation of the research problem and is intended to contextualise the
problem of weeds in maize crops by providing background information with regards to
the importance of maize production in South African agriculture, introducing the reader
to the field of weed-science and outlining the concept of weeds and the effects that
they exert (directly and indirectly) on agricultural production, and introducing the
reader to the topics of precision agriculture and Site Specific Weed Management
(SSWM), which plays an integral part in the rationale behind this research.
In addition, the discussion in chapter 2 is aimed at contextualising the research
problem from a remote sensing perspective. The bulk of the discussion will be focused
on the sources of variation in vegetation optical properties, the potential for the
discrimination of vegetation species based on spectral reflectance, and previous
studies that have dealt with the potential application of remote sensing techniques for
the detection of weeds in agricultural crops.
Chapter 3 will exist out of two sections, the first of which will provide a brief description
of the study area and the second of which will provide a detailed account of the
methodological procedures employed in this study.
Results obtained from the data-analysis phase of the research will be described and
discussed in chapter 4, and chapter 5 will provide a synthesis of the results obtained
and conclusions reached. Possible future research avenues identified on the basis of
the results obtained here will be identified and speculated upon in the final chapter.
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Figure 1.1: Graphic Representation of the Basic Research Model
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CHAPTER 2
Literature Review
2.1. Introduction
The term ‘weeds’ refers to plants that grow in undesirable locations where their
presence is perceived to exert a negative effect on natural or agricultural systems
through, for example, competition with neighbouring plants for environmental
resources, interference with agricultural production, and the contamination harvested
materials. These negative effects have been successfully combated through a
combination of physical strategies and the application of herbicides to control the
abundance of weeds in agricultural crops, however, the potential environmental and
economic impacts related to the application of herbicides has created a need for new
approaches to weed management that involve the variable spatial treatment of
croplands aimed at the minimization of requirements for the application of herbicides
and the subsequent minimization of excess materials released into the surrounding
environment.
One of the key constraints to the spatially variable treatment of agricultural crops
currently recognised is the provision of accurate geographical data that describe the
spatial distribution of weeds. Remote sensing provides a non-invasive, cost-effective
and timely solution for the mapping of weeds in agricultural crops. Through the
collection, analysis and interpretation of reflectance data from remotely sensed images
and ground-based measurements, it would be possible to accurately characterise and
map the occurrence of weed populations in crop-lands for the variable application of
herbicides.
The purpose of this chapter is to provide further background information with regards
to the research problem and delineate the context within which this and other similar
research problems have been formulated thereby providing a framework within which
the potential real world value of this research may be recognised.
The first section of the chapter will provide a brief overview of South African agriculture
with particular focus on maize production and South Africa’s maize industry and the
second section will deal with the topic of weeds, their potential impacts on agricultural
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activities and the ways in which these impacts are generally assessed, quantified and
combated.
The third section of this chapter will introduce the topic of precision agriculture, a
modern, technologically driven approach to agricultural management practices which
has succeeded repeatedly in uniting fields such as agronomy and crop science with
the environmental sciences, geo-informatics and engineering. This section will briefly
introduce the topic of remote sensing and provide a basis for the discussions that
follow.
A brief overview of the basic physics and rationale behind the practice of remote
sensing will then be provided, followed by a detailed discussion of the optical
characteristics of vegetation which lays the basis for the spectral characterisation of
vegetation in remotely sensed images. The final section of this chapter will discuss
previous studies that have demonstrated the potential application of remote sensing
techniques for the differentiation of vegetation species and the detection of weeds in
agricultural fields.

2.2. Background to South African Maize Production
“In the history of any agricultural country, a time comes when agricultural development
progresses from petty local trade into world-commerce” (Leppan & Bosman, 1923). In
the case of South Africa, maize (Zea mays) is the crop that was responsible for this
transition in the early 1900’s when it was first exported in quantity (Leppan & Bosman,
1923; McCann, 2001). Today, South Africa is considered a major player in the global
maize industry, a net exporter of maize, and ranked as one of the top maize producing
countries in the world and the top maize producing country in Africa by far (Van Zyl,
2010).
Maize is one of the oldest human domesticated plants and the third most widely
planted crop globally after wheat and rice (Abbassian, 2006). Strictly speaking from a
nutritional point of view, maize is a vegetable plant containing Vitamins A, C and E,
and lacking the lower B-vitamins that generally characterise ‘true grains’ such as
sorghum or wheat. It is often grown as a vegetable crop and consumed as such, but
has spread throughout the world and is recognised in commodity markets as a major
grain crop, often out-competing true grains due to its high productivity and energy
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content (compared to other grain-crops, maize has the highest yield per unit area and
labour) (McCann, 2001).
Globally, approximately 65 per cent of maize harvested is used as animal feed, 15 per
cent for human consumption and the remaining 20 per cent for other uses, often as
inputs for industrial processes (Abbassian, 2006). In Africa, approximately 95 per cent
of maize harvested is consumed by humans in the form of boiled cobs or flour.
Covering approximately 25 million ha of land and accounting for 34 per cent of all of
cereal production in Sub-Saharan Africa, maize has become a major staple food in the
region, especially in Southern Africa where the average consumption is over 85
kg/capita/year. It also accounts for a major portion of the average calorie intake in
Southern Africa, ranging from 31 per cent in South Africa to as high as 50 per cent in
Lesotho (Smale et al., 2011).
In addition to its high productivity and energy-content, maize is highly adaptive to
different environmental conditions due to its great genetic depth and phenotypic
diversity (see figure 2.1). For example, plant height at maturity varies between 0.5m
and 5m, tasseling dates vary between two and eleven months after planting, and the
ear and kernels exhibit a variety of different colours, shapes and sizes. This diversity
of form has played an integral role in its spread and successful cultivation across the
continents (Yan et al., 2011). Maize varieties are commonly divided into two broad
categories, i.e. yellow and white. Yellow maize is more flexible in its environmental
requirements than white maize and is generally grown in the northern hemisphere and
harvested for animal feed. White maize requires more favourable environmental
conditions and is grown mostly in the United States, Mexico and southern Africa and
harvested as a food crop (Abbassian, 2006).
Maize was introduced into Africa in the 1500’s during the establishment of Atlantic
trade routes which lay the Atlantic basin open to a massive exchange of vegetation,
animals, people and ideas in what is today known as the Columbian Exchange
(McCann, 2001). The first reference to maize in South Africa was in 1652 when Jan
Van Riebeeck requested that maize seeds be sent to the Cape to test its viability as a
crop in the then novel environment (Goodwin, 1953; McCann, 2001).
The first imports of maize into Southern Africa were most likely of the flint-variety and
is reported to have been adopted by the Zulus and Xhosas of South Africa’s east and
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south coast. It was grown on a significant scale by the people of Basotho-land
(Lesotho) in response to the growing demand for food that accompanied the
population explosion after the discovery of diamonds in the Kimberley-area in the
1860’s. The associated growth in infrastructure for production, transport and
communications, and the establishment of a regional cash economy allowed Basotholand to export its produce to what was then the Cape Colony (McCann, 2001).

Figure 2.1: An Example of the high level of Phenotypic variation in maize germplasm held in the CIMMYT
Gene Bank (Source: Yan et al., 2011)

Exports of maize, winter-wheat and livestock continued to grow in the regional
economy until the early 1900’s when the American white dent maize variety known as
‘Hickory King’ was first introduced in the region. This variety had a significantly higher
yield than the flint-varieties and its softer starchy kernels provided the potential for
large, industrial scale production. South Africa officially started exporting white dent
maize in quantity in 1907 thus establishing itself as an agricultural country and
providing the foundation for further growth of South African Agriculture (Leppan &
Bosman, 1923; McCann, 2001).
South Africa is home to a wide range of environmental conditions in which factors such
as rainfall, evapotranspiration, temperature and temperature ranges show extreme
spatial variability between the humid eastern and the arid western regions of the
country and has resulted in the establishment of distinct crop-zones, ultimately
determined by the environmental growth requirements of each individual crop. As
13

shown in figure 2.2, the major crops grown in South Africa are sorghum, millet, maize,
wheat and sugarcane. The environmental conditions of some areas allow for the
production of more than one crop (e.g. the Free State, Limpopo and the North West)
while other areas are dominated by a particular crop (e.g. the KZN Coastal Belt and
the Western Cape) (Benhin, 2006).

Figure 2.2: Major Crop-Zones of South Africa (Adapted from Benhin, 2006)

Figure 2.3 shows the major and minor maize production areas of South Africa. Maize
production is concentrated in the central and north-eastern portions of the country.
This area includes the entire Gauteng and almost the entire North West Province, most
of the Free State Province, large portions of Limpopo, Mpumalanga and KwazuluNatal, and small portions of the Eastern Cape and Northern Cape (Benhin, 2006). The
relative average contributions of each province to national maize production provided
in figure 2.4 shows that the largest average contributor is the Free State with 35 per
cent, closely followed by the Mpumalanga and the North West with 22 per cent and 28
per cent respectively (Van Zyl, 2010).
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Figure 2.3: Generalised Representation of the Major and Minor Maize Production Areas of South Africa
(Adapted from Benhin, 2006)

Figure 2.4: Average Contribution to Maize Production by Province for the period 1996-2006 (Adapted from
Van Zyl, 2010)
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The majority of maize produced in South Africa is under rain fed conditions in the north
and north-eastern Free State, southern Gauteng and western Kwazulu-Natal,
especially in the region known as South Africa’s ‘maize triangle’ (the portion of
agricultural land stretching from Mahikeng to Carolina in the north-west and north-east
respectively to Ladybrand in the South – refer to figure 2.3), where varieties with longer
growing periods are generally planted in October and harvested from mid-May until
the end of June. In the drier portions of South Africa’s maize producing areas,
especially in the central and southern Free State and the Northern Cape Province,
varieties with shorter growth periods are generally planted from December to January,
grown under irrigation conditions, and harvested in June (Benhin, 2006; Van Zyl,
2010).
Despite the less than ideal physical environmental conditions, South Africa is and has
historically been considered a net exporter of maize and ranked as one of the top 15
maize producing countries in the world (generally between ninth and fourteenth) and
the top maize producing country in Africa by far (Van Zyl, 2010). In 2012 South Africa
was ranked tenth in the world, producing approximately 12 million tonnes of maize
after France (with 16 million tonnes) and ahead of Nigeria (with 9 million tonnes). The
top ranked countries have historically been the United States, China, Brazil and
Argentina (FAO, 2012).
As shown in figure 2.5, white maize exports have, in recent years, far exceeded
imports thereof. A large amount of white maize produced in South Africa is exported
to other African countries such as Botswana, Lesotho, Mozambique, Namibia,
Mauritius and Zimbabwe where it is considered to be a major staple food and generally
consumed in the form of flour. It is also exported to overseas countries in South
America, Europe and Asia (Van Zyl, 2010; Smale et al., 2011; SAGL, 2012). In
contrast, yellow maize exports have often fallen below imports, possibly because it is
used primarily for animal feed and large feed mills are located near the harbour cities
of Durban and Cape Town, making it more economically viable for these feed mills to
import yellow maize from overseas than to transport it from inland farming areas (Van
Zyl, 2010).
Based on the above discussion, the importance of maize as a food crop for human
consumption and animal feed, and an earner of foreign exchange for South Africa

16

should be apparent. Furthermore, South Africa’s agricultural labour force of
approximately one million farm workers accounts for ten per cent of total employment
in the country. This does not include the ‘backwards and forwards linkages’ of
employment associated with agriculture. Backward linkages are related to the
provision of input materials (e.g. fertilizers, pesticides equipment etc. from the
manufacturing sector) while forward linkages refer to the jobs consequently generated
within the manufacturing sector itself (Van Zyl, 2010).

Figure 2.5: South African Maize Imports and Exports for the period 1999 to 2008 (Adapted from Van Zyl,
2010)

2.3. Agricultural Weeds: Science, Impacts and Management
Weeds are one of three classes of organisms that exert a harmful effect on agricultural
crops, collectively known as pests. Together with plant pathogens and animal pests,
weeds represent the biotic driving force behind major crop-losses and have been
interfering with production since the dawn of agriculture approximately 10 000 years
ago. In response, growers throughout the history of agriculture have continuously been
developing new methods to combat the effects of pests and maximise their yields as
far as possible (Hamil et al., 2004).
The term ‘weed’ essentially applies to any plant that grows where it is not wanted by
humans. Numerous attempts have been made to construct a definition of the term that
would be inclusive of all plants that are considered to be weeds throughout the various
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systems in which they may occur (Leppan & Bosman, 1923; Harper, 1960; Salisbury,
1961; Crafts & Robbins, 1962; Muzik, 1970; Bromilow 1996).

One of the most

representative definitions of the term ‘weed’ is provided by Booth et al. (2003), which
states that a weed is a “… native or introduced (alien) species that has a perceived
negative effect on agricultural or natural systems.” (Booth et al., 2003: 4).
One of the key concerns of early weed-scientists was to develop a set of criteria that
would determine the potential for certain plant species to invade different habitats,
thereby providing a measure of the invasability of habitats and the weediness of plant
species based on these criteria. This type of work was pioneered by Baker (1965) with
the concept of the ‘ideal weed’, a theoretical concept that describes a collection of
traits possessed by plants that would be most likely to succeed if it were to be
introduced into a disturbed habitat (Chaney & Baucom, 2012). This collection of traits
was developed based on observations of the physical characteristics, reproductive
tendencies and life-cycles of plants that humans often consider to be weeds and are
summarised in table 2.1 (Sutherland, 2004).
Table 2.1: Summary of the Characteristics of the ‘Ideal Weed’ as described by Baker (1965)

Characteristics of the Ideal Weed
Germination requirements fulfilled in many
environments
Discontinuous germination (internally
controlled) and great longevity of seed
Rapid growth through vegetative phase to
flowering
Continuous seed production for as long as
growing conditions permit
Self-compatible but not completely
autogamous or apomictic
When cross-pollinated, unspecialized visitors or
wind utilized

Very high seed output in favourable
environmental circumstances
Produces some seed in wide range of
environmental conditions; tolerant and plastic
If a perennial, has vigorous vegetative
reproduction or regeneration from fragments
Has adaptations for short and long-distance
dispersal
If a perennial, has brittleness, so not easily
drawn from ground
Has ability to compete interspecifically by
special means (rosette, choking growth,
allelochemicals)

An important aspect of weeds alluded to in the above statement is that weedy plants
tend to succeed in disturbed habitats. This may very well be considered the key
characteristic of weeds (Baker, 1965; Chaney & Baucom, 2012). The reason for this
is because human activities tend to interfere with the natural progression of plant
communities towards a ‘climax’ of vegetation (Muzik, 1970; Sutherland, 2004). The
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characteristics of any naturally occurring plant community is a result of the abiotic
factors (i.e. temperature, temperature ranges, rainfall patterns, soil properties,
underlying geology, topography, relief, etc.) and biotic factors (i.e. competition,
allelopathy, density-dependent mortality, senescence, herbivory, predation, etc.) that
define the ecosystem within which it occurs. Such systems are continuously in the
process of progression towards a state of equilibrium, in which the biotic and abiotic
factors are in perfect balance and manifest themselves to the maximum extent that
would be allowed by the system (Cox & Moore, 2010). Human activities (especially
those related to crop production) attempt to alter the natural environment through, for
example, tillage, fertilization, pest-control and irrigation, thereby disrupting this natural
progression towards equilibrium (Zimdahl, 2004). The system, however, will not cease
its progression towards equilibrium and the natural succession of vegetation will
continue. As a result, if not managed properly, agricultural activities will continuously
be disrupted by the natural system attempting to restore the balance (Muzik, 1974).

2.3.1. Impacts of Weeds on Agricultural Crops
Weeds may influence agricultural crops directly or indirectly in a variety of manners.
Direct effects of weeds on crops are commonly related to competition with the crop
itself, increased production costs related to the management of the weed and a
reduction in the quality of the crop, whereas indirect effects are generally related to
negative impacts on human and animal health and decreases in land value (Booth et
al., 2003).
Zimdahl (2007) divided the potential negative impacts of weeds on human activities
into nine classes based on the type of land-use that is generally targeted and the endresult of the damage done. Similarly, Muzik (1970) classified weeds into six classes
based on their interaction with other plants in the community and the eventual impact
it has on agricultural activities. The effects of weeds on agricultural crops and the
production thereof as discussed in these and other relevant texts (that will in turn be
mentioned) will, for ease of discussion, be divided into the following three classes:
plant interactions, interference with agricultural production, and effects on human and
animal health.
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2.3.1.1. Plant Interactions
The primary interaction between weeds and neighbouring crops within the community
is through competition. Grime (1970:12) defined competition as “… the tendency of
neighbouring plants to utilise the same quantum of light, ion of mineral nutrient,
molecule of water or volume of space.” Simply put, neighbouring plants tend to
compete for environmental resources such as sunlight, nutrients, water and space that
are only available in finite quantities (Froud-Williams, 2002).
The magnitude of the effect that competition for environmental resources has on crop
yield and quality may be further explained by considering the amount of these
environmental resources required to produce one tonne of a particular crop and
comparing it to that which would be required to produce one tonne of a particular weed.
Considering that the availability of resources is limited, the magnitude of the eventual
outcome becomes apparent (Froud-Williams, 2002). The concept of competition is
generally separated in the literature from allelopathy, which refers to the production of
phytotoxic chemicals by one species, and release thereof into the immediate
surroundings, thereby causing harm to other neighbouring species (Rice, 1984; Bais
et al., 2003;).
In addition to interfering with crop growth, weeds have also been known to host a wide
range of other organisms that are potentially damaging to crops. These include
bacteria, viruses, nematodes and insects. By harbouring these organisms, weeds
often act as alternate hosts for insects and diseases and provide an opportunity for
such insects and diseases to persist in the environment for subsequent growth periods
(Chen et al., 2013). In addition to acting as hosts for these organisms, insects that find
refuge in weed communities during and between growth periods often act as vectors
for the dispersal of plant pathogens that may attack crops (Muzik, 1970; Zimdahl,
2007).
2.3.1.2. Interference with Agricultural Activities
Whether in the form of hand-hoeing or chemical control, the costs associated with
labour, equipment, fuel and herbicide has a noted effect on agricultural productivity
and has been estimated to incur costs of up to 15% of a crop’s value (Zimdahl, 2007).
Another example of the way in which weeds may interfere with agricultural activities is
the effect that it has on water-management within irrigated systems. Weeds have been
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known to impede the flow of water through irrigation ditches and intercept water
intended for the crops thereby resulting in the inefficient uptake of water in agricultural
land and an increase in overall evapotranspiration (Booth, et al., 2003).
The presence of weeds in agricultural land has been known to have a negative impact
on the quality of crops as a result of the contamination of harvests by weed-seeds, the
implications of which are numerous (Zimdahl, 2007). Firstly, the presence of weeds in
an agricultural field increases the probability that harvest machines may accumulate
weed-seeds within the grain harvest itself rather than in the chaff and straw, adding to
production and processing costs in the form of docking and cleaning (Maxwell &
Ghersa, 1992). Secondly, the replanting of crop seeds contaminated with weed-seeds
will inevitably result in the infestation of agricultural fields with a variety of weeds. In
addition, weed seed contamination has been known to affect the flavour of flour made
from grain as well the milk from cows that have fed on it. Finally, the combined action
of the above-mentioned effects will ultimately lead to a reduction in the value of land.
A severe infestation of nearly any noxious weed will almost certainly reduce the
productivity of a particular patch of land as well as the choice of crops to be grown,
thereby reducing the value that a prospective purchaser would be willing to pay for it,
or the value that a banker would be willing to loan for it (Zimdahl, 2007).
2.3.1.3. Effects on Human and Animal Health
Human health may be affected by weedy plants that are poisonous when ingested or
cause allergic reactions in some cases. Workers in the field are subject to the
accidental ingestion of or direct contact with plants that produce skin irritants or release
potentially allergenic pollen. The outcome of this type of contact may range from mild
to severe discomfort as a result of allergies, skin irritation, itching or swelling. In
addition to the potential health implications described above, certain weed species
also present a serious fire hazard, which may have major implications on crop
production should a fire break out. Furthermore, the inhalation of smoke from the
burning of certain weed species may also have adverse effects on human health
(Muzik, 1970; Zimdahl, 2007).
As in the case of humans, the ingestion of weedy plant material, seeds and pollen may
have adverse effects on animal health. This is especially important for livestock
production where, in addition to the potential toxicity that the ingestion of certain weed
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species may have on livestock, it may also result in an inadequate diet or reduced
reproductive performance. Mechanical damage to the digestive system may also
result from the ingestion of certain seeds with sharp spines (Zimdahl, 2007).

2.3.2. Weed Management Strategies
Weed management is a general term that describes the systematic application of
selected equipment and techniques with the aim of optimising land use in a particular
area of interest and minimising the effects of weeds on the particular natural or
agricultural system. The desired end result is the suppression or removal of weedy
vegetation while maintaining and/or promoting the growth and development of the
desired vegetation (Holt, 2004).
A wide variety of weed-management strategies are available to modern agricultural
practitioners for managing weed infestations in cropping systems and are generally
grouped into five categories, i.e. preventative, cultural, biological, mechanical and
chemical) (Hamill et al., 2004). These strategies have been evolving throughout the
history of agriculture and continues to do so from within disciplines such as weed
science, weed ecology, crop science and agro ecology. The advancement of weed
control strategies has played a formative roll in the field of weed science, has been a
focal point of weed science research and has had enormous effects on the manner in
which agriculture is practiced in the real world (Burnside, 1993).
The majority of weed management strategies employed by commercial farmers since
the introduction of herbicides (chemical substances synthesised with the deliberate
intention to supress or kill a certain group of plants or to disrupt their basic life
processes) in the 1940’s have involved a combination of mechanical and chemical
strategies to control the abundance of agricultural weeds (Shaw, 2005; Giliomee,
2009).
The manner in which an herbicidal compound affects target plants can best be
explained through its site of action, which refers to the “… precise biochemical (e.g.
inhibition of a specific enzyme) or biophysical lesion (e.g. inhibition of electron flow,
binding to a protein, or interference with cell division) that creates the herbicide’s initial
phytotoxic effect (other effects may follow).” (Zimdahl, 2007: 396). In other words, an
herbicide’s site of action (also often referred to as its mechanism or mode of action) is
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the manner in which the particular herbicide interferes with the target plant’s basic life
processes in such a way that it cannot survive (Muzik, 1970; Zimdahl, 2007).
A simplified explanation of herbicidal sites of action is provided by Muzik (1970), who
argued that herbicidal molecules generally resemble molecules that play a role in the
basic life processes of a plant such as photosynthesis, respiration, cell-wall generation
etc. This allows herbicidal molecules to be taken by these processes, however, since
they are not exact replicas they enter the processes only part way, effectively blocking
the metabolic pathways and inhibiting the particular life process, which will ultimately
result in injury, stunted growth or death (Muzik, 1970; Zimdahl, 2007).
Herbicides are produced on massive commercial scales and widely used to control
weeds due to their high level of effectiveness and relatively low cost compared to other
weed control methods (e.g. manual labour) (VanLoon & Duffy, 2005; Holt, 2013).
Compared to other classes of pesticides (i.e. insecticides and fungicides), herbicides
exhibit the highest production rate (tonnes), sales (U.S. Dollar) and most widespread
usage (total unit area treated) globally (Holt, 2013). In 2000, global sales of herbicides
was estimated at approximately 16.5 billion U.S. dollars, accounting for nearly half of
the total pesticide sales (see figure 2.6) (Gianessi & Silvers, 2000).
According to Slaughter et al. (2007), weed control in row crops typically involves the
application of pre-emergence herbicides and/or pre-emergence tillage, mechanical
cultivation, post-emergence herbicide application and hand-hoeing. Such approaches
have largely been successful in improving crop productivity and farm labour efficiency,
however, growing concerns with regards to the environmental and economic impacts
thereof have created a need for the development of novel agricultural management
systems that are less dependent on herbicide usage and tillage (Shaw, 2005;
Slaughter et al., 2007).

2.3.3. Economic and Environmental Impacts of Weeds & Current
Weed Management Practices
2.3.3.1. Economic Losses Due to the Action of Weeds
Crop losses are the eventual outcome of the interactions between crops and weeds
described above and may be defined as the reduction in the quantity or quality of a
crop yield measured by the difference between the actual yield and the attainable yield
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due to the effects of one or more pests. Actual yield refers to the site-specific yield
obtained under current cultivation and crop protection practices at farm level.
Attainable yield may be considered the ‘no loss scenario’ and is defined as the site
specific yield attainable in the absence of pests using current cultivation and crop
protection practices. Both of these measures may be expressed at different scales
(e.g. farm, province, country, region etc.) (Oerke et al., 1999).

Figure 2.6: Global Sales of Crop Protection Products for 2000 (Adapted from Gianessi & Silvers, 2000)

An important aspect of the above definition of crop losses is that it may be quantitative
or qualitative. Quantitative losses are associated with the reduction in productivity and
lead to reductions in yield per unit area, while qualitative losses are associated with
factors such as the reduction in the content of valuable ingredients, reduced market
quality and the contamination of the harvested product (Oerke, 2006).
Crop losses are generally expressed in one of three manners: in absolute terms,
relative terms or cost of control. In absolute terms, losses are expressed as the amount
of crop lost per unit area (e.g. kg/ha) or the financial loss per unit area ($/ha) while in
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relative terms losses are expressed as the percentage of the attainable yield lost. The
third expression provides a further indication of the economic relevance of crop losses
and is determined by comparing the cost of the control of a particular pest with the
potential losses without control. It therefore also provides an indication of the economic
viability of pest control, i.e. whether or not it holds a potential net economic benefit (as
is often not the case in low input production systems) (Oerke, 2006).
Oerke & Dehne (2004) and Oerke (2006) made use of production data from the FAO
(Food and Agriculture Organization) on area harvested, yield per unit area, and total
production in combination with additional datasets and literature searches to provide
estimates for crop losses resulting from weeds, animal pests and plant pathogens for
five different crops in 19 different regions throughout the world averaged over the
periods 1996-1998 and 2001-2003. These results are summarised in table 2.2.
Table 2.2: Estimated Potential and Actual Crop Losses due to various Pest-Groups in Major Crops Worldwide
for the period 2001-2003 (Adapted from Oerke, 2006)

Crop losses (%)*
Weeds
Crop
Wheat
Rice
Maize
Potatoes
Soybeans
Cotton

Potential
23
(18-29)
37.1
(34-47)
40.3
(37.44)
30.2
(29-33)
37
(35-40)
35.9
(35-39)

Actual
7.7
(3-13)
10.2
(6-16)
10.5
(5-19)
8.3
(4-14)
7.5
(5-16)
8.6
(3-13)

Animal Pests
Potential
8.7
(7-10)
24.7
(13-26)
15.9
(12-19)
15.3
(14-20)
10.7
(4-16)
36.8
(35-41)

Actual
7.9
(5-10)
15.1
(7-18)
9.6
(6-19)
10.9
(7-13)
8.8
(3-16)
12.3
(5-22)

Pathogens
Potential
18.1
(15-24)
15.2
(10-17)
12.3
(9-18)
29.4
(28-33)
12.4
(7-18)
9.2
(7-10)

Actual
12.6
(7-16)
12.2
(8-18)
11.2
(6-20)
21.1
(12-33)
10
(3-17)
7.9
(5-13)

Total
Potential
49.8
(44-54)
77
(64-80)
68.5
(58-75)
74.9
(73-80)
60
(49-69)
82
(76-85)

Actual
28.2
(14-40)
37.4
(22-51)
31.2
(18-58)
40.3
(24-59)
26.3
(11-49)
28.8
(12-48)

* Figures in parenthesis indicate variations among the 19 regions

The results showed a significant difference between the potential losses (difference
between the attainable yield in a ‘no loss-scenario’ and the yield in a similar intensity
of crop production without the application of any crop protection measures) and actual
losses (losses sustained despite the application of crop protection measures) as a
result of weeds in maize crops. The reason for this (as suggested by the authors) is
that weed control is highly effective relative to other pest control practices under low
input conditions (i.e. even in the absence of intensive production materials such as
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fertilizer and pesticides, some form of weed control is common practice). As a result
of the magnitude of this difference, the calculated efficacy of weed control methods for
this period was approximately 75 per cent (compared to 32 per cent for pathogen
control and 39 per cent for animal pest control). Regardless of the high efficacy of
weed control practices observed, the actual losses of maize crops due to weeds
remained relatively high at an average of 10 per cent and ranging from five per cent in
Western Europe to 19 per cent in East Africa (Oerke & Dehne, 2004; Oerke, 2006).
2.3.3.2. Current Concerns over the Application of Herbicides
Herbicides have been increasingly viewed as an environmental contaminant since the
1980’s. This has raised concerns that are typically related to the potential
contamination of foodstuffs, soil, groundwater and the ambient atmosphere with
harmful chemicals and the potential effect such contaminations may have on nontarget organisms (Zoschke, 1994; Zimdahl, 2007; Giliomee, 2009).
Herbicides may enter the surrounding environment through a variety of mechanisms
including particle drift, whereby droplets of the herbicide solution are transported to
areas directly surrounding crop fields; vapour drift, whereby already applied herbicide
molecules are volatised and released into the ambient atmosphere; and surface or
subsurface water-flow, through which it may be introduced into hydrological
circulation, contaminating groundwater and aquatic ecosystems in the surrounding
environment (Egan et al., 2014). Major concerns have been raised with regards to the
potential ecological impacts that herbicide contamination may have on surrounding
natural and semi-natural systems, especially on plant-biodiversity, the reproductive
cycles of target plants in surrounding communities, as well as the impact on non-target
organisms such as arthropod and fish communities (Boutin et al., 2014; Egan et al.,
2014; Solomon et al., 2014)
Further concerns have been raised over evidence that has come to light that some
weed-species are developing resistance to herbicides, especially the Glyphosatebased herbicides (Beckie, 2006). The manner in which this has come about may be
explained by the combined effect of the introduction of herbicide resistant Genetically
Modified (GM) crops and the increased application of repeated dosages of herbicides
which has led to two key changes in the species-composition of agricultural systems.
The first change is referred to as “weed shifts” whereby certain weed-species that are
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inherently more resistant to a particular herbicide started to proliferate in agricultural
fields. The second change was brought about by the repeated application of high
dosages of a particular herbicide, which resulted in an increased selection pressure
and the rapid evolution of herbicide resistance in previously susceptible weeds. This
trend is expected to continue with the current practice of high-intensity herbicide
applications (Owen & Zelaya, 2005; Nandula et al., 2005).
Another major concern with regards to herbicides is the increasing costs of agricultural
inputs in recent years and the potential impacts this may have on local or even national
economies. In South Africa, the estimated average cost of agricultural production in
the maize industry has raised steadily throughout the first ten years of the 21st century
to such an extent that farmers were expected to barely break even in 2010 and 2011
(Van Zyl, 2010). Although these costs are not solely related to herbicides, it may be
argued that a reduction in the requirement for any of the potential inputs should be
beneficial in terms of productivity.
The abovementioned concerns have given rise to the concept of Integrated Weed
Management (IWM), which makes use of a combination of preventative, cultural,
biological, mechanical and chemical weed management techniques based on a costbenefit analysis that takes into account the potential economic, societal and
environmental impacts of the techniques involved. The key objectives of IWM are as
follows (Swanton et al., 2008):


To reduce reliance on individual techniques



To maintain weed density to economical levels



To prevent the introduction of weeds that are more difficult to control



To develop agricultural systems that maintain or improve production,
environmental health and farm revenues

Suffice to say that such approaches would require a far deeper understanding of weed
communities, the biological and ecological factors that influence these communities
and the systems within which they occur at various spatial and temporal scales. This
type of enquiry has been a major focal point in weed-science in the recent past and
has sparked further interest in the application of biological and ecological principles in
weed management practices (Hamill et al., 2004; Swanton et al., 2008).
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2.4.

Precision

Agriculture

and

Site

Specific

Weed

Management (SSWM)
Precision agriculture is a term used to describe the rapidly emerging, technologically
driven approach to farming that makes use of collective knowledge base from a wide
variety of scientific disciplines (e.g. environmental sciences, geo-informatics and
engineering) to develop agricultural technologies aimed at the optimisation of inputs,
reduction in production costs and the minimisation of environmental impacts (Stafford,
2000; Van Zyl, 2010).
The basis for the development of precision agriculture was the recognition of the
problems posed by the spatial and temporal variability in within-field crop
requirements, interactions and characteristics. This has long been recognised by
agricultural practitioners but has become less manageable with the advent of
commercial agriculture which was accompanied by a drastic increase in the average
area of commercial croplands. One of the key concerns of precision agriculture has
been the development of variable rate application technologies (VRT) and Site
Specific Crop Management (SSCM) techniques for the variable spatial treatment of
crops with agricultural inputs such as fertilisers and pesticides (Stafford, 2000; Shaw,
2005).

2.4.1. Variable Rate Application Technology and SSWM
The non-uniformity in crop characteristics related to factors such as moisture
conditions and soil nutrient concentrations is also observed in the occurrence of weed
populations, which typically occur in patches of varying sizes, mostly close to the
edges but generally scattered throughout agricultural fields (Slaughter et al., 2008;
Shapira et al., 2013). Site Specific Weed Management (SSWM) refers to the spatially
variable application of weed-control strategies based on spatial information from a
variety of sources, enabling the minimisation of herbicide application and thereby
minimising the potentially negative economic and environmental impacts thereof
(Shaw, 2005).
A variety of highly sophisticated technologies have been developed for variable
application of herbicides and includes robotic systems capable of guiding tractor
mounted spraying devices within crop rows based on GPS-inputs, the visual
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identification of potential weed patches emerging within crop-rows, and even the realtime identification and spraying of unwanted plants based on the interpretation of
images collected by tractor-mounted optical sensors along a guided path (Borregaard
et al., 2000; Perez et al., 2000; Slaughter et al., 2008; Sui et al., 2008). According to
Zang & Kovacs (2012), this is the most advanced area of study within the field of
precision agriculture, however, the operational success of VRTs is dependent on the
provision of accurate maps of crop variables such as weed infestations. This sentiment
is shared by Swinton (2005), who studied the economic viability of the adoption of
VRT-systems and concluded that the unknown costs associated the identification of
affected areas within the field and the generation of treatment maps is one of the key
constraints to accurately assess the financial viability of such systems.

2.4.2. The Potential Role of Remote Sensing
Remote Sensing may be defined as the “… science and art of obtaining information
about an object, area or phenomenon through the analysis of data acquired by a
device that is not in direct contact with the object, area or phenomenon under
investigation.” (Lillisand et al., 2008: 1). This is one of the most commonly cited
definitions of the term and encompasses a wide variety of remote sensing systems
ranging from sonar (Sound Detection and Ranging) and optical remote sensing
systems through the collection and interpretation of data from a gravity meter or
ground-based Radar (Radio Detection and Ranging) systems, to the interpretation of
digital photographs or even the normal functioning of the human eye (Campbell, 2002;
Van der Meer, 2003). The present study is mainly concerned with passive remote
sensing systems that detect and record electromagnetic energy reflected and/or
emitted from earth surface objects using aerial or space-bourne electro-optical
sensors, or optical remote sensing, as defined by Campbell (2002).
Based on the knowledge of the manner in which electromagnetic radiation interacts
with vegetated surfaces with different physical and biochemical characteristics, remote
sensing researchers have been able to use images acquired in different wavelengths
of the electromagnetic from optical sensors mounted on aerial or satellite platforms to
accurately map the occurrence and condition of vegetation at various scales (Asner,
1998; Zwiggelaar, 1998; Hestir et al., 2008; Shapira et al., 2013). The above-
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electromagnetic energy will receive significant attention in the section that follows.
Remote sensing has been successfully applied for the characterisation of vegetation
in crop-lands, with applications ranging from soil mapping (Moran et al., 1997), pest
and disease detection (Abdel Rahman et al., 2008; Mokhele et al., 2009), plant water
stress detection (Alchanatis et al., 2010; Wang et al., 2010), nutrient stress detection
(Abdel-Rahman et al., 2010; Mokhele & Ahmed, 2010) and weed-detection (Koger et
al., 2004; Gray et al., 2009; Shapira et al., 2013).
According to Zang & Kovacs (2012), remote sensing data and techniques may play a
significant role in the first three stages in the practice of precision agriculture, i.e. data
collection, field variability mapping and decision making. Through the analysis and
interpretation of spectral data acquired from an aerial or satellite platform, remote
sensing provides an opportunity for the non-invasive acquisition of a synoptic view of
different weed populations over crop-lands in a cost-effective and timely manner to the
end of producing weed-infestation maps that may be used as decision support tools
as well as inputs for the guidance of VRT-systems (Lamb & Brown, 2001; Zang &
Kovacs, 2012).

2.5. Background to Multi- and Hyperspectral Remote
Sensing
The physical basis for passive optical remote sensing systems lies in the interaction
of earth surface materials with incoming solar radiation. Surface materials reflect,
absorb and/or transmit incident electromagnetic energy in different proportions. Each
of these energy interactions is a function of wavelength (λ), and the relative proportions
of electromagnetic energy absorbed, reflected and/ or transmitted by a particular
surface is therefore dependent on the wavelength of the incident solar radiation as
well as the physical and chemical properties of the particular surface material (Van der
Meer, 2003; Schowengerdt, 2007; Lilllisand et al, 2008).
With the exception of Thermal Infrared (TIR) remote sensing systems, the proportion
of energy reflected from surface materials back into the atmosphere (i.e. its spectral
reflectance ρ(λ)) is of key concern in most optical remote sensing systems as this
measure is independent of varying illumination conditions observed in real world
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conditions (Kumar et al., 2003). The reflectance characteristics of a particular type of
surface may be quantified by calculating the fraction (or percentage) of the total
incident energy reflected back into the atmosphere as follows (Lillisand et al, 2008):
ρ(λ) = ER (λ) / EI (λ)

(2.1)

or
ρ(λ) = [ER (λ) / EI (λ)] * 100

(2.2)

Where: EI = ‘incident energy’; and ER = ‘reflected energy’. Different types of surface
materials tend to absorb, transmit and reflect electromagnetic energy in different, often
unique manners as determined by the physical and chemical composition of the
particular type of surface material. This may be visualised by plotting the spectral
reflectance of a particular type of surface material against wavelength in what is
commonly referred to as a spectral response curve or spectral reflectance curve as
shown in Figures 2.7 and 2.8 (Schowengerdt, 2007; Lilllisand et al., 2008).
Figure 2.7 provides an example of the spectral responses of two distinct tree types
(deciduous and coniferous) while figure 2.8 shows the spectral responses of different
clay minerals. Since the spectral response curve is often unique for a certain type of
material, it is also often referred to as a spectral signature and has been the basis of
differentiating surface features from remotely sensed data (Van der Meer, 2013).
Please note that the spectral responses shown in figure 2.7 are displayed as ‘ribbons’
or ‘reflectance envelopes’ as opposed to the discrete lines shown in figure 2.8 in order
to illustrate that within-class variations in spectral reflectance will always be present in
a spectral dataset and that one of the key objectives should be to statistically
distinguish such spectral responses based on between-class variation (Lillisand et al.,
2008; Goetz, 2009).
Optical remote sensing data are collected through electro-optical sensors equipped
with detectors that measure incoming radiance reflected or emitted from the earth’s
surface at specific wavelengths. These sensors, typically fitted onto aircraft (aerial
sensors) or satellite platforms (satellite sensors), collect data in the form of a two
dimensional grid (image format) in which each cell or pixel carries information about
the reflected or emitted radiance from a particular area on the surface. This information
is generally divided into individual spectral bands that contain information about the
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incoming radiance within a particular spectral range for each pixel (Van der Meer,
2013).

Figure 2.7: Generalised Spectral Reflectance Envelopes for Deciduous and Coniferous trees (Source: Lillisand
et al., 2008)

Figure 2.8: Generalised Spectral Response Patterns of Common Clay Minerals (Source: Goetz, 2008)
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2.5.1. Sensor Resolution
The type of aerial or satellite data employed for a particular application (e.g. land-cover
classification, object-based classification, mineral mapping or vegetation mapping) will
often be determined by factors such as the size of the area occupied by an image
pixel, the particular portions of the electromagnetic spectrum in which data are
collected, or the number of spectral bands recorded by a particular sensor. It is
therefore necessary to have a proper understanding of the concept of resolution. Each
satellite and airbourne sensor possesses four key resolution specifications that
determine the range potential applications for which it is suitable. These resolutions
are as follows (Campbell, 2002; Showengert, 2007; Lillisand, 2008; Van der Meer,
2013):


Spatial Resolution: Spatial resolution if often defined as the size of the smallest
possible feature that may be detected from an image and is often used
synonymously with the dimensions of a single pixel within an image recorded
by a particular sensor. It is determined by the amount of reflected or emitted
radiation that that is focused toward the sensor from a set conical angle (i.e. its
instantaneous field of view or IFOV) and the height above the earth’s surface
at which the sensor is mounted. Furthermore, the resampling of the signal
during the analog-to-digital (A-D) conversion process determines the size of a
single pixel that represents the signal directed toward the sensor from a
particular portion of the earth’s surface. Although care must be taken not to
confuse these concepts, both ultimately determine the level of spatial detail that
may be resolved by a particular sensor and are often treated as equal for the
sake of simplicity.



Spectral Resolution: The spectral resolution of a sensor is determined by the
number and width of spectral bands that the sensor is able to record.
Multispectral sensors typically record incoming radiation in four to eight discrete
spectral bands with bandwidths ranging from 10 nm to approximately 200nm
while hyperspectral sensors have the ability to record data in up to 200
contiguous spectral bands with a bandwidths of 10nm or less. Figure 2.9
provides a comparison of some optical remote sensing systems within a
performance space defined by the number of spectral bands within which data
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are acquired, and their relative Ground-projected Sample Interval (GSI – a
measure synonymous with the simplified concept of spatial resolution).


Radiometric Resolution: Radiometric resolution refers to the ability of a sensor
to discriminate subtle differences in incoming radiance. This is typically
determined by the quantity of total energy focused onto the detectors, which is
influenced by the size of the IFOV and the amount of time that the focus of the
sensor resides in the ground resolution cell (i.e. its dwell time). As a result there
is generally a trade-off between spatial resolution and radiometric resolution
because the smaller the IFOV of a sensor (and as consequence, the smaller
the dwell-time), the weaker the radiance signal will be, resulting in a decrease
in the ratio between the signal strength and the amount of background noise
interfering with the signal, inherent in any remote sensing system (i.e. its signalto-noise (SN) ratio).



Temporal Resolution: The temporal resolution of a sensor refers to the number
of images that may be acquired by the sensor over a given period of time. Also
referred to as the revisit time, repeat cycle, or time interval between
acquisitions, temporal resolution is an important factor to consider when
choosing a sensor, especially in the case of monitoring applications that require
frequent assessments of the current situation on the ground. Temporal
resolutions typically range from 15-30 minutes as in the case of geostationary
satellite sensors, up to 6-10 days as in the case of typical polar-orbiting satellite
sensors.

2.5.2. Multi- vs. Hyperspectral Sensors
In the above description of remote sensing resolutions, the distinction is made
between multispectral sensors that acquire spectral data in a few discrete spectral
bands and hyperspectral sensors that acquire data in several contiguous spectral
bands. The original definition of hyperspectral remote sensing (also often referred to
as ‘imaging spectrometry’) was provided by Goetz et al. (1985), who stated that
hyperspectral imaging refers to “… the acquisition of images in hundreds of
contiguous, registered, spectral bands such that for each pixel a radiance spectrum
can be derived.” Goetz (2009) later stated that the key defining characteristic is not
necessarily the number of spectral bands in which data are acquired but the contiguity
of these spectral bands and the resultant absence of ‘gaps’ in the data that may result
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in a potential loss of detail with regards to the relationship between reflectance at
adjacent wavelengths. This is demonstrated in the comparison between multi-and
hyperspectral data provided in figure 2.10.

Figure 2.9: A plot of some remote-sensing systems in a two-dimensional parameter space. The notations in
the graph refer to the sensor spectral regions: V = Visible, NIR = Near InfraRed, LWIR = Long Wave IR, MWIR
= Mid Wave IR, SWIR = Short Wave IR, and P = Panchromatic (Source: Schowengerdt, 2007)

Figure 2.10: A Comparison of Reflectance Spectra acquired by a Multispectral vs. a Hyperspectral Sensor
(Source: Goetz, 2009)
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In addition to the abovementioned higher level of spectral detail housed in
hyperspectral data, contiguous sampling by hyperspectral sensors holds certain
advantages over multispectral data such as the sufficient characterisation of the
atmosphere for the removal of radiance caused by atmospheric effects, the application
of correlation techniques for the comparison of pixel spectra with known reflectance
spectra housed in spectral databases, and the application of statistical tests to
estimate the relative proportions (or fractional abundances) of surface materials likely
to be present (or endmembers) within an area represented by a mixed pixel through
the process of spectral unmixing (also referred to as Spectral Mixture Analysis – SMA)
(Kasheva & Mustard, 2001; Kumar et al., 2003; Goetz, 2009).
There are also certain constraints associated with hyperspectral data, the most
notable of which lies in the large amounts of redundant data present within such a
dataset resulting from the high level of covariance between adjacent spectral bands.
It is for this reason that most hyperspectral endeavours, at some point, involve the
identification of wavebands that are most critical for the application at hand in order to
remove redundant wavebands from the remainder of the analysis (Abdel-Rahman et
al., 2013).

2.5.3. Field Spectroscopy for Remote Sensing
At this point it should be apparent that every pixel (regardless of its spatial or spectral
resolution) within a remotely sensed image is associated with a spectral response that
is somehow characteristic of the surface features present within the area represented
by the pixel (Kumar et al., 2003). One of the primary objectives of remote sensing has
been the characterisation of the spectral response of earth-surface materials at
ground-level using in situ methods to the end of scaling-up the information yielded
from such analyses from a fine scale to a pixel scale. This objective is made possible
through the practice of field spectroscopy (Milton et al., 2009).
Field spectroscopy refers to the measurement of electromagnetic interactions
between incoming solar radiation and in situ objects on the earth’s surface (McCoy,
2005). The practice of field spectroscopy (and much of the associated nomenclature)
has its origins in traditional spectroscopy, a branch of physics that concerns itself with
the absorption and emission of electromagnetic energy resulting from changes in the
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energy states of the chemical constituents of various materials when interacting with
incident energy, which then provides information with regards to its chemical
composition (Kumar et al., 2003; Kaur, 2009).
One of the main differences between traditional spectroscopy and the variant thereof
used in remote sensing research is that the latter is primarily (though not exclusively)
concerned with obtaining accurate measurements of reflectance, as opposed to
absorption and emission (Goetz, 2009). The interest of remote sensing researchers in
the measurement of reflectance (i.e. the proportion of the total energy incident upon
an object reflected back into the atmosphere) is a result of the variable nature of
illumination conditions and the subsequent variable nature of radiance measurements
observed in real world conditions, which created the need for a measure independent
of such variations (Kumar et al., 2003).
Field spectroscopy data are typically collected using hand-held spectrometers or
spectroradiometers that measure radiance or reflectance from target surfaces at a
variety of different spectral ranges and resolutions. In most cases the device is pointed
toward a surface of interest at a predetermined angle (generally nadir) and height that
determines the dimensions of its field of view (FOV). A spectral measurement is then
recorded from the surface as well as reference panel (a near-perfectly lambertian
reflector) relative to which reflectance may be calculated (Milton et al., 2009).

2.6. Spectral Characteristics of Vegetation for Remote
Sensing
The differences in spectral reflectance from different plants at certain wavelengths is
what lays the basis for the distinction of vegetation species within remotely sensed
images and ultimately the potential detection of weed-species found within croplands
(Asner, 1998; Zwiggelaar, 1998; Hestir et al., 2008; Shapira et al., 2013). Variability in
the spectral response of vegetation is determined by a certain set of physical and
biochemical controls.
Each of these physical and biochemical controls affect spectral reflectance at different
wavelengths. Figure 2.11 provides an example of a generalised spectral response
curve typically associated with the leaves of healthy green vegetation between 400nm
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and 2 500nm. This figure demonstrates that the effects of spectral absorption by leaf
pigments are mostly confined to the visible (VIS) portion of the electromagnetic
spectrum, water absorption mostly takes place in the wavelengths centred at 1 400nm
and 1 900nm, and physical controls typically influence reflectance in the Near-Infrared
(NIR) portion of the spectrum from 700nm to 1 400nm (Meyneni et al., 1995; Song et
al., 2011; McCoy, 2005; Lillisand et al., 2008).

Figure 2.11: Generalised Spectral Response Curve typically associated with Healthy Green Vegetation
(Source: McCoy, 2005)

2.6.1. Electromagnetic Absorption in the Visible & Red-Edge Region
2.6.1.1. Foliar Pigments and Electromagnetic Absorption
The reflectance characteristics observed in the leaves of green vegetation in the VIS
portion of the spectrum is principally controlled through selective absorption of visible
light by certain leaf pigments present within the plant. Most of these pigments are
located in the chloroplast-organelles found within the parenchyma cells that make up
the mesophyll layer just beneath the upper epidermis of the leaf. Figure 2.12 provides
a graphic representation of cross sections through the leaves of plants that make use
of two different photosynthetic pathways (C3 and C4). C3-plants generally include
higher-order temperate species such as wheat, sugar beet, soya and sunflower while
C-4 plants generally include sub-tropical species such as maize, sugar-cane and
sorghum (Kumar et al., 2003; McCloy, 2006).
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Figure 2.12: Cross-sections through typical C3 and C4 leaves showing the arrangement of upper and lower
epidermal layers containing stomata and the mesophyll layer consisting of palisade and spongy mesophyll
cells, airspaces and veins (Source: McCloy, 2006)

Foliar pigments act as photoreceptors that purposefully absorb incoming solar
radiation at particular wavelengths and process its energy and information content to
act as inputs for essential life processes such as photosynthesis (i.e. the conversion
of electromagnetic energy from the sun to chemical energy stored within organic
molecules), photomorphogenesis (i.e. the control of plant development activities
triggered by information housed within incoming electromagnetic energy) and
photoperiodism (the measurement of day length by plants determined from information
housed within incoming electromagnetic energy) (Kumar et al., 2003; Hopkins &
Huner, 2009). Table 2.3 summarises the most significant absorption pigments that
typically affect vegetation spectral responses, along with the wavelength ranges at
which they tend to absorb incoming solar radiation while figure 2.13 provides examples
of absorption spectra in the visible portion of the electromagnetic spectrum associated
with five different foliar pigments as well as liquid water. It is the combined effect of
these and other foliar pigments that give vegetation its unique reflectance properties
in the VIS-region. (Gates et al., 1965; Zwigellaar, 1998; McCloy, 2006).
2.6.1.2. Vegetation’s Red Edge
The red edge of the spectral response of vegetation may be defined as the point of
maximum inflection in the slope brought about by the strong absorption contrast that
occurs in the zone of transition between the VIS and NIR regions of the
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electromagnetic spectrum (Collins, 1978). The exact wavelength at which this
inflection point occurs is referred to as the Red-Edge Position (REP), a parameter that
has shown strong relationships with biochemical variables such as chlorophyll,
nitrogen and moisture content and has, as a result, been studied extensively in relation
to the application of remote sensing techniques to detect and quantify vegetation
stress (Filella & Penuelas, 1994; Kumar et al., 2003).
Table 2.3: Summary of the absorption pigments that have the most prominent effects on leaf spectral
reflectance (Adapted from Zwiggelaar, 1998)

Absorption Pigment

Affected Wavelengths

Chlorophyll a

435nm, 670-680nm, 740nm

Chlorophyll b

480nm, 650nm

α-carotenoid

420nm, 440nm, 470nm

β-carotenoid

425nm, 450nm, 480nm

Anthocyanin

400-550nm

Lutein

425nm, 445nm, 475nm

Violaxanthin

425nm, 450nm, 475nm

*Water

970nm, 1450nm, 1944nm

Figure 2.13: Absorption Spectra Associated with Commonly Occurring Foliar Pigments in the Visible Region
of the Electromagnetic Spectrum (Source: Sims & Gamon, 2002)

The strong relationship with biochemical concentrations mentioned above is a result
of two key factors: the red chlorophyll absorption peak occurring at approximately
680nm (refer to figure 2.13) and a high level of scattering in the NIR wavelength
regions resulting from internal leaf structure, water-content, and surface variations. It
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follows that an increase or decrease in chlorophyll content (which is often associated
with nitrogen-content) would result in a deepening or flattening in the reflectance
minimum for plants at 680nm thereby influencing the point where the red-edge slope
is at its steepest. Similarly, an increase or decrease in water-content would result in
an alteration in the amount of internal scattering of incident NIR-radiation that occurs
within the leaf (this will be further discussed in the section that follows), also influencing
the point of maximum slope (Filella & Penuelas, 1994; Sims & Gamon, 2002).
According to Sims & Gamon (2002), one of the major advantages of using the REP
for the study of vegetation parameters as opposed to using direct reflectance and/or
vegetation indices is that it is less sensitive to variations in reflectance brought about
by factors such as leaf or canopy surface structure and background interference,
thereby allowing for the more effective study of vegetation parameters in plants with
different physical characteristics.

2.6.2 Electromagnetic Transmittance, Scattering and Reflectance in
the Near-Infrared Region
Whereas electromagnetic interactions in the VIS-portion of the spectrum are mainly
controlled by the action of foliar pigments, in the NIR portion of the spectrum it is
principally controlled by cell structure, water-content, the presence of organic
compounds such as cellulose, starch, lignin and various proteins, and the presence of
discontinuities in the refractive index within leaves (Zwiggelaar, 1998; Van der Meer,
2003). Furthermore, the high level of spectral absorption observed in the VIS
wavelength-region stands in sharp contrast to electromagnetic interactions in the NIRregion which are dominated by transmittance and reflectance with a mere four to five
per cent of incident radiation in these wavelengths typically absorbed and the
remaining energy either transmitted or reflected (Kumar et al., 2003).
The reason for this is because plants have evolved to encourage the accumulation of
pigments that absorb energy specifically in the wavelength ranges between 400nm
and 700nm as it coincides with the wavelength range of maximum spectral exitance
emitted by our sun, thereby optimising the utilisation of incident electromagnetic
radiation in a similar manner to which the mammalian eye has evolved to be most
sensitive to energy fluctuations in this particular spectral range (Lillisand et al., 2008;
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Hopkins & Huner, 2009). Furthermore, it has been suggested that the specific energy
characteristics of wavelengths outside of this range are of such a nature that too much
absorption in these wavelengths could be potentially damaging to plant cells (Gates
et al., 1965; Zwiggelaar, 1998). For this reason, plants have evolved mechanisms to
protect it from excess potentially harmful radiation. The xanthophyll-cycle, for example,
through the action of carotenoids acts by dispersing incoming solar radiation in the
ultraviolet (UV) and VIS-wavelengths that are in excess of that needed for
photosynthesis while anthocyanins (which scatter light in the pink, purple and red
wavelengths) tend to act as light-screens that protect leaves from excess visible light
in addition to acting as antifungal compounds (Sims & Gamon, 2002).
Similarly, discontinuities in the refractive index of structures within the leaf, especially
within the mesophyll layer protect the leaf from incoming solar radiation in the NIRwavelengths though the action of scattering. Scattering tends to favour reflectance
and will typically increase with the number of air/water/cell-wall interfaces through
which incident radiation will travel during its passage through the leaf. For this reason,
leaves with tightly packed parenchyma cells or intercellular spaces filled with water in
the mesophyll layer will exhibit higher transmittance and lower reflectance than leaves
with spongy mesophyll and more intercellular air-spaces, which would increase the
number of discontinuities in the refractive index and therefore increase scattering and
reflectance (Gates, 1965; Zwiggelaar, 1998; Kumar et al., 2003; Campbell et al, 2008).

2.6.3. Electromagnetic Absorption in the Shortwave-Infrared Region
As shown in figure 2.11, reflectance of electromagnetic energy in the Shortwave
Infrared (SWIR)-region between 1 300nm and 2 500nm is principally controlled by
strong water absorption features centred at 1 200nm, 1 450nm, 1 940nm and 2 500nm.
Certain leaf biochemicals including lignin, starch and cellulose, various proteins and
nitrogen also tend absorb incident radiation at specific wavelengths throughout the
SWIR-region. The result of this absorption, however, is generally obscured due to the
carry-over effect of the strong water absorption features (Kumar et al., 2003).
According to Asner (1998), while the effects of water-absorption on reflectance in this
region is well known, the quantification of the relative importance of water and other
leaf biochemicals is difficult to quantify.
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2.6.4. External Influences on Vegetation Spectral Reflectance
In addition to the abovementioned factors that determine the spectral responses of
vegetation at leaf-level, certain external factors that have an influence on spectral
responses at canopy-level and therefore the signal that would eventually reach a
satellite or airbourne sensor must be taken into consideration. Leaf-surface features
such as leaf hairs and waxy cuticles, for example, may enhance direct reflectance of
light from the surface of the leaf. Leaf hairs tend to increase reflectance in the VISwavelengths while their effect in the NIR-wavelengths have been shown to be highly
variable while waxy cuticles tend to promote direct specular reflectance (which is
highly influenced by geometric factors such as solar and sensor azimuth angles)
across the entire visible-to-Near-Infrared (V-NIR) spectral range (Sims & Gamon,
2002; Kumar et al., 2003). Other external factors that have been found influence
vegetation spectral responses include: spatio-temporal variations in leaf-reflectance,
multiple scattering effects, mixed spectral responses, soil-background interference, bidirectional reflectance distribution, Leaf Area Index (LAI) and Leaf Angle Distribution
(LAD) (Asner, 1998; Zwiggelaar, 1998). These factors are discussed in the sections
that follow.
2.6.4.1. Spatio-Temporal Variations
The first external factor that may have an influence on vegetation spectral responses
is related to the potential changes in vegetation spectra resulting from spatio-temporal
variations in physical and biochemical vegetation characteristics. Simply put, the
spectral reflectance from the leaf of a plant would typically change as the plant ages,
and plants of the same species and same growth stage occurring in different locations
are also likely to have slightly different spectral signatures (Zwigellaar, 1998). This
effect was demonstrated by Gates et al. (1965) using spectral data collected from
Quercus alba leaves throughout the growing season. As shown in figure 2.14, drastic
changes in spectral reflectance were associated with phenology, especially in the VISwavelengths. The deepening of the red absorption feature and narrowing of green
reflectance is associated with the initial transition between the production of
protochlorophyll and chlorophyll a & b, and further changes in the VIS-range are
associated with the accumulation of pigments within the plant-leaf as it ages (McCloy,
2006).
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Figure 2.14: Changes in Spectral Reflectance associated with ageing of Quercus alba leaves throughout the
growing season (Source: Gates et al., 1965; McCloy, 2006)

The temporal component of this factor is of particular importance for weed detection
applications as the ultimate success of such endeavours is highly influenced by the
timing at which they are undertaken (Shapira et al., 2013). The reason for this is
because there exists a precise timeframe during which agricultural crops must be kept
weed-free, a period known as the Critical Period for Weed Control (CPWC). And
although the CPWC varies according to the crop in question and a variety of physical
and environmental factors, it typically occurs early in the growth season when,
evidently, the rate of change in spectral reflectance from plant leaves is at its highest.
Careful planning is therefore of paramount importance to ensure that the effect of
temporal variation is minimised (Zwigellaar, 1998; Halford et al., 2001; Isik et al.,
2006). Spatial variation in weed-spectral reflectance is somewhat less pronounced yet
still relevant due to the potential effect that heterogeneous nutrient conditions, species
compositions and therefore species interactions that may have an influence on the
spectral reflectance of crops and weeds in a single image scene (Zwigellaar, 1998;
Zimdahl, 2007).
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2.6.4.2. Multiple Scattering in Stratified Vegetation
Based on the description of NIR-reflectance due to cell structure, water content and
the presence of intercellular air-spaces in the mesophyll layer of leaves, it should
follow that in a scenario where multiple layers of plant leaves are present at canopylevel, incident solar radiation may be transmitted through one layer but reflected from
the next, drastically increasing the amount of reflected energy in the NIR-portion of the
spectrum within the bounds of a particular image pixel. Studies have shown that the
effect of multiple transmittance and reflectance may only reach saturation at
approximately six to eight layers of vegetation (Liang, 2004; McCloy, 2006). The
signals received from different pixels with similar species composition would therefore
exhibit a high level of variation based on the number of stacked vegetation layers
present within each (Kumar et al., 2003; Lillisand et al., 2008).
This effect is portrayed graphically in figure 2.15, which shows changes in spectral
reflectance associated with the stacking of multiple maize leaves. The figure shows a
major increase in NIR-reflectance with consecutive stacks while reflectance in the VIS
and red-edge wavelengths remains relatively unaffected (McCloy, 2006).

Figure 2.15: Spectral response curve illustrating the Multiple Scattering Effect resulting from the stacking of
Zea mays leaves (Source: McCloy, 2006)
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2.6.4.3. Mixed Spectral Responses
The third external factor that will be discussed here has already been alluded to in the
discussion regarding spatial resolution in Section 2.5.1 and is that of mixed spectral
responses. The two-dimensional ground surface represented by an image pixel would
typically contain a mixture of disparate materials (e.g. different vegetation types or
species, different soil types or soils with different moisture conditions in the soil
background), resulting in a mixed spectral response determined by the proportion of
the particular pixel occupied by each individual constituent (Kasheva & Mustard,
2001).
As mentioned earlier, this problem is commonly dealt with through the application of
spectral unmixing procedures which estimate the fractional abundances of
endmembers within an area represented by a mixed pixel based on a comparison
between the spectral response observed in the pixel and a set of endmember spectral
responses used as inputs for the unmixing procedure (Kasheva & Mustard, 2001;
Goetz, 2009). The accuracy with which the eventual output of such an analysis is able
to represent the real-world surface is highly influenced by the manner in which spectral
reflectance from constituent materials is assumed to interact to produce the ultimate
response (i.e. the mixture model) and the source of spectral responses used as input
endmember spectra (Kasheva & Mustard, 2001; Somers et al., 2011).
The two main classes of spectral mixture modelling are linear and non-linear. Linear
Mixture Models (LMM) assume that each incident unit of electromagnetic energy (i.e.
photon) interacts with a single pixel constituent in isolation (thereby disregarding the
effect of multiple scattering) whereas Non-Linear Mixture Models (NLMM) assumes
that multiple scattering will occur between at least two of the constituents (Kasheva &
Mustard, 2001; Somers et al., 2011).
A spectral mixture analysis operating under the assumption of a linear model would
therefore treat each mixed spectral response as a weighted linear combination of its
constituent spectra whereas one operating under the assumption of a non-linear
model would treat mixed signals in a much more complex manner and would require
equally more complex input information. As an example, for a LMM it would be
sufficient to make use of reflectance spectra sourced from a known spectral library or
pure spectra collected in the laboratory or in the field using a ground-based
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spectroradiometer as endmember spectra whereas for a NLMM it might be necessary
to simulate spectral responses for various scenarios (i.e. various proportions of
constituents) that may occur in a real-world scenario. Alternatively, endmember
spectra may be generated through radiative transfer models or extracted from image
pixels using endmember extraction techniques such as the Pixel Purity Index (PPI)
(Kasheva & Mustard, 2001; Somers et al., 2011).
2.6.4.4. Bi-Directional Reflectance Distribution
At canopy level, plants act as anisotropic scatterers, i.e. incoming solar radiation is not
reflected equally in all directions (Kumar et al., 2003). Satellite or airbourne sensors
will, therefore, often receive different signals from the same location at different
overpasses as a result of changes in the viewing and illumination geometry. Attempts
have been made to describe this effect mathematically using the Bi-directional
Reflectance Distribution Function (BRDF), which is defined as the ratio between
spectral radiance reflected into a particular direction originating from the direction of
incidence, to the total spectral irradiance from a particular direction (Nicodemus et al.,
1977; Ni & Li, 2000).
The BRDF therefore attempts to calculate the portion of electromagnetic energy
incident upon a particular surface from every possible angle, reflected from the same
surface at every possible angle (Ni & Li, 2000; Kumar et al., 2003). Although the BRDF
is a highly relevant topic in the field of Remote Sensing at the time of writing, taking
into consideration that the factors that would typically affect the directionally dependent
component of reflectance from a vegetation canopy (i.e. lighting conditions, viewing
angle, canopy geometry, and polarisation effects) are mostly normalised in the present
study (refer to the methodology section in Chapter 3) no further attention will be given
to the topic of BRDF in this discussion.
Up until this point in the chapter the discussion has been centred around the nature of
remote sensing with particular focus on the potential application thereof in the
assessment of vegetation parameters. An overview of vegetation optical properties
has been provided, especially with regards to those properties that would have a
significant effect on the range of applications suitable in a remote sensing environment
at multispectral, hyperspectral and in situ spectroscopy level while the implications that
these factors would have in weed-detection scenarios have only been alluded to.
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The section that follows is aimed at providing an overview of the manner in which the
vegetation characteristics discussed in this section may be taken advantage of in a
weed detection scenario by discussing examples of studies that have successfully
distinguished between vegetation species at leaf- and canopy-level using data
collected through in situ field- and laboratory based spectroscopy as well as multi-and
hyperspectral image sensors. Several of the works that will be mentioned are not
specifically related to the detection of agricultural weeds per se, however remain
relevant in the sense that their objectives align with those of the present study, i.e. to
identify significant differences in reflectance spectra associated with different
vegetation species to the end of detecting said species in remotely sensed data.

2.7. Remote Sensing Applications for Plant-Species
Discrimination and Weed Detection
2.7.1. Potential Applications for Plant-Species Discrimination and
Mapping
With the identification of physical and biochemical controls over vegetation spectral
responses at leaf- and canopy-level and the rapid development of remote sensing
tools for vegetation studies, especially airbourne and satellite hyperspectral sensors,
agriculture has become one of the main fields of application for remote sensing
research (Asner, 1998; Kumar et al., 2003).

The improved level of detail that

accompanied the recent advancements in the improved spatial and spectral
resolutions of aerial and satellite multi-and hyperspectral sensors has sparked much
interest in the potential detection and mapping of plant species based on pixel-level
spectral responses for ecological and agricultural applications (Lamb & Brown, 2001;
Yao & Weng, 2013) and researchers have been able to successfully discriminate
between plant species using leaf-level spectral reflectance, canopy-level spectral
reflectance and remotely sensed hyperspectral data (Sobhan, 2007).
Figure 2.16 shows the wavelength regions most suitable for the leaf-level spectral
discrimination of two tree species yielded from a study by Sobhan (2007), which
involved the application of four different statistical techniques (Mann-Whitney U-test,
Principal Component Analysis, Stepwise Discriminant Analysis and a Genetic Neural
Network approach) to identify those spectral regions that would potentially maximise
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the discrimination of 26 different tree species. The study was able to delineate seven
narrow regions throughout the V-NIR and SWIR-ranges most appropriate for such
applications. Note the high level of potential spectral distinction found in the principle
water absorption bands centred at 1 400nm and 1 900nm (which would not be
detectable at either canopy or image levels due to atmospheric scattering effects) as
well as the high level of potential spectral distinction in the longer wavelengths of the
SWIR-region, which may have been a result of differences in leaf-biochemicals such
as lignin, starch, nitrogen or various proteins, but which may have also resulted from
differences in leaf-water content as discussed in the previous section (Kumar et al.,
2003; Sobhan et al., 2007).

Figure 2.16: Median Reflectance Spectra for Acer campastre (smooth line) and Carpinus orientalis (dashed
line) with wavelengths where statistically significant differences in reflectance associated with the two
species were identified shaded in grey (Source: Sobhan, 2007)

Whereas the abovementioned research was

concerned with the spectral

discrimination of plant-species based on leaf-level reflectance, other researchers have
been interested in determining whether such differences could also be detected at
canopy-level, where the external factors that influence vegetation spectral responses
(as discussed in the previous section) would play a prominent role in the potential for
species discrimination (Asner, 1998; Cho et al., 2008; Li et al., 2012).
Asner (1998), for example, made use of spectral reflectance data collected from plant
leaves as well as soil and non-photosynthetic vegetation (NPV) such as woody stems
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and litter in combination with radiative transfer models to assess the relative
contributions of such variables as well as canopy structural characteristics (such as
LAI and LAD) to canopy-level spectral reflectance. It was found that the structural
characteristics of the vegetation canopy had the smallest effect on reflectance in the
VIS-region, where the presence of NPV had a significant impact, and the most
pronounced effect in the NIR-region, where reflectance appeared to be mostly
controlled by LAI. Furthermore, it was shown that leaf-level reflectance characteristics
was best translated to canopy level where LAI was high and that the role of leafbiochemicals on spectral reflectance was typically underrepresented where LAI was
low.
Figure 2.17 provides examples of spectra collected at leaf- and canopy levels in a
study by Cho et al. (2008), who tested the performance of the REP and selected
vegetation indices for the potential spectral discrimination of six different tree and
shrub-species at leaf and canopy-level and concluded that species discrimination
using these methods was more efficient at canopy level than at leaf level, potentially
due to the inherent differences between different plant species at canopy-level.

Figure 2.17: Mean Leaf-and Canopy reflectance for six plant-species (Source: Cho et al., 2008)
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Further investigations onto the potential detection of vegetation species have involved
the use of airbourne or satellite hyperspectral data to test this application at imagelevel. Hestir et al. (2008), for example, demonstrated the detection of invasive species
in wetland ecosystems using aerial hyperspectral data in combination with groundtruthing GPS-data that were used to delineate areas occupied by invasive plants thus
enabling the extraction of pure endmember pixels from the images acquired. The
spectral responses extracted from these pure pixels made it possible to apply known
image-processing algorithms such as hyperspectral narrow-band vegetation indices,
Spectral Mixture Analysis (SMA) and Spectral Angle Mapper (SAM) to produce maps
that showed areas where these endmembers were most likely to be located in the
field. The study showed that emergent wetland vegetation could be mapped relatively
accurately, but was made difficult by the following key constraints which are very much
relevant for weed detection applications: 1) variability in illumination and sensing
geometry, 2) pixel constituent variability (i.e. mixed spectral responses), and 3)
spectral variability associated with phenological changes.
Whereas the study by Hestir et al. (2008) relied solely on reflectance spectra extracted
at image level for the spectral discrimination between vegetation species, Van Aardt
& Wynne (2007) provides an example of vegetation species mapping from
hyperspectral airbourne imagery based on successful spectral discrimination results
obtained from the analysis field spectroscopy data collected at canopy level in a
previous study by Van Aardt & Wynne (2001). Van Aardt & Wynne (2001) made use
of general discriminant analysis techniques to identify those wavebands most
appropriate for the spectral discrimination of six tree-species. Three of these species
were shown to be spectrally separable to an accuracy of 83 per cent. The results
obtained in this study were then scaled up to image-level by Van Aardt & Wynne
(2007) who made use of hyperspectral data acquired using the airbourne
visible/infrared imaging spectrometer (AVIRIS) sensor. The optimal spectral bands
identified in the earlier study were used as inputs for linear and canonical discriminant
procedures used for the visual separation of spectral responses at pixel-level. Results
showed that the species involved could be accurately identified at image-level to an
accuracy of up to 85 per cent, demonstrating that results from field spectroscopy
studies may successfully be scaled-up to image level (Van Aardt, 2001; Van Aardt,
2007).
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2.7.2. Potential Applications for Weed-detection
Studies concerned with the potential detection of agricultural weeds based on ground
level field spectroscopy or image data have typically employed similar methodologies
to the studies mentioned above and have involved the identification of optimal wavebands or wavelength-regions for the detection of particular weed-species at leaf- and/
or canopy level, or the potential application of vegetation indices or statistical
transformations with the intention of upscaling these results to pixel-level (Gray et al.,
2009; Shapira et al., 2013).
Gray et al. (2009), for example, investigated the potential detection of six broad-leaf
weeds in soybean crops based on leaf-level spectral reflectance. Data were
transformed using hyperspectral vegetation indices, principle component analysis
(PCA) and Best Spectral Band Combinations (BSBC) and statistically analysed using
Linear Discriminant Analysis (LDA). The results showed that the BSBC-approach
produced the highest level of significance and that three of the highest performing
band-combinations occurred in the SWIR-region of the electromagnetic spectrum.
Some of the key constraints to the potential detection of weeds in agricultural crops,
especially with regards to row-crops, are related to the external influences that
determine the spectral response of vegetation (i.e. spatio-temporal variations, multiple
scattering effects, mixed spectral responses and bidirectional reflectance distribution
as discussed earlier in this chapter) which often have a compound-effect in studies
interested in this particular application (Zwiggelaar, 1998; Shapira et al., 2013). For
example, it has already been stated that the CPWC generally occurs during the early
stages of a growth season, resulting in a narrow window-period for ground and image
data collection (Halford et al., 2001; Isik et al., 2006). It is usually during this time
period when the changes in spectral responses of vegetation is at its most rapid (Gates
et al., 1965; Zwiggelaar, 1998), which also coincides with the time period in which
spectral interference from the soil background would still be relatively high, especially
in row-crops (Shapira, et al., 2013). At this point, the selection of remote sensing data
most suitable for such an endeavour becomes more and more specific in terms of
spatial and spectral resolution as well as the timeliness and availability of remote
sensing data (Lamb & Brown, 2001; Van der Meer, 2003).
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The abovementioned constraints to this particular application of remote sensing have
led some authors to conclude that it would not be possible to accurately detect
agricultural weeds based on spectral reflectance alone (Zwiggelaar, 1998) and has
resulted in the pursuit of manners in which to deal such constraints becoming one of
the key objectives of remote sensing studies concerned with the detection of
agricultural weeds.
In an attempt to address the potential impacts of mixed spectral responses that may
be present within an image pixel, Shapira et al. (2013) made use of leaf- as well as
canopy-level spectral data to investigate its potential application for weed detection in
wheat and chickpea fields using general discriminant analysis. Figure 2.18 provides a
comparison of spectral response curves associated with robust groupings of weeds in
the above-mentioned study. Key differences between leaf-and canopy-level
reflectance shown in this example are the overall higher reflectance in the leaf-spectra
as compared to the canopy-spectra and the high level of reflectance variability in the
SWIR-region present at canopy level but not at leaf-level. It was found that the
potential for the discrimination of individual weed-species was very high at leaf-level
and more robust (i.e. grass weeds vs. broad-leaf weeds) at canopy-level and that the
red-edge region was especially useful for successful crop-weed discrimination
canopy-level.

Figure 2.18: Comparison of spectral response curves associated with robust groupings of weeds in the study
by Shapira et al. (2013) (Source: Shapira et al., 2013)

Koger et al. (2004) used a different approach to testing the potential effect of mixed
spectral responses whereby reflectance spectra were collected from the leaves of
soybean and pitted morningglory (Ipomoea lacunosa) plants as well as soil. Mixed
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responses were simulated through the linear mixing of the pure spectra. The study
also tested the potential effect of phenological changes by repeating this method for
various growth-stages. Results showed a high level of potential spectral discrimination
of different treatments regardless of the particular growth-stage.
Weed-detection researchers have also shown much interest in the potential use of
multispectral remote sensing data for this particular application. The above-mentioned
study by Shapira et al. (2013) also involved the resampling of reflectance spectra to
the spectral resolutions of two multispectral satellite sensors, the Advanced Land
Manager (nine spectral bands throughout the V-NIR region with a spatial resolution of
30m) and the forthcoming Vegetation and Environmental Monitoring on a New MicroSatellite (VENμS) (twelve spectral bands throughout the V-NIR region with a spatial
resolution of 5.3m) with the intention of testing the potential effect of spectral
generalisation associated with multispectral data. Similar results were obtained from
the analysis of data resampled to the spectral band designations of the two sensors
and it was concluded that the latter of the two sensors would be most appropriate for
this application due to its higher spatial resolution.
In a review of the potential application of remote sensing data for weed detection,
Lamb & Brown (2001) documented studies conducted by researchers who, at that
time, had attempted make use of multispectral data to detect weeds in seedling
agricultural fields. These studies included the works of Christensen et al. (1994) and
Lamb & Weedon (1998), who argued that it would be possible to infer the presence of
weeds in seedling crops by distinguishing between vegetated and non-vegetated
pixels in inter-row spacings. It is important to note that such an approach would require
imagery with a sufficiently high spatial resolution to accurately characterise inter-row
spacings and that the assumption of vegetated pixels in inter-row spacings is highly
generalising and would have to be interpreted with a great deal of caution (Lamb &
Brown, 2001). By using such an approach, it may be possible to mask out the nonvegetated pixels and attempt to further classify the vegetated pixels based on spectral
reflectance.
It is also noteworthy that the review by Lamb & Brown (2001) was written at a time
when the highest available spatial resolution for a satellite sensor was that of IKONOS,
which had a panchromatic resolution of 1m and a multispectral resolution of 4m and
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the commercially available satellite data had spatial resolutions ranging from 20m to
up to 1km (Lamb & Brown, 2000). Currently available satellite data from, for example,
the WorldView-2 (WV2) sensor have spatial resolutions of up to 0.46m (Panchromatic)
and 1.85m (multispectral) with eight spectral bands covering the V-NIR spectral
region, thereby drastically improving the potential capabilities of such approaches
(DigitalGlobe, 2013).
The potential use of airbourne multispectral imagery has also been demonstrated by
authors such as Koger et al. (2003) and Pena et al. (2013). Koger et al. (2003) made
use of 1m spatial resolution multispectral imagery collected in three spectral bands
(green, red and NIR) acquired over experimental soybean plots with varying levels of
weed-infestations. Discriminant analysis models were used for the classification of
image pixels and it was found that different weed infestations could be successfully
differentiated to an accuracy of between 78 and 90 per cent.
Pena et al. (2013) demonstrated the potential application of very high spatial resolution
multispectral data acquired from an Unmanned Aerial Vehicle (UAV) platform for the
detection of weed infestations at very early growth stages using object based image
analysis (OBIA). The data were collected in six spectral bands (3 green, 1 red and 2
NIR bands) at a spatial resolution of 2cm and used as inputs for an OBIA classification
that takes into account crop-row orientation, identification of vegetated objects (making
use of the Normalised Difference Vegetation Index (NDVI)), object size (i.e. forming
part of the crop row vs. large objects not conforming to the general orientation of crop
rows), and the classification of objects based on spectral reflectance. The end-result
was a highly detailed weed-infestation map (shown in figure 2.19) with an accuracy of
86 per cent.
Although the study by Pena et al. (2013) is somewhat removed from scope of the
present study it does demonstrate the potential value that may be added to similar
applications by improved spatial resolutions and the potential inclusion of variables
other than spectral reflectance, a factor that may become increasingly relevant with
the advancements in UAV-technology as well as the trends currently observed in
satellite multispectral data. Lamb & Brown (2001) noted that the next generation of
improved spatial resolution multispectral satellite sensors, with the anticipated
improvements in spectral resolution, image turn-around time and revisit frequencies
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could play a significant role in the use of multispectral remote sensing for weed
detection.

Figure 2.19: Partial view of the outputs of the OBIA procedure at each step: a) segmentation outputs at
scales of 140 (in blue) and 10 (in black), used to calculate row orientation and define vegetation objects,
respectively; b) classification of objects of vegetation and bare soil ; c) definition of the crop row structure
(in black); d) classified image with crop, weeds and bare soil; e) grid framework of the inter-row area; f)
weed coverage map showing three levels of infestation (low, moderate and high), crop rows and weed-free
zones (Source: Pena et al., 2013).
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2.7.3. The New Generation of Multispectral Satellite Sensors
This new generation of multispectral satellites was initiated by the launch of the
IKONOS sensor by Satellite Imaging Corp in partnership with Lockheed Martin in the
United States. This sensor collects imagery in four multispectral bands (red, green,
blue and NIR) at a spatial resolution of 4m and a revisit-frequency of five days. This
was followed by the launch of the Quickbird sensor by DigitalGlobe Inc. in 2001, which
collects imagery in similar spectral bands to that of IKONOS, however at a spatial
resolution of 0.6 m - 2.4m and has a revisit frequency of one to three days (Mula et al,
2013).
Another major breakthrough in the advancement of multispectral remote sensing was
the launch of the RapidEye-constellation of five satellite sensors capable of providing
daily coverage at a spatial resolution of 6.5m. In addition to the improved revisit time,
the RapidEye sensors collect spectral data in an additional narrow spectral band
(690nm - 730nm) referred to as the red-edge band, sensitive to variations in red-edge
spectral variations which is especially important for the potential spectral
characterisation of vegetation (Mula et al., 2013).
The launch of the WV2 sensor by DigitalGlobe Inc. in 2009 signified a major
advancement on the potential application of multispectral sensor data. This satellite
sensor was the first of its kind which, in addition to the traditional blue, green, red and
NIR bands, included an additional four spectral bands in the V-NIR range strategically
placed to improve the spectral characterisation of particular earth-surface features and
atmospheric phenomena, and collected multispectral data at a spatial resolution of
1.84m (Oumar & Mutanga, 2013).
In addition to the ‘red edge’ band also included in the RapidEye sensors, WV2’s
‘coastal blue’ band collects spectral data between 400nm and 450nm and coincides
with the chlorophyll absorption feature found in the blue wavelengths of the VISspectrum and is aimed at improving the spectral characterisation of vegetation.
Furthermore, the ‘yellow’ band collects data in the wavelength range 585nm – 625nm
and is aimed at detecting differences in the ‘yellowness’ of vegetation while the ‘NIR2’ band (860nm – 1040nm) slightly overlaps with the traditional NIR multispectral band,
however is less affected by atmospheric interference. In addition to the improved
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spectral resolution associated with the WV2 sensor, it also includes a panchromatic
band that collects data at a spatial resolution of 0.46m, providing further opportunities
for the inclusion of alternative classification methods such as texture classification,
image segmentation and OBIA (DigitalGlobe, 2010; Oumar & Mutanga, 2013).
The WorldView-3 (WV3) sensor was launched by DigitalGlobe in August, 2014 and
further signifies the advancement of multispectral remote sensing. It includes all eight
of the multispectral bands of WV2 with the addition of eight narrow-bands in the SWIRregion. These additional SWIR bands are expected to be able to penetrate
atmospheric interferences such as haze, fog, smoke and dust and coincides with
absorption features typically associated with commonly occurring minerals on the
earth’s surface. In addition to the added potential for geological mapping, it is
anticipated that the addition of these bands may also contribute significantly to the
study of vegetation (DigitalGlobe, 2013).

2.8. Synthesis
The intention of the discussions contained within this literature review has been to gain
a deeper understanding of the theoretical framework within which the current research
problem and its associated aims and objectives have been formulated. The
conclusions that may be drawn from this literature review are summarised in the
sections below.
Maize is and has historically been considered a staple food throughout the African
continent (especially in southern Africa), an earner of foreign exchange for South
Africa, and a major player in the South African and global economies. South Africa
has historically been a net exporter of maize and is considered a major producer of
maize globally, producing approximately 12 million tonnes of maize in the 2012 growth
season. The majority of maize produced in South Africa is grown in the Free State
province under both rain fed and irrigation conditions.
Weeds may exert a significant effect on crop production through a variety of manners
such as competition, allelopathy, interference with agricultural activities and
contamination of food-stuffs and, if left unmanaged, could result in massive financial
losses on various scales. The majority of weed-control strategies in modern
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commercial agriculture makes use of herbicides to control the abundance of weeds in
agricultural crops. Herbicides are produced on massive scales and generate
significant financial revenues in the global economy, demonstrating the importance of
herbicides and the extent to which it is integrated into current agricultural practices
throughout the world.
A large amount of evidence has come to light that the continuous application of
herbicides to agricultural crops may have adverse environmental effects on
surrounding natural and semi-natural ecosystems. These adverse effects may include:
contamination of ground and surface water, interference with plant biodiversity and
reproductive cycles, and toxicological effects on non-target organisms such as
arthropod and fish communities. Concerns have also been raised with regards to the
potential effect of herbicide resistance development among various weed species and
the potential impacts that this may have on the efficacy of current weed management
practices and agricultural productivity. These effects, in combination with the
increasing trends currently observed in the costs of agricultural inputs has created a
need for novel approaches to the management of weeds.
The recognition of within-field spatial variability of crop characteristics, in particular the
occurrence of weeds in patches throughout agricultural fields, has sparked the
development of highly sophisticated technologies aimed at the spatially variable
application of herbicides. The operational success and financial viability of the
adoption of such technologies is, however, highly dependent on the provision of spatial
information capable of accurately delineating weed distributions in a cost-effective and
timely manner. A potential solution to this problem may be provided by remote
sensing, which, through the analysis and interpretation of spectral data acquired from
an aerial or satellite platform based on the knowledge of the manner in which
electromagnetic radiation interacts with vegetated surfaces with different physical and
biochemical characteristics, may be capable of producing such valuable information.
The spectral responses associated with vegetated surfaces are principally controlled
by the presence of foliar pigments, leaf biochemicals, leaf surface structure, leaf cell
structure and water content at leaf-level, and by external factors such as spatiotemporal variations in leaf-reflectance, multiple scattering effects, mixed spectral
responses, soil-background interference, bi-directional reflectance distribution, LAI
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and LAD at canopy-level. Knowledge of the optical properties associated with
individual plant species resulting from the abovementioned factors provide the basis
for the spectral characterisation of individual plant-species and ultimately the detection
of individual weed species in agricultural crops.
Researchers have been able to successfully distinguish between plant species based
on leaf- and canopy-level reflectance as well as the classification of multi- and
hyperspectral remote sensing images. The methodologies employed in such studies
have typically involved the application of statistical tests to identify the optimal
wavebands for spectral discrimination, the testing of various vegetation indices to
distinguish between species and the classification of multi-and hyperspectral remote
sensing imagery to map populations of individual species. Similar approaches have
been made difficult for researchers interested in the detection of weeds in agricultural
crops due to the high level of dependence on early season results associated with
such endeavours and the associated narrow window period for data collection, highly
variable nature of spectral responses associated with early growth stages, and soilbackground interference at pixel-level. This has resulted in weed detection research
often attempting to develop manners in which to deal with such constraints.
Recent advancements in satellite multispectral sensor technology has sparked new
interest in the potential application of high resolution multispectral data for the
detection of weeds in agricultural fields and has, in addition to the added potential for
spectrally discriminating between plant species owing to improved spectral
resolutions, opened the door for the addition of techniques other than spectral
separation such as image segmentation, texture analysis and OBIA.
It is therefore necessary in the present study to, firstly, test the spectral separability of
individual weed species, identify those wave-bands most appropriate for the unique
characterisation thereof and determine the potential use of additional spectral
characteristics such as the red-edge for the spectral discrimination between species.
Secondly, it is necessary to determine the extent to which the spectral characterisation
of individual species may be translated to canopy level, especially where LAI is low,
which would be the case in early growth stages. Finally, in order to determine the
extent to which species may be characterised based on multispectral reflectance, it is
necessary to determine the presence of significant differences between reflectance
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from individual species at the wave-bands associated with high-resolution
multispectral sensors as a starting point for investigations into the potential application
of data acquired by such sensors for the delineation of weed-infestations in agricultural
crops.
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CHAPTER 3
Materials & Methods
3.1. Introduction
This chapter will provide a description of the procedures followed for the collection,
processing and analysis of data employed in the present study. The first section will
provide a description of the study area, its location, physical geographical and landuse characteristics as well as the field conditions in the study area during the collection
of data throughout the 2013/2014 growing season. The second section will provide a
detailed description of the methods employed for the collection of leaf- and canopy
spectral reflectance data as well as the equipment used for data-collection. Finally, the
third and fourth sections of this chapter will discuss the pre-processing and analytical
procedures followed in the analysis of spectral data collected along with the results
from statistical procedures employed during the preparation and pre-processing of
data that would have had an influence on the selection of statistical testing procedures
and decisions made throughout the analysis and interpretation of data.

3.2. Description of the Study Area
3.2.1. Location
The study area is situated in the central part of the Free State Province of South Africa,
just north of the city of Bloemfontein in the Mangaung Metropolitan Municipality. Figure
3.1 locates the study area in the Free State province and shows its location relative to
major cities and towns, water-bodies, major rivers and national roads.
Bound by the parallels 28° 56.205' S and 28° 57.630' S and the meridians 26° 18.674'
E and 26° 20.947' E (as shown in figure 3.2), the study area (shown in yellow)
comprises a set of agricultural fields with a total area of approximately 134 Ha situated
to the south of the Glen Agricultural College and Free State Department of Agriculture
and to the north-east of a westward meander in the Modder (“mud” - Afrikaans) River.
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Figure 3.1: Location of the Study Area in the Free State Province

Figure 3.2: Aerial View of the Study Area and Associated Features (Aerial Photograph: CD:NGI, 2011)
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3.2.2. Physical Geography of the Study Area
3.2.2.1. Relief and Drainage
Situated at a high altitude on the South African Plateau, relief in the study area is
relatively gentle with elevations ranging from 1 300 m above sea-level in the east to
1 285m above sea level in the west, creating a gentle slope in a westerly direction. As
shown in figure 3.2, an irrigation system has been put in place that takes advantage
of the resultant westward drainage whereby water is pumped from the Modder River
into reservoirs situated to the north-east and south of the agricultural fields and
channelled through a series of canals and furrows throughout the study area where it
is harvested for flood-irrigation. Excess water runs back into the Modder River, a
tributary of the Riet River which eventually converges with the Vaal and Orange Rivers
and drains in the Atlantic Ocean.
3.2.2.2. Geology and Soils
The study area is underlain by sedimentary rocks containing sandstones, shales,
siltstones and mudstones of the Adelaide subgroup (Beaufort Group, Karoo
Supergroup) formed in the late Palaeozoic to early Mesozoic Epochs approximately
250 million years ago. Several dolerite intrusions located throughout the surrounding
area are manifested in the form of small to medium sized koppies (McCarthy &
Rubidge, 2005; Holmes & Barker, 2006). According to Norman & Whitfield (2006), the
area just south of the study area is situated on top of one of the largest dolerite sheets
in the region. It is likely that the study area is situated near the edge of this dolerite
sheet, which would explain the high occurrence of dolerite outcrops and koppies. The
soils of the study area are generally light-brown to red with an extremely high claycontent and, based on descriptions of soil in the surrounding environment, likely to be
calcareous in nature (Hensley et al., 2006).
3.2.2.3. Climate
The study area has a mean annual precipitation (MAP) of between 400mm and
500mm and is classified according to the aridity index (AI = average rainfall / average
evaporation) as semi-arid, despite the Free State being considered a major contributor
to South African agricultural production (Hensley et al., 2006). Figures 3.3 and 3.4
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show the average monthly minimum and maximum temperatures and average
monthly precipitation and rainfall days in the study area respectively.

Figure 3.3: Average Monthly Minimum and Maximum Temperatures in the Study Area (Source:
WorldWeatherOnline, 2014)

Figure 3.4: Average Monthly Precipitation and Rainfall Days in the Study Area (Source:
WorldWeatherOnline, 2014)

The area is characterised by a massive temperature range of up to 22 °C during the
months of July, August and September and average minimum temperatures falling
below 0 °C in June and July. The commencement of the rainy season typically occurs
in October and reaches a maximum in January. As shown in figure 3.5, planting dates
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for maize in this region (‘west’) will typically take place in the period approaching and
during this rainfall maximum.

Figure 3.5: Crop Calendar for Maize Production in the Eastern and Western Free State (Adapted from
Benhin, 2006)

3.2.3. Land Use and Surrounding Activities
The study area described above is used for educational purposes and trial fields by
the Glen Agricultural College (an affiliate of the Free State Department of Agriculture).
The college offers formal training for young farmers with particular focus on
management, farming enterprise and practical experience (NDA, 2005). Fields are
planted with either maize or alfalfa with the harvest generally used for the feeding of
livestock.
Land use in the surrounding region is dominated by agricultural activities with several
reservoirs situated throughout the area, indicating that the agricultural fields are
typically irrigated. The N1 National Freeway runs through the south of the area, the
R30 Arterial route to the northeast and a railway line through the west. The built-up
area to the north of the study area represents the Glen Agricultural College Campuses
and offices of the Free State Department of Agriculture (refer back to figure 3.2). There
is a small built-up area to the south of the study area with a post office and police
station. Several guest lodges and camping sites are also situated along the banks of
the Modder River.
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3.2.4. Field Conditions during the 2013/2014 Growth Season
The planting of maize in the study area for the 2013/2014 growth season took place
between the 19 December, 2013 and 21 January, 2014. Figure 3.6 shows the fields
that were cultivated with maize throughout this period along with their associated
planting dates.

Figure 3.6: Fields Cultivated with Maize during the 2013/2014 Planting Season (Image: DigitalGlobe, 2014)

All fields were cultivated with the same variety of Zea mays seeds (PAN6616) and
irrigated within a week after planting. The pre-emergence herbicide Wenner 700 EC
and post-emergence herbicide Combo-zine 600 SC was applied to all fields at the
appropriate times. Wenner 700 EC is used for the control of annual grasses and
certain broad-leaf weeds while Combi-zine 600 SC is used for the control of most
broad-leaf weeds as well as Goose grass (Urochloa sp.). The field planted on 19
December, 2013 formed part of a separate study during which the application of
nitrogen fertilizer was varied across the field and plants were purposefully stressed for
water at certain times. No modifications were made to the normal weed-control regime
as weeds had been known to be a problem in these fields for some time and the
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occurrence of a wide variety of weed-species had come to be expected in the study
area.

3.3. Data Collection
All spectral data were collected using the SpectralEvolution PSM-3500 portable
spectrometer which records reflectance data throughout the V-NIR and SWIR ranges
between 350nm and 2 500nm with spectral resolutions of 3.5nm at 350nm – 1 000nm,
10nm at 1 500nm, and 7nm at 2 100nm. This spectrometer makes use of one 512
element Silicon (Si) detector array to record reflectance in the 350nm – 1 000nm range
and two 256 element Indium-Gallium-Arsenide (InGaAs) detector arrays to record
reflectance in the 970nm – 1910nm and 1 900nm – 2 500nm ranges
(SpectralEvolution Inc., 2012).
Leaf-level spectra were collected using the SpectralEvolution leaf-clip spectrometer
accessory which makes use of a 20 watt tungsten-halogen lamp connected to the
spectrometer and leaf-clip through a bifurcated fibre-optic cable for artificial
illumination. Canopy-level spectra were collected using a 1.5m bare fibre-optic cable
with a 25° Field of View (FOV) connected to the spectrometer (SpectralEvolution Inc.,
2012). Figure 3.7 shows the PSM-3500 Portable Spectrometer in a protective
backpack (a), the leaf-clip spectrometer accessory (b) and the 25° FOV fibre-optic
cable used for spectral data collection (c).

Figure 3.7: The PSM-3500 (a) with the leaf-clip spectrometer accessory (b) and 25° FOV fibre-optic cable
used for spectral data collection (SpectralEvolution Inc. 2012)

In

order

to

ensure

accurate

reflectance

measurements,

white-reference

measurements were taken on a regular basis (as will be specified throughout this
chapter where applicable) using a polytetrafluoroethylene (PTFE) white reference
panel as a reflectance standard. The spectrometer was set to autodark-mode,
eliminating the requirement for dark scans. A 5” x 5” PTFE-panel was used during
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canopy-level data collection while a ½” x ½” PTFE-panel fitted onto the leaf-clip
accessory was used during leaf-level data collection. The spectrometer was set to
collect ten spectra with each scan and output the calculated average.

3.3.1. Leaf-level Spectral Data Collection
All leaf-level spectral data were collected between 30 and 60 days after emergence,
prior to closure of the vegetation canopy. The reason for this is two-fold: firstly,
considering that the ultimate goal of a weed-detection exercise of this nature would be
to identify weeds in a satellite image processing environment, it would require weeds
to be in direct line of sight from the sensor platform and secondly, weeds would have
to be detected during the CPWC for the outputs of such an exercise to be useful
(Halford et al., 2001; Isik et al., 2006; Shapira et al., 2013).
A field-scouting exercise was carried out soon after crop emergence to identify the
most commonly occurring weed-species emerging in the early stages of this particular
season and make an informed decision as to which species to be included in the
analysis. This exercise was guided by a staff member at the Glen Agricultural College
who is familiar with the weed-species commonly occurring in the study area and
supplemented with a record of all the weed-species identified in the study area
throughout the 2012/2013 growth season (provided in Appendix A).
Based on the abundance of weeds identified to be prominent during the 2013/2014
growth season, a total of twelve weed-species (eight broad-leaf/dicotyledonous
weeds, three grass weeds, and one sedge) were selected for the present study. Table
3.1 lists the weeds selected along with their common names and designations as
either broad-leaf weeds, grasses or sedges. Full descriptions of the individual weedspecies included in the analysis are provided in Appendix B along with photographs
taken during leaf-level data collection.
Once identified, a data-collection station was set up on the edge of each of the fields
which enabled the collection of reflectance spectra from fresh samples. All reflectance
spectra from weed-species were collected within 10-15 min after sample collection
and a white reference measurement was taken between each set of spectra as
suggested by the SpectralEvolution PSM-3500 Operators Manual (SpectralEvolution
Inc., 2012).
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Table 3.1: Weed-Species selected for the present study based on occurrence at the beginning of the
2013/2014 Growth Season

Name

Common Name

Weed Classification

Amaranthus hybridus

Common pigweed; Red shank

Chenopodium album

White Goosefoot; Withondebossie

Convolvulus arvensis

Field blindweed; Akkerwinde

Datura ferox
Polygonum aviculare

‘Thorny Apple’; ‘Olieboom’
‘Prostate weed’; ‘Voelduisendknoop’

Tagetes minuta
Tribulus terrestris

‘Khaki-weed’; ‘Kakiebos’
‘Devil’s thorn’; ‘Dubbeltjie’

Verbena bonariensis

‘Purple top’; ‘Blouwaterbossie’

Lolium multiflorum
Setaria verticillata
Urochloa panicoides
Cyperus esculentus

‘Rye grass’; ‘Raaigras’
‘Sticky bristle grass’; ‘Klitsbosgras’
‘Herringbone grass’; ‘Beesgras’
‘Yellow nut-sedge’; ‘Geeluintjie’

Broad-leaf
weed
(Family:
Amaranthaceae)
Broad-leaf
weed
(Family:
Chenopodiaceae)
Broad-leaf
weed
(Family:
Convolvulaceae)
Broad-leaf weed (Family: Solanaceae)
Broad-leaf
weed
(Family:
Polygonaceae)
Broad-leaf weed (Family: Asteraceae)
Broad-leaf
weed
(Family:
Zygophyllaceae)
Broad-leaf
weed
(Family:
Verbenaceae)
Grass weed (Family: Poaceae)
Grass weed (Family: Poaceae)
Grass weed (Family: Poaceae)
Sedge (Family: Cyperaceae)

A mobile-configuration using the protective SpectralEvolution back-pack was used for
the collection of leaf-level spectra from maize plants. A decision was made to only
collect maize-spectra from the two youngest fields (i.e. those planted on the 15 th and
21st of January, 2014) to ensure that the spectra were associated with plants at the
earliest possible growth stages. A systematic sampling design was employed whereby
a spectrum was collected from the third leaf from the top (i.e. the one with the largest
leaf area) of the closest plant at every 20 paces in every 10th row. Since maize growth
was expected to be fairly homogenous throughout the field it was deemed
unnecessary to employ a more complex sampling strategy.

3.3.2. Canopy-Level Spectral Data Collection
3.3.2.1. Description of the Canopy-Level Data Collection Configuration
An experimental design was employed for the collection of canopy-level spectral data.
The experiment took place at a residence in Johannesburg, Gauteng, where the PSM3500 spectrometer was mounted on a platform with an extendible arm to which the
25° FOV fibre-optic cable was attached. This platform was then mounted on top of
2.3m high scaffolding with the arm extended in such a manner that the bare fibre-optic
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attachment was pointed at nadir directly towards the centre of one of two plywood
boxes with the dimensions: 110cm x 110cm x 30cm specifically constructed for the
purposes of this experiment. The boxes were filled to 20cm with potting soil and the
remaining 10cm with soil collected from the Glen trial fields to simulate ground
conditions at the study site.
Based on the above measurements, the configuration would result in a circular FOV
with a diameter of approximately 89cm at the simulated ground surface as calculated
using the equation:
r = d * tan θ,

(3.1)

where r = radius of the FOV, d = distance from the surface, and θ = ½ of the optic
FOV. The configuration described above allowed for the collection of mixed spectra
from a simulated ground-pixel with a diameter of 89cm within which it was possible to
vary the proportions of this simulated pixel occupied by different types of materials.
3.3.2.2. Description of the Experimental Design
Four endmembers were selected for the collection of canopy-level spectra in this
study: soil, maize and two representative weed-species from the study area (Tagetes
minuta and Cyperus esculentus). The selection of the particular species used for this
portion of the study was based on the occurrence thereof in the study area (i.e. how
many specimens were available for collection) as a large number of specimens would
have to be collected and transported to the site of the experiment.
Maize plants of the same variety were grown in a greenhouse at the University of
South Africa (UNISA)’s Florida Campus in Johannesburg until it reached the V6growth stage at which six leaves are visible and not yet wide enough for canopy
closure. At this stage it was transported to a temporary greenhouse at the location
where the experiment was to take place and kept there for the remainder of datacollection period.
The FOV was divided into six sections of equal size (30cm x 45cm), each of which to
be occupied by a specific endmember based on the particular treatment at hand.
Figure 3.8 provides an example of one of the FOV-treatments in which the FOV was
occupied solely by maize and a soil background. The estimated FOV is shown in
yellow and the six units into which it was divided in red. The reader will notice that the
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spacing of the plants is somewhat unequal and that, even though each of the six
sections is occupied by a maize plant, the FOV is still somewhat dominated by the soil
background. The reason for this is that this portion of the study was intended to
simulate real-world conditions in a controlled environment in which case, the spacing
between plants would not be precise and the soil background would dominate a pixel
at this resolution and growth stage.

Figure 3.8: An example of one of the Canopy-Level treatments in which the FOV is occupied by maize with a
soil background. The estimated FOV is shown in yellow and the partitioning thereof into six equal sections is
shown in red (Photograph: J. Vermeulen)

Canopy-level spectra were collected for three different sets of treatments:


Endmembers with soil background



Zea-maize & Cyperus esculentus



Zea-maize & Tagetes minuta

Each treatment was assigned a code based on the endmembers present and the
portion of the FOV occupied by each, for example, in the treatment coded ‘MC0501’,
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five sections were occupied by maize and one section by C. esculentus. Where all six
of the sections were occupied by the same endmember, no code was assigned and
the treatment assumed the name of the relevant endmember (i.e. ‘Zea mays’,
‘Cyperus esculentus’, ‘Tagetes minuta’, or ‘soil’). Table 3.2 shows the individual
treatments used for canopy-level spectral data collection along with the fraction of the
FOV occupied by the relevant end-members for each treatment.
Table 3.2: Descriptions of the Individual Treatments used for the Collection of Canopy-level Spectra

Treatment

Relevant Weed-Species

Maize
Fraction

Weed
Fraction

Soil
Fraction

Zea mays
Cyperus esculentus
Tagetes minuta
Soil
MC0501
MC0402
MC0303
MC0204
MC0105
MC0202
MC0101
MT0501
MT0402
MT0303
MT0204
MT0501
MT0202
MT0101

n/a
Cyperus esculentus
Tagetes minuta
n/a
Cyperus esculentus
Cyperus esculentus
Cyperus esculentus
Cyperus esculentus
Cyperus esculentus
Cyperus esculentus
Cyperus esculentus
Tagetes minuta
Tagetes minuta
Tagetes minuta
Tagetes minuta
Tagetes minuta
Tagetes minuta
Tagetes minuta

6/6
0
0
0
5/6
2/3
1/2
1/3
1/6
1/3
1/6
5/6
2/3
1/2
1/3
1/6
1/3
1/6

0
6/6
6/6
0
1/6
1/3
1/2
2/3
5/6
1/3
1/6
1/6
1/3
1/2
2/3
5/6
1/3
1/6

0
0
0
6/6
0
0
0
0
0
1/3
2/3
0
0
0
0
0
1/3
2/3

All spectra were collected under a clear sky and within one hour of solar noon to
ensure minimum variations in illumination intensity and geometry. A minimum of three
spectra were collected from each individual treatment to ensure that triplicate
comparisons may be made and a white reference measurement was taken prior to
each scan using the 5” x 5” PTFE-panel.

3.4. Spectral Data Preparation and Pre-Processing
A total of 535 leaf-level reflectance spectra were collected from the study area with
sample numbers ranging from 21 to 63. Table 3.3 shows the total number of spectra
collected from each individual species. At canopy-level, three spectra were collected
for each of the treatments described in the previous section, amounting to a total of 54
individual spectra.
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Table 3.3: Total number of leaf-level reflectance spectra collected form maize and each individual weed
species

Species

Number of Spectra Collected

Amaranthus hybridus
Chenopodium album
Convolvulus arvensis
Datura ferox
Polygonum aviculare
Tagetes minuta
Tribulus terrestris
Verbena bonariensis
Lolium multiflorum
Setaria verticillata
Urochloa panicoides
Cyperus esculentus
Zea mays

42
40
37
63
24
42
33
21
21
64
60
41
47

All spectra collected were imported into SpectralEvolution’s Darwin software package
for an initial visualisation and exported to an American Standard Code for Information
Exchange (ASCII) format readable by the statistical and data manipulation software
packages used in the analysis. The main software packages used for the analysis of
reflectance spectra were as follows:


Statistical Package for the Social Sciences (SPSS) – statistical analysis of
reflectance and derived data sets



Spectral Analysis and Management Systems (SAMS) – data manipulation and
transformation procedures (e.g. smoothing and the calculation of derivative
spectra)



Microsoft Excel – data visualisation and preparation of data inputs for analysis
in SPSS and SAMS

3.4.1. Identification and Removal of Noisy Wavelength-regions
Noisy wavelength-regions resulting from atmospheric water absorption were identified
based on a visual assessment of the canopy-level reflectance spectra. These
wavebands (centred at 1 400nm, 1 900nm and 2 500nm) shown in figure 3.9 were
subsequently removed from further analysis for all spectra. In addition to the wavebands shown above, wave-bands in the UV-range (350nm – 400nm) showed a high
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level of noise in the leaf-level reflectance spectra and were therefore also removed
from further analysis.

Figure 3.9: Identification of Noisy Wavelength-Regions resulting from Atmospheric Absorption Features

3.4.2. Noise Reduction for Canopy-Level Spectra
As evident in the example spectrum shown in figure 3.9, there was also a significant
amount of noise present in canopy-level spectra, especially in the NIR-region ranging
from approximately 960nm to 1 000nm as well as the longer SWIR wavelength-region
between approximately 1900nm and 2 350nm.
The former disturbance is a result of the transition between the Si-detector array and
the first of the InGaAs detector arrays. Since this disturbance in the data is constant
for all spectra, a decision was made not to remove these wave-bands from further
analysis. The latter disturbance is likely to have been brought about an electronic
interference between the second InGaAs detector array and a cooling fan installed on
the mounting platform in order to create a constant air-flow over the spectrometerunit’s heat-sink during data collection.
A Savitzky-Golay (SG) filter with the dimensions 2-10-10 was subsequently applied to
all canopy-level spectra to address this issue. The selection of this particular filter was
based on the testing of a variety of available smoothing techniques, in particular,
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simple moving average filters of various sizes as well as SG-filters with various
dimensions. Out of all the smoothing methods tested, the SG 2-10-10 filter was
selected based on the high level of adherence to the trends associated with the input
spectra observed in the corresponding outputs.

3.4.3. Normality Testing
The majority statistical tests applied to the reflectance data in the present study
involved the determination of the presence of statistical differences that may exist in
the frequency distributions associated with reflectance data. Considering that
frequency distributions typically form part of the fundamental assumptions of such
tests it was necessary to determine whether or not reflectance data were normally
distributed (Pallant, 2005).
For the present study, the Shapiro-Wilks test for normality was used to determine the
statistical distribution of reflectance data at each individual band for each species
separately. Alternatively, this could have been achieved through a visual assessment
of histograms associated with the data, or by analysing the kurtosis and skewness of
the data sets, however, considering the large volume of data to be assessed,
significance values yielded from the Shapiro-Wilks test for normality seemed
appropriate for this particular application.
Based on the level of acceptance (p > 0.05) or rejection (p < 0.05) of the Shapiro-Wilks
null hypothesis of a normal distribution, leaf-level reflectance data were typically
normally distributed in the V-NIR wavelength-range, whereas the distributions in
reflectance observed in the SWIR-range showed a high level of variability. It followed
that any further statistical analyses of leaf-level reflectance would have to make use
of both parametric and non-parametric tests. In contrast, canopy-level reflectance data
were normally distributed throughout the electromagnetic spectrum and it was
therefore not necessary to make use of both parametric and non-parametric statistical
procedures.

3.4.4. Detection and Removal of Outlier Spectra
Outliers refer to data points that differ significantly from the remaining data housed
within the dataset (Aggarwal, 2013). The potential sources of such outliers in
reflectance data in the leaf-level spectra is varied but would typically relate to the
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placement of a leaf within the leaf-clip (refer back to figure 3.7b). For example, it is
possible that during the collection of leaf-level spectra, some of the samples were
placed in such a manner that the majority of the FOV was occupied by a vein in the
leaf or even undetected dust particles on the leaf surface. For this reason it was
necessary to identify and remove any spectra dominated by outlier data points that
would cause unnecessary skewness in the results.
A modification to the outlier labelling rule proposed by Tukey (1977) was used to
identify outlier data points in leaf-level reflectance spectra. This outlier labelling rule
calculates the upper and lower limits of a potential range of values that would not be
considered outliers based on the statistical distribution of the dataset at hand and may
be expressed as follows (Iglewicz & Banerjee, 2001):
Upper limit = Q3 + (g * (Q3 – Q1))

(3.2)

Lower limit = Q1 – (g * (Q3 – Q1))

(3.3)

Where: ‘Q1’ = the 25th percentile; ‘Q3’ = 75th percentile; and ‘g’ = multiplier used for
flagging “out-values”. The original rule proposed by Tukey (1977) made use of a gvalue of 1.5, however, it was found that results produced when using this outlier were
highly liberal and often flagged data-points as outliers even in simulated datasets with
no real outliers (Iglewicz & Banerjee, 2001). An alternative multiplier calculated as a
function of sample size (n) was later proposed by Hoaglin & Iglewics (1987), who
showed that more accurate results may be obtained when using a g-value of 2.2 for
datasets with sample sizes similar to the ones associated with the present study. A
multiplier of 2.2 was therefore used for the calculation of upper and lower-limits.
Figure 3.10 provides an example of spectra collected from one of the weed-species in
the study area (shown in blue) along with the upper and lower limits (shown in black)
calculated by the outlier labelling rule and the outlier spectra that were flagged (shown
in red). A spectrum was only considered to be an outlier if the majority of the spectrum
fell outside the bounds set by the upper and lower limits.
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Figure 3.10: Graphic Representation of the Outlier Detection Method employed in the present study

3.5. Statistical Analysis of Leaf-level Reflectance Spectra
3.5.1. Identification of Optimal Wave-bands
In order to determine the optimal wave-bands for the detection of different weedspecies in the study area based on leaf-level spectral reflectance, a one way Analysis
of Variance (ANOVA) was applied using reflectance at each individual wave-band as
the continuous dependent variable and vegetation species as the independent
categorical variable. The one way ANOVA would therefore be able to identify those
wave-bands where statistically significant differences between mean reflectance for
different plant species occurred. Taking into consideration the potential non-normal
distributions in reflectance that may be present within the data (especially in the SWIRrange) the Kruskal-Wallis test was applied as a non-parametric alternative to the one
way ANOVA, which would be able to identify statistically significant differences
between median reflectance associated with different plant species.
Levene’s statistic was applied to test for homogeneity of variance, an assumption of
both the ANOVA and Kruskal-Wallis tests. The results showed high levels of
significance (p < 0.05) for all wave-bands, thereby rejecting the null-hypothesis of
homogenous variances. A decision was therefore made to randomly select the 21
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samples (the minimum number of samples collected from a single species – refer back
to table 3.3) from each species to minimize the potential effect of unequal variances.
The null hypothesis of homogenous variances was again rejected when using equal
sample sizes. This was to be expected as the random selection of samples would not
have had a significant effect on variances, however, it would have increased the
robustness of the ANOVA as well as the Kruskal-Wallis test against the effect of
unequal variances. The Brown-Forsythe and Welch tests were also applied to the
data to serve as robust tests that do not assume homogenous variances.
In order to determine the effect-size estimates (i.e. the proportion of mean / median
reflectance that may be attributed to group-membership), the partial Eta2 was
calculated from both the ANOVA and Kruskal-Wallis output data as follows:
for ANOVA:
Partial Eta2 = group sum of squares / total sum of squares

(3.4)

for Kruskal-Wallis:
Partial Eta2 = Chi2-value / n - 1

(3.5)

Pair-wise comparisons were carried out using the Tukey post-hoc test and the MannWhitney U-test as a non-parametric alternative. In both cases, the null hypothesis of
no wavelength-dependent statistically significant differences in mean/ median
reflectance was tested for 78 potential pairs of species at a significance level of α =
0.0006 (Bonferroni correction: α = 0.05/78). A heat-map approach was followed for the
interpretation of pair-wise comparisons whereby p-values were colour-coded and
condensed into a series of tightly-packed cells that may be plotted as a function of
wavelength in the x-dimension and vegetation species may be arranged into
taxonomic groupings (i.e. broad-leaf weeds, grasses and sedges) in the y-dimension.
Those wavelengths that yielded statistically significant results from both post-hoc tests
(Tukey and Mann-Whitney U) were considered to exhibit statistically significant
differences in reflectance. This approach made possible the visual interpretation of
statistical comparisons between species pairs and also allowed for the identification
of patterns in the potential spectral discrimination of plant species (e.g. the spectral
ranges where the distinction was highest between maize and broad-leaf weeds, grass
weeds or sedges).
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In order to identify those wave-bands most suitable for the spectral characterisation of
each individual species, the heat-maps produced were combined in three manners.
Firstly, in a process similar to an overlay operation that would typically be carried out
in a Geographic Information Systems (GIS) environment, the heat-map series
associated with each individual species was overlain to calculate the mean probability
as a function of wavelength. The rationale behind this procedure was as follows: any
wavebands with a statistically significant mean probability (from both parametric and
non-parametric tests) would be more likely to uniquely characterise the particular
species at hand and distinguish it from all of the other species in the analysis.
One of the key constraints of the mean probability approach is that it is highly
conservative in the sense there are several scenarios in which the capability of a
particular wave-band to successfully characterise the species at hand may be underestimated and potentially overlooked. For example, consider a scenario where the pvalue associated with a particular species was significant (p < 0.0006) in its
comparisons with eleven of the twelve other species in the analysis and not at all
significant (for example p = 1.0) in its comparison with the remaining species, it is likely
that this particular wave-band would show no significance in mean probability, despite
the overall good performance in terms of species distinction potential.
In order to avoid the under-estimation of the potential for a particular wave-band to
uniquely characterise a particular weed-species in this analysis, the thirteen heatmaps generated were then transformed into binary heat maps in which a value of ‘1’
represented a significant difference between a particular pair of species and ‘0’
represented no significance. The binary heat-maps were overlain to calculate the sum
of values for each individual cell. The output would therefore be capable of showing
the number of species that may be distinguished from a particular species at each
individual waveband. The value in each cell was converted to the percentage of the
total species that may be spectrally distinguished from a particular species at each
waveband in what could effectively be termed a species distinction potential heat map.
This heat-map may be used as a guide to identify those wave-bands most suitable for
the unique identification of a particular species.
Results from the pair-wise comparisons described above were used to calculate the
wavelength-dependent frequency of statistically significant pair-wise comparisons and
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identify the wave-bands most suitable for the detection of weeds in the study area
based on the occurrence of peaks in the frequency curves. Isolated peaks were
selected in order to minimise the potential effects of covariance in reflectance at
adjacent or proximate wavebands.

3.5.2. Derivative Analysis of Leaf-level Reflectance in the Red-Edge
Wavelength-region
The red-edge inflection point for each spectrum was determined by calculating the first
and second order derivative-spectra for the wavelengths ranging from 680nm to
750nm and the Red-Edge Position (REP) was determined by identifying the zero-point
for each second-order derivative spectrum while the slope of the REP was determined
by extracting the maximum value from the first-order derivative spectrum.
The Shapiro-Wilks test was used to test whether the REP and slope data were
normally distributed. The data were mostly normally distributed (p > 0.05), however,
three of the thirteen species included in the analysis showed non-normal distributions
(p < 0.05). A one-way ANOVA as well as a Kruskal-Wallis test was therefore applied
to determine the existence of a statistically significant differences in the REP and slope
associated with different vegetation species included in the analysis. Levene’s statistic
was used to test the assumption of homogenous variances prior to statistical testing.
This assumption was rejected on the basis of the low significance level calculated (p
= 0.001). The Brown-Forsythe and Welch tests were therefore employed to serve as
robust tests that do not assume a homogenous variances. Effect-size estimates were
also calculated using equations 3.4 and 3.5.
As in the statistical analysis of leaf-level reflectance, the Tukey and Man-Whitney Utest was used for pair-wise comparisons to determine the presence of statistically
significant differences in REP and slope between 78 potential pairs of species at a
significance level of α = 0.0006. Those instances in which significant results were
obtained from both post-hoc testing procedures were considered to be statistically
significant.
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3.5.3. Analysis of Spectral Separability based on Leaf-level
Reflectance Characteristics
In order to determine the spectral separability of vegetation species based on leaflevel hyperspectral reflectance, the wavebands identified through the procedures
described in section 3.5.1 were used as inputs for a discriminant and canonical
discriminant analysis procedure. Spectral separability was assessed through a visual
inspection of canonical variable plots and a cross-validation procedure which
calculates the accuracy at which the predictor model is able to classify vegetation
species based on the selected variables.

3.6. Statistical Analysis of Canopy-level Reflectance Spectra
A similar approach to that used for the statistical analysis of leaf-level reflectance
spectra described above was employed for the identification of wave-bands most
suitable for the potential spectral distinction between FOV-treatments at canopy level.
With the key differences lying not so much in the specific procedures followed but
rather in the number of samples used as inputs for the analysis and the manner in
which the results would be interpreted.
This part of the analysis was divided into three sections, each dealing with a particular
set of treatments. The first set of treatments included only the spectra collected from
the four endmembers involved (i.e. Maize, Cyperus esculentus, Tagetes minuta, and
Soil). The key objective for the analysis of this first set of FOV-treatments was to
determine whether the statistical differences identified at leaf-level would be
detectable at canopy-level. Put differently, to what extent do the external factors that
influence the vegetation spectral response (e.g. leaf and canopy surface structure, bidirectional reflectance distribution, multiple scattering resulting from stratified
vegetation, and signal interference from the soil background) alter the potential
spectral discrimination between these endmembers?
The remaining two sets of treatments each included the endmember spectra from
maize and one of the selected weeds, as well as spectra collected from FOVtreatments with varying proportions of these endmembers occupying the FOV. The
analysis of these sets of treatments was aimed at providing information with regards
to the questions posed by mixed spectral responses for this particular application.
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For each of the sets of treatments described above, a one way ANOVA and KruskalWallis test was applied using reflectance at each individual wave-band as the
continuous dependent variable and FOV-treatment as the independent categorical
variable to the end of identifying those wavelengths showing the highest potential
spectral distinction between treatments. Levene’s statistic was used to test the
assumption of homogenous variances, which showed a low level of significance (p >
0.05) for all wave-bands, thereby confirming the null-hypothesis of homogenous
variances and eliminating the need to include the robust Brown-Forsythe and Welch
tests that do not assume equal variances.
The Tukey post-hoc test for individual comparisons was used to determine the
presence of significant differences in reflectance at each individual wave-band on a
pair-wise basis. In order to avoid a type 1 statistical error, bonferonni corrections were
made to calculate appropriate α-values based on the number of potential pair-wise
comparisons associated with each set of treatments. A heat-map approach similar to
that described in the previous section was employed for the interpretation of post-hoc
comparisons whereby individual heat-maps were generated for each treatment in
order to determine the level of spectral separability on a pair-wise basis. Mean
probability was calculated to determine the potential for the unique identification of
individual treatments, and the frequency of successful pair-wise distinctions was
calculated to determine the optimal wave-bands for the spectral discrimination of
canopy-level treatments.
The extraction of the slope and wavelength of maximum inflection in the red-edge
region of the electromagnetic spectrum (680nm - 750nm) was carried out using the
same procedures as those applied to the leaf-level reflectance spectra. The REP
calculated from the canopy-level spectra were, in most cases, equal for all three
samples collected from a particular treatment. Based on this observation as well as
the small sample sizes involved, a decision was made to calculate the mean REP and
red-edge slope associated with canopy-level spectra and to revert to visual
interpretation in order to identify trends in the relationship between red-edge
characteristics and FOV-treatments.
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3.7. Data Resampling and Analysis of Multispectral
Reflectance
In order to determine the potential discrimination of maize and weed-species in the
study area based on multispectral reflectance, leaf-level reflectance spectra
associated with maize and the twelve weed-species included in the analysis were
resampled to the spectral band designations of three representative high spatial
resolution multispectral sensors. Reflectance spectra were resampled by averaging
the reflectance values collected from hyperspectral narrow-bands that correspond with
the broad-band designations of the multispectral sensors.

3.7.1. Multispectral Sensor Specifications
3.7.1.1. Pléiades
The Pléiades constellation exists out of two identical high resolution multispectral
sensors (Pléiades 1A and Pléiades 1B) orbiting the earth at an altitude of 694km in
sun-synchronous 10:30 am descending node. It has a revisit-frequency of between 1
and 1.7 days (depending on the viewing angle) and collects images in a ground swath
with a width of approximately 20km at nadir. The sensor collects images in one
Panchromatic and four Multispectral bands at spatial resolutions (Ground Sampling
Distance (GSD) at nadir) of 0.7m (Panchromatic) and 2.8m (Multispectral). The
spectral band-designations associated with each of the Pléiades bands is summarised
in table 3.4 (Astrium, 2012).
Table 3.4: Spectral Band Designations of Pléiades Multispectral Bands (Source: Astrium, 2012)

Band

Band Designation

Blue
Green
Red
Near-Infrared (NIR)

430nm – 550nm
500nm – 620nm
590nm – 710nm
740nm – 940nm

3.7.1.2. WorldView-2
WorldView-2 (WV2) is high resolution multispectral satellite sensor orbiting the earth
at an altitude of 770km in a sun-synchronous 10:30 am descending node. It has a
revisit-frequency of between 1.1 and 3.7 days (depending on the viewing angle) and
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collects images in a ground swath with a width of approximately 16.4km at nadir. The
sensor collects images in one Panchromatic and eight Multispectral bands at spatial
resolutions (GSD at nadir) of 0.46m (Panchromatic) and 1.85m (Multispectral). The
spectral band-designations associated with each of the WorldView-2 bands is
summarised in table 3.5 (DigitalGlobe, 2010).
Table 3.5: Spectral Band Designations of WorldView-2 Multispectral Bands (Source: DigitalGlobe, 2010)

Band
Coastal
Blue
Green
Yellow
Red
Red-Edge
NIR-1
NIR-2

Band-Designation
400nm – 450nm
450nm – 510nm
510nm – 580nm
585nm – 625nm
630nm – 690nm
705nm – 745nm
770nm – 895nm
860nm – 1040nm

3.7.1.3. WorldView-3
WorldView-3 (WV3) is high resolution multispectral satellite sensor orbiting the earth
at an altitude of 617km in sun-synchronous 1:30 pm descending node. It has a revisitfrequency of between <1 and 4.5 days (depending on the viewing angle) and collects
images in a ground swath with a width of approximately 13.1km at nadir. The sensor
collects images in one Panchromatic and sixteen Multispectral bands extending onto
the SWIR-range at spatial resolutions (GSD at nadir) of 0.31m (Panchromatic), 1.24m
(VNIR-Multispectral) and 3.7m (SWIR-Multispectral). The spectral band-designations
associated with each band is summarised in table 3.6 (DigitalGlobe, 2013).

3.7.2. Statistical Analysis of Resampled Reflectance Data
In order to determine the potential characterisation of maize and selected weedspecies based on multispectral reflectance, one way ANOVAs were applied to each
of the resampled datasets (Pléiades and WV2 & 3) with vegetation species as the
independent categorical variable and reflectance in each multispectral broad-band as
the dependent continuous variable. Data across all of the multispectral bands were
normally distributed for the majority of plant species (Shapiro-Wilks p > 0.05), thus
eliminating the need for the application of non-parametric alternatives. Levene’s
statistic was used to test for the assumption of homogenous variances. The results
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showed high levels of significance (p < 0.05) for all multispectral broad bands, thereby
rejecting the null-hypothesis of homogenous variances. The Brown-Forsythe and
Welch tests served as robust tests that did not assume equal variances.
Table 3.6: Spectral Band Designations of World-View-3 Multispectral Bands (Source: DigitalGlobe, 2013)

Band
Coastal
Blue
Green
Yellow
Red
Red-Edge
NIR-1
NIR-2

Band-Designation
400nm – 450nm
450nm – 510nm
510nm – 580nm
585nm – 625nm
630nm – 690nm
705nm – 745nm
770nm – 895nm
860nm – 1040nm

Band
SWIR-1
SWIR-2
SWIR-3
SWIR-4
SWIR-5
SWIR-6
SWIR-7
SWIR-8

Band-Designation
1195nm – 1225nm
1550nm – 1590nm
1640nm – 1680nm
1710nm – 2145nm
2145nm – 2185nm
2185nm – 2225nm
2235nm – 2285nm
2295nm – 2365nm

The Tukey post-hoc test was used to determine the statistical significance of
differences in reflectance between individual pairs of species at each of the
multispectral bands. Results from the pair-wise comparisons testing were used to
generate a series binary matrices in which a value of ‘1’ represented significant pairwise comparisons (α = 0.0006) and ‘0’ represented non-significant pair-wise
comparisons at the intersection between each possible pair of vegetation species.
Corresponding values in each of the matrices were summed to represent the total
number of successful pair-wise distinctions associated with each individual species at
each of the multispectral bands. The total number and percentage of successful pairwise distinctions at each individual multispectral band was used as an indication of its
performance in terms of species distinction potential.
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CHAPTER 4:
Results & Discussion
4.1. Introduction
Results obtained from the analytical procedures described in the previous chapter will
be presented and discussed in this chapter. Each set of results will be accompanied
by a brief description of the data used as input for the particular analysis at hand, a
summary of the results obtained as well as a discussion of significant results with
references made to previous studies where appropriate.
The chapter is divided into four main sections. The results obtained from the
processing and analysis of leaf-level spectra will be discussed in the first section while
the results from the processing and analysis of canopy-level reflectance spectra will
be dealt with in the second section. The third section of this chapter will present the
results obtained from the analysis of leaf-level spectra resampled to the band
designations associated with the representative high spatial resolution multispectral
sensors. The fourth section of this chapter will provide a brief summary of all of the
results and address certain key trends and constraints identified throughout the
analysis.

4.2. Potential Detection of Weeds based on Leaf-level
Reflectance
Figure 4.1 shows the mean spectral reflectance associated with maize and each of
the weed-species included in the present study from 350nm to 2 500nm with noisy
water-absorption and UV wave-bands removed as described in chapter 3. The figure
shows a high level of variation in mean reflectance for the different species, especially
in the NIR- and SWIR-regions, a lower variation in the VIS-range and a fairly regular
pattern in the red-edge region. Mean spectral reflectance associated with maize (Zea
mays) in the VIS-wavelengths appeared to be relatively lower than the majority of other
species and its red-edge pattern appeared to divert slightly from the general trend
observed.
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Figure 4.1: Mean spectral reflectance from maize and each of the twelve weed-species included in the
analysis between 350nm and 2 500nm with noisy wave-bands removed

4.2.1. Spectral Characterisation of Maize and Weeds based on Leaflevel Reflectance
4.2.1.1. Statistical Analysis of Leaf-level Reflectance
In order to identify the wave-bands most suitable for the spectral distinction between
the plant-species included in the analysis, a one way ANOVA and Kruskal-Wallis test
was carried out with spectral reflectance in each individual wave-band as the
continuous dependent variable and plant-species as the categorical independent
variable. The Brown-Forsythe and Welch tests were applied to serve as robust tests
that do not assume homogeneous variances.
The results from the one-way ANOVA and the Kruskal-Wallis tests, as well as the
Brown-Forsythe and Welch tests all showed that highly significant differences were
present in the data-set at each individual waveband (p < 0.0006). These results did
not indicate, however, which wave-bands showed the highest dependence on group
membership (i.e. vegetation species) nor did it indicate the specific pairs of plant88

species between which there exists statistically significant differences in mean or
median reflectance.
Effect-size estimates were calculated for each wave-band using equations (3.4) and
(3.5) as described in the previous chapter. Figure 4.2 shows the effect-size estimates
(partial eta2) as a function of wavelength, calculated from the ANOVA and KruskalWallis outputs with an example of a typical leaf-level vegetation spectral response
(shown in black) included for comparative purposes.

Figure 4.2. Effect-size Estimates calculated from ANOVA and Kruskal-Wallis Test Outputs as a function of
Wavelength

Effect-size estimates calculated from the ANOVA and Kruskal-Wallis outputs showed
similar trends in the V-NIR wavelength-range with peaks occurring in the blue and
yellow-to-green portions of the VIS-spectrum and maxima coinciding with the red-edge
slope of the vegetation curve. Despite the high variation in reflectance in the NIRplateau region (refer back to figure 4.1), effect size estimates appeared to be relatively
low in this region. Partial-eta2 values of between 0.6 and 0.65 observed in the rededge region indicates that between 60 and 65 per cent of reflectance in this region
may be accounted for by group-membership (i.e. vegetation species).

89

In the SWIR-region, effect-size estimates did not show similar trends when calculated
using the parametric and non-parametric methods. The potential effect of non-normal
distributions in this wavelength-region may account for the different trends observed
and it should follow that the Kruskal-Wallis effect-size estimates would be more
representative in this case, considering that the majority of non-normal distributions
was associated with SWIR-bands. Regardless of the method employed, effect size
estimates in the longer wavelengths of the SWIR-spectrum (1 900nm – 2 350nm) were
extremely high, ranging from approximately 0.7 to 0.8, indicating that up to 70 or 80
per cent of reflectance in this region may be accounted for by vegetation species.
4.2.1.2. Post-hoc Testing for Pair-Wise Species Comparisons
The Tukey and Mann-Whitney U post-hoc tests were used for individual comparisons
in order to identify the wave-bands most suitable for the spectral distinction between
each potential pair of vegetation species at each individual wave-band. In an attempt
to address the difficulties posed by the large volumes of data to be interpreted (78
potential pairs of species in 818 different spectral bands), heat maps were generated
in which p-values were colour-coded and condensed into a series of tightly-packed
cells that may be plotted as a function of wavelength in the x-dimension and vegetation
species may be arranged into taxonomic groupings (i.e. broad-leaf weeds, grasses
and sedges) in the y-dimension.
A total of 13 heat maps were generated, each of which contained the post-hoc
comparisons between one of the species and every other species included in the
analysis. The heat map generated from post-hoc comparisons between maize and
each individual weed-species in the analysis is shown in figure 4.3, where blue
represents wave-bands that showed significant differences (p < 0.0006) in reflectance
between the specific pair of species being compared.
The heat map shown in figure 4.3 indicates a high level of significance in the
differences in reflectance between maize and the majority of weed-species included
in the study with the exception of Tribulus terrestris, where differences in reflectance
were non-significant throughout most of the V-NIR and SWIR-regions. The majority of
species showed a high level of significance in the red-edge region (680nm – 750nm),
mostly concentrated towards the shorter wavelengths of this region for the grassweeds and the longer wavelengths for the broad-leaf weeds.
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There also appeared to be some level of cohesion in the general patterns observed
for grass weeds as well as for broad-leaf weeds (again, with the exception of T.
terrestris). Similarly, the pattern observed for Cyperus esculentus did not appear to
conform to the general pattern associated with other weed-species.

Figure 4.3: Probability heat-map showing the potential spectral distinction between maize (Zea mays) and
each individual weed-species as a function of wavelength (nm) based on probability estimates from posthoc comparisons

4.2.1.3. Identification of Optimal Wave-bands for Weed Detection
In order to identify those wave-bands most suitable for the spectral characterisation of
maize and specific weed-species included in the analysis, the thirteen heat-maps
produced were combined to calculate the mean probability (to indicate the presence
of wave-bands capable of uniquely identifying each of the species in the analysis),
species distinction potential (an indication of the percentage of species that could be
successfully distinguished from each individual species) and the frequency of
successful pair-wise distinctions (to identify the optimal wave-bands for the detection
of weed-species based on leaf-level reflectance). The mean probability and species
distinction potential heat-maps are provided in figures 4.4 and 4.5 respectively.
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Figure 4.4: Mean probability heat-map showing the wavelengths capable of uniquely identifying each
individual plant species from all other species included in the analysis as a function of wavelength (nm)
based on probability estimates from post-hoc comparisons

Figure 4.5: Species Distinction Potential heat-map showing the percentage of the total number of species
included in the analysis that may be distinguished from each individual species based on spectral reflectance
at each individual wave-band
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Figure 4.4 indicates that there were relatively few cases in which the mean probability
was statistically significant, indicating that at the majority of wave-bands it would not
be possible to uniquely identify a particular plant-species based on leaf-level spectral
reflectance. Weed-species that showed an overall significant mean probability at
certain wave-bands were Datura ferox, Polygonum aviculare, Verbena bonariensis
and Setaria verticillata. The highest level of significance was observed for V.
bonariensis, where significant mean probabilities were observed in the red-edge
region and the entire SWIR-region.
When comparing the mean probability heat-map in figure 4.4 with the species
distinction potential heat-map in figure 4.5 it is evident that the spectral regions with
significant mean probabilities generally coincided with species distinction ‘hot-spots’
(shown in deep red in figure 4.5), confirming the hypothesis that an overall significant
mean probability would indicate the highest potential for unique identification based
on spectral reflectance. The key difference between the two figures is that the areas
left blank in the mean probability heat-map contained potentially valuable information
at corresponding wavelength-regions of the species distinction potential heat-map that
may have been otherwise overlooked. For example, the species distinction potential
for maize in the red-edge region was between 80 and 90 per cent, indicating that
spectral reflectance associated with maize in this region would be significantly different
from that of the majority of weed-species included in the analysis, an observation that
was not apparent in the mean probability heat-map.
Based on the distribution of deep red cells indicating a species distinction potential of
100 per cent in figure 4.5, it becomes apparent that at the majority of wavebands it
would not be possible to uniquely identify a particular plant-species based on leaf-level
spectral reflectance. Weed-species for which 100 per cent was calculated at certain
wavebands were: D. ferox (676.2nm – 683nm), P. aviculare (1 342.7nm – 1 800.2nm
and 2 086.4nm – 2 252.6nm), V. bonariensis (1 165nm – 1 800.2nm) and S. verticillata
(404.5nm). Several of the species had narrow regions of high species distinction
potential (>90 per cent) which may be identified in figure 4 as ‘hot-spots’ (typically in
the red-edge region and specific portions of the VIS-region). It should be noted at this
point that the occurrence of these hot spots is infrequent and generally highly
wavelength-specific.
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Whereas the thirteen heat-maps generated during the initial stages of this portion of
the analysis may be used as a guide for the potential spectral distinction between
individual pairs of species, the heat-maps provided in figures 4.4 and 4.5 may be used
as a guide to identify those wave-bands most suitable for the unique identification of
individual species. Figure 4.6 shows the overall frequency of successful pair-wise
distinctions based on the Tukey and Mann-Whitney U post-hoc comparisons along
with an example of a typical vegetation spectral response included for comparative
purposes.

Figure 4.6: The frequency of successful pair-wise species distinctions based on spectral reflectance plotted as
a function of wavelength

Based on the results of this analysis, peaks in the frequency of statistically significant
pair-wise distinctions could be identified throughout the V-NIR and SWIR-regions of
the electromagnetic spectrum at 432.1nm, 528.2nm, 700.7nm, 719.4nm, 1335.1nm,
1508.1nm, 2075.8nm, 2164.5nm and 2342.2nm.
The lowest frequency of successful pair-wise spectral distinctions occurred in the NIRplateau region while the highest frequency was observed in the red-edge and SWIRregions. It is noteworthy that the general trend observed in the frequencies shown in
figure 4.6 appeared to be very much similar to the that observed in the effect-size
estimates calculated earlier in this section, in particular the partial eta2 calculated from
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the Kruskal-Wallis outputs (refer back to figure 4.2), thus confirming earlier predictions
with regards to the potential species-dependence of reflectance at the various
wavelengths.

4.2.2. Spectral Characterisation of Maize and Weeds Based on RedEdge Characteristics
A derivative analysis was performed to determine whether maize and weed-species
in the study area could be characterised based on red-edge reflectance
characteristics. Figure 4.7 a & b show the mean reflectance and first-order derivative
spectra associated with each species in the red-edge region respectively.

Figure 4.7: a) Mean Reflectance and b) First-order derivative spectra associated with each individual species
included in the analysis in the red-edge spectral region

4.2.2.1. The Red-Edge Position (REP)
Based on the above mean first-order derivative curves, the REP for maize appeared
to occur towards the longer wavelengths (720nm-730nm) whereas the REP for the
majority of the weed-species appeared to occur more toward the shorter wavelengths
(700nm-720nm) of the potential range. The most prominent REPs were observed for
L. multiflorum and V. bonariensis where the REP appeared to occur in the wavelengths
between 700nm and 705nm.
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Figure 4.8 shows the box-plots that describe the statistical distribution of the REPs
associated each species. For the majority of species, the REP typically occurred
between 710nm and 715nm. For maize, REPs were concentrated toward the longer
wavelengths with its median at 720nm while for V. bonariensis and L. multiflorum,
REPs were concentrated toward the shorter wavelengths with medians occurring at
approximately 705nm. Outliers were identified for C. album, T. minuta, T. terrestris, V.
bonariensis and L. multiflorum.

Figure 4.8: Box-plots describing the statistical distribution of the REP for each individual species.

The results obtained from the statistical testing of REPs associated with maize and
weed-species are summarised in table 4.1. The ANOVA and Kruskal-Wallis tests as
well as the robust Welch and Brown-Forsythe tests yielded significant results (p <
0.0006), confirming the existence of a statistically significant difference between the
REPs associated with at least one pair of species in the dataset. A partial eta2 of 0.589
indicated that approximately 58 per cent of the mean REP may be attributed to group96

membership. The effect-size estimate calculated from the Kruskal-Wallis test was
slightly lower than that calculated from the ANOVA outputs with a value of 0.572,
indicating that approximately 57 per cent of the mean REP may be attributed to group
membership.
Table 4.1: Output Results from Statistical Testing of the Red-Edge Position Wavelengths Associated with
Plant-species

Test

Degrees of
Freedom

Test Statistic

Probability (p)

Effect Size
(partial Eta2)

ANOVA

12

31.023 a

1.7 x 10-43

0.589

Brown-Forsythe

12

187.698 b

2.6 x 10-38

-

Welch

12

100.957 b

1.0 x 10-27

-

12

c

Kruskal-Wallis

155.638

-27

4.05 x 10

0.572

F-Statistic a; Asymptotically F-Distributed b; Chi-square c

The Tukey and Mann-Whitney U post-hoc tests were used for pair-wise comparisons
in order to determine which individual pairs of species were significantly different from
one another based on REP. The results from the pair-wise comparisons are
summarised in table 4.2. The results showed that the REP was moderately successful
at distinguishing between individual species. The majority of species showed
statistically significant differences from between three and four other species while V.
bonariensis, L. multiflorum and Z. mays showed significant differences from most
species.
4.2.2.2. The Red-Edge Slope
Figure 4.9 shows the box-plots that describe the statistical distribution of the red-edge
slope for each individual species. The box-plots indicate a higher level of similarity with
regards to the statistical distributions of the red-edge slope compared to those
associated with REP. There appeared to be some level of separation between
monocotyledonous and dicotyledonous species, with the exception of T. terrestris and
A. hybridus where the statistical distribution of A. hybridus appeared to be similar to
the grasses and sedges and that of T. terrestris appeared to overlap with almost all
other species. Outliers were identified for P. aviculare, T. minuta, C. esculentus, L.
multiflorum and S. verticillata.
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Table 4.2: Results from Multiple Pair-Wise Comparisons Testing of the Differences between REP wavelengths associated with Maize and Selected Weed-Species in the
Study Area
Amaranthus
hybridus
Amaranthus
hybridus
Chenopodium
album
Convolvulus
arvensis
Cyperus
esculentus

Datura ferox

Lolium
multiflorum
Polygonum
aviculare
Setaria
verticillata
Tagetes
minuta
Tribulus
terrestris
Urochloa
panicoides
Verbena
bonariensis

Zea mays

Chenopodium
album

Convolvulus
arvensis

Cyperus
esculentus

Datura ferox

Lolium
multiflorum

Polygonum
aviculare

Setaria
verticillata

Tagetes
minuta

Tribulus
terrestris

Urochloa
panicoides

Verbena
bonariensis

Zea mays

0.9190a

0.0010a

0.2120a

0.0000a

0.0000a

0.0000a

0.3890a

0.0000a

0.0003a

0.2980a

0.0000a

0.0000a

1.0000b

0.3532b

0.9934b

0.0059b

0.0000b

0.0375b

0.8825b

0.1011b

0.5130b

0.9691b

0.0000b

0.0003b

0.0004a

0.2800a

0.0000a

0.0000a

0.0000a

0.3890a

0.0000a

0.0002a

0.2090a

0.0000a

0.0000a

0.9963b

0.0045b

0.0000b

0.0299b

0.8497b

0.0833b

0.5650b

0.9553b

0.0000b

0.0004b

0.0000a

0.1050a

0.0000a

0.3060a

0.3830a

0.2400a

0.0000a

0.2760a

0.0000a

0.0000a

0.0145b

0.9676b

0.0000b

0.9995b

0.9998b

1.0000b

0.0002b

0.9964b

0.0000b

0.0000b

0.0000a

0.0000a

0.0000a

0.0800a

0.0000a

0.0500a

0.0410a

0.0000a

0.0003a

0.0000b

0.0000b

0.0004b

0.1605b

0.0018b

0.9961b

0.3066b

0.0000b

0.0263b

0.0000a

0.5750a

0.0920a

0.4450a

0.0000a

0.0420a

0.0000a

0.0000a

0.0009b

1.0000b

0.5552b

0.9996b

0.0000b

0.3475b

0.0000b

0.0000b

0.0000a

0.0000a

0.0000a

0.0000a

0.0000a

0.3040a

0.0000a

0.0000b

0.0000b

0.0000b

0.0000b

0.9990b

0.0000b

0.1560a

0.8240a

0.0000a

0.0480a

0.0000a

0.0000a

0.8881b

1.0000b

0.0000b

0.7252b

0.0000b

0.0000b

0.2500a

0.0030a

0.9150a

0.0000a

0.0000a

0.9778b

0.0048b

1.0000b

0.0000b

0.0000b

0.0000a

0.0930a

0.0000a

0.0000a

0.9056b

0.0000b

0.0000b

0.0010a

0.0000a

0.0240a

0.0140b

0.0000b

0.4275b

0.0000a

0.0000a

0.0000b

0.0000b

0.9190a
1.0000b

1.0000
0.0004a

0.3092b

0.0010a
0.3532b

0.3092b

0.2120a

0.2800a

1.0000
0.0000a

0.9934b

0.9963b

0.0145b

0.0000a

0.0000a

0.1050a

1.0000
0.0000a

0.0059b

0.0045b

0.9676b

0.0000b

0.0000a

0.0000a

0.0000a

0.0000a

1.0000
0.0000a

0.0000b

0.0000b

0.0000b

0.0000b

0.0009b

0.0000a

0.3060a

0.0000a

0.5750a

1.0000
0.0000a

0.0001b

0.0000a
0.0375b

0.0299b

0.9995b

0.0004b

1.0000b

0.0001b

0.3890a

0.3890a

0.3830a

0.0800a

0.0920a

0.0000a

1.0000
0.1560a

0.8825b

0.8497b

0.9998b

0.1605b

0.5552b

0.0000b

0.8881b

0.0000a

0.0000a

0.2400a

0.0000a

0.4450a

0.0000a

0.8240a

1.0000
0.2500a

0.1011b

0.0833b

1.0000b

0.0018b

0.9996b

0.0000b

1.0000b

0.9778b

0.0002a

0.0000a

0.0500a

0.0000a

0.0000a

0.0000a

0.0030a

1.0000
0.0000a

0.0000b

0.0003a
0.5130b

0.5650b

0.0002b

0.9961b

0.0000b

0.0000b

0.0000b

0.0048b

0.0000b

0.2980a

0.2090a

0.2760a

0.0410a

0.0420a

0.0000a

0.0480a

0.9150a

0.0930a

1.0000
0.0010a

0.9691b

0.9553b

0.9964b

0.3066b

0.3475b

0.0000b

0.7252b

1.0000b

0.9056b

0.0140b

0.0000a

0.0000a

0.0000a

0.0000a

0.0000a

0.3040a

0.0000a

0.0000a

0.0000a

0.0000a

1.0000
0.0000a

0.0000b

0.0000b

0.0000b

0.0000b

0.0000b

0.9990b

0.0000b

0.0000b

0.0000b

0.0000b

0.0000b

0.0000a

0.0000a

0.0003a

0.0000a

0.0000a

0.0000a

0.0000a

0.0000a

0.0240a

0.0000a

1.0000
0.0000a

0.0000b

0.0000a

0.0000b

0.0263b

0.0000b

0.0000b

0.0000b

0.0000b

0.0000b

0.4275b

0.0000b

0.0000b

1.0000

0.0003b
0.0004b
a Mann-Whitney U ; b Tukey ; α = 0.0006

0.0000a
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Figure 4.9: Box-plots describing the statistical distribution of the Red-Edge Slope for each individual species.

The results obtained from the statistical testing of the red-edge slope associated with
maize and weed-species are summarised in table 4.3. The output-statistics shown
here are very much similar to those shown in table 4.1, indicating that reflectance
spectra associated with different plant species may differ in a similar fashion when
considering the slope and position of the red-edge.
The Tukey and Mann-Whitney U post-hoc tests were used for pair-wise comparisons
in order to determine which individual pairs of species were significantly different from
one another based on red-edge slope. The results from the pair-wise comparisons are
summarised in table 4.4. The majority of vegetation-species was successfully
distinguished from between five and seven other species based on the red-edge slope.
Maize was successfully distinguished from most other species with the exception of
C. esculentus, L. multiflorum, S. verticillata, T. terrestris and U. panicoides.
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Table 4.3: Output Results from Statistical Testing of the Red-Edge Slope Associated with Plant-species

Test

Degrees of
Freedom

Test Statistic

Probability (p)

Effect Size
(partial Eta2)

ANOVA

12

38.890 a

3.6 x 10-51

0.589

Brown-Forsythe

12

97.486 b

8.35 x 10-32

-

Welch

12

100.677 b

6.5 x 10-40

-

Kruskal-Wallis

12

155.638 c

4.05 x 10-27

0.572

F-Statistic a; Asymptotically F-Distributed b; Chi-square c

4.2.3. Spectral Separability of Maize and Weeds based on Leaf-level
Reflectance
The wavebands identified to be the most suitable for the spectral discrimination of
maize and weeds in the study area based on the frequency of statistically significant
results during the pair-wise comparisons of spectral reflectance, along with the REP
associated with each spectrum, were entered into a discriminant and canonical
discriminant analysis as predictor variables to test the separability of vegetation
species based on these variables. The analysis was run twice, once with and once
without the inclusion of the REP as a predictor variable to determine the extent to
which the classification may be affected by the inclusion or exclusion of this variable.
Based on the wavebands selected and the analysis of species distinction potential
discussed in section 4.2.1, the highest classification accuracies were expected to be
obtained for V. bonariensis and P. aviculare while the lowest accuracies were
expected to be obtained for C. arvensis and A. hybridus. Furthermore, based on the
statistical testing of REPs associated with maize and related weeds, the inclusion of
the REP as a predictor variable was expected to improve the classification of species
such as L. multiflorum, V. bonariensis and Z. mays while having no significant effect
on the classification of the remaining species.
Table 4.5 summarises the results from the cross-validation procedure which
determines the extent to which the predictor model (with REP included as predictor
variable) was capable of classifying reflectance spectra into vegetation species.
Classification accuracies ranged from 71.4 per cent (C. album and U. panicoides) to
100 per cent (P. aviculare, C. esculentus, T. minuta and V. bonariensis). The overall
accuracy of the classification was calculated at 89.7 per cent (percentage of cases
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Table 4.4: Results from Multiple Pair-Wise Comparisons Testing of the Differences between Red-Edge Slopes associated with Maize and Selected Weed-Species in the
Study Area
Amaranthus
hybridus
Amaranthus
hybridus
Chenopodium
album
Convolvulus
arvensis
Cyperus
esculentus

Datura ferox

Lolium
multiflorum
Polygonum
aviculare
Setaria
verticillata

Tagetes minuta

Tribulus
terrestris
Urochloa
panicoides
Verbena
bonariensis

Zea mays

a

Chenopodiu
m album

Convolvulus
arvensis

Cyperus
esculentus

Datura ferox

Lolium
multiflorum

Polygonum
aviculare

Setaria
verticillata

Tagetes
minuta

Tribulus
terrestris

Urochloa
panicoides

Verbena
bonariensis

Zea mays

0.0000a

0.0026a

0.1605a

0.0000a

0.0020a

0.0000a

0.0000a

0.0000a

0.0336a

0.0001a

0.0000a

0.0000a

0.0004b

0.5928b

0.9989b

0.0001b

0.6211b

0.0192b

0.0002b

0.0002b

0.0010b

0.2682b

0.0000b

0.0004b

0.0024a

0.0000a

0.8813a

0.0000a

0.1258a

0.0000a

0.9010a

0.0000a

0.0000a

0.0010a

0.0000a

0.4197b

0.0000a
0.0004b

0.0000b

1.0000b

0.0000b

0.9988b

0.0000b

1.0000b

0.0000b

0.0000b

0.0037b

0.0000b

0.0026a

0.0024a

0.0000a

0.0020a

0.0000a

0.0872a

0.0000a

0.0007a

0.0034a

0.0000a

0.0000a

0.0000a

0.5928b

0.4197b

0.0791b

0.2505b

0.0013b

0.9661b

0.0000b

0.3058b

0.0000b

0.0001b

0.0000b

0.0000b

0.1605a

0.0000a

0.0000a

0.0000a

0.0698a

0.0000a

0.0001a

0.0000a

0.0698a

0.0062a

0.0000a

0.0000a

0.9989b

0.0000b

0.0791b

0.0000b

0.9941b

0.0004b

0.0113b

0.0000b

0.0388b

0.8947b

0.0000b

0.0195b

0.0000a

0.8813a

0.0020a

0.0000a

0.0000a

0.0698a

0.0000a

0.9603a

0.0000a

0.0000a

0.0010a

0.0000a

0.0001b

1.0000b

0.2505b

0.0000b

0.0000b

0.9882b

0.0000b

1.0000b

0.0000b

0.0000b

0.0102b

0.0000b

0.0020a

0.0000a

0.0000a

0.0698a

0.0000a

0.0000a

0.0022a

0.0000a

0.1389a

0.2606a

0.0000a

0.0000a

0.6211b

0.0000b

0.0013b

0.9941b

0.0000b

0.0000b

0.3010b

0.0000b

0.5531b

1.0000b

0.0000b

0.4021b

0.0000a

0.1258a

0.0872a

0.0000a

0.0698a

0.0000a

0.0000a

0.0294a

0.0002a

0.0000a

0.0000a

0.0000a

0.0192b

0.9988b

0.9661b

0.0004b

0.9882b

0.0000b

0.0000b

0.9942b

0.0000b

0.0000b

0.0000b

0.0000b

0.0000a

0.0000a

0.0000a

0.0001a

0.0000a

0.0022a

0.0000a

0.0000a

0.9801a

0.0028a

0.0000a

0.5170a

0.0002b

0.0000b

0.0000b

0.0113b

0.0000b

0.3010b

0.0000b

0.0000b

1.0000b

0.6624b

0.0000b

1.0000b

0.0000a

0.9010a

0.0007a

0.0000a

0.9603a

0.0000a

0.0294a

0.0000a

0.0000a

0.0000a

0.0007a

0.0000a

0.0002b

1.0000b

0.3058b

0.0000b

1.0000b

0.0000b

0.9942b

0.0000b

0.0000b

0.0000b

0.0071b

0.0000b

0.0336a

0.0000a

0.0034a

0.0698a

0.0000a

0.1389a

0.0002a

0.9801a

0.0000a

0.2018a

0.0000a

0.6009a

0.0010b

0.0000b

0.0000b

0.0388b

0.0000b

0.5531b

0.0000b

1.0000b

0.0000b

0.8803b

0.0000b

1.0000b

0.0001a

0.0000a

0.0000a

0.0062a

0.0000a

0.2606a

0.0000a

0.0028a

0.0000a

0.2018a

0.0000a

0.0001a

0.2682b

0.0000b

0.0001b

0.8947b

0.0000b

1.0000b

0.0000b

0.6624b

0.0000b

0.8803b

0.0000b

0.7683b

0.0000a

0.0010a

0.0000a

0.0000a

0.0010a

0.0000a

0.0000a

0.0000a

0.0007a

0.0000a

0.0000a

0.0000b

0.0037b

0.0000b

0.0000b

0.0102b

0.0000b

0.0000b

0.0000b

0.0071b

0.0000b

0.0000b

0.0000a

0.0000a

0.0000a

0.0000a

0.0000a

0.0000a

0.0000a

0.5170a

0.0000a

0.6009a

0.0001a

0.0000a

0.0000b

0.0195b

0.0000b

0.4021b

0.0000b

1.0000b

0.0000b

1.0000b

0.7683b

0.0000b

0.0004b
0.0000b
b
Mann-Whitney U ; Tukey ; α = 0.0006

0.0000a
0.0000b
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Table 4.5: Cross-validation results from the classification of reflectance spectra based on the predictor model using the 9 bands identified and REP as predictor variables
A. hybridus

C. album

C. arvensis

P. aviculare

C.
esculentus

D. ferox

L.
multiflorum

S.
verticillata

T. minuta

T. terrestris

U.
panicoides

V.
bonariensis

Z. mays

Row Total

Producer's
Accuracy

A. hybridus

19

0

0

0

0

0

0

0

0

0

0

0

2

21

90.5

C. album

0

15

1

0

0

1

0

0

4

0

0

0

0

21

71.4

C. arvensis

0

0

19

0

0

0

0

0

2

0

0

0

0

21

90.5

P. aviculare

0

0

0

21

0

0

0

0

0

0

0

0

0

21

100.0

C. esculentus

0

0

0

0

21

0

0

0

0

0

0

0

0

21

100.0

D. ferox

0

0

5

0

0

16

0

0

0

0

0

0

0

21

76.2

L. multiflorum

0

0

0

0

0

0

19

0

0

0

2

0

0

21

90.5

S. verticillata

0

0

0

0

0

0

0

20

0

0

1

0

0

21

95.2

T. minuta

0

0

0

0

0

0

0

0

21

0

0

0

0

21

100.0

T. terrestris

0

1

2

0

0

0

0

0

0

18

0

0

0

21

85.7

U. panicoides

2

0

0

0

0

0

2

2

0

0

15

0

0

21

71.4

V. bonariensis

0

0

0

0

0

0

0

0

0

0

0

21

0

21

100.0

Z. mays

0

0

0

0

0

0

0

1

0

0

0

0

20

21

95.2

Column Total

21

16

27

21

21

17

21

23

27

18

18

21

22

273

User's Accuracy

90.5

93.8

70.4

100.0

100.0

94.1

90.5

87.0

77.8

100.0

83.3

100.0

90.9

Overall Accuracy = 89.7% ; Kappa = 0.89

102

correctly classified) with a Kappa coefficient of 0.89. Maize was correctly classified to
an accuracy of 95.2 per cent with only one of the cases misclassified as S. verticillata.
The inclusion/ exclusion of the REP as predictor variable did not affect the overall
classification results with the overall accuracy remaining at 89.7 per cent for both
discriminant analyses. The only difference between the two outputs was that without
the inclusion of REP in the predictor model, the producer’s accuracies for L.
multiflorum and S. verticillata were calculated at 85.7 per cent and 100 per respectively
(where three L. multiflorum spectra were misclassified as U. panicoides) whereas with
the inclusion of the REP, the producer’s accuracies for the two weeds were calculated
at 90.5 per cent and 95.2 per cent, improving the classification of L. multiflorum,
however resulting in the misclassification of one of the S. verticillata spectra as U.
panicoides.
The results are confirmed by a visual inspection of the canonical variable plots
(provided in figure 4.10) where the best performing species are typically associated
with a high level of separation from the remaining species (e.g. P. aviculare and V.
bonariensis) and/or a significantly lower variance (e.g. C. esculentus and T. minuta)
with the converse being true for the poorest performing species.

4.3. Potential Detection of Weeds based on Canopy-level
Reflectance
In order to determine the extent to which weed-species in the study area may be
successfully distinguished at canopy-level considering the potential effect of mixed
signals resulting from the highly variable nature of surface features that may be
present within an image pixel, reflectance spectra were collected from three different
sets of FOV-treatments. The first set of treatments contained only the four selected
endmembers within the FOV, the second set of treatments contained varying
proportions of maize, soil and C. esculentus (a representative monocotyledonous
weed), and the third set of treatments contained varying proportions of maize, soil and
T. minuta (a representative dicotyledonous weed). Results from the statistical
analyses of reflectance spectra collected from each of the three sets of treatments are
discussed in the sections that follow.
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Figure 4.10: Canonical variable plot showing the spectral separability of vegetation species included in the analysis

4.3.1. Analysis of Spectral Reflectance from Endmember FOVTreatments
4.3.1.1. Spectral Characterisation of Endmember FOV-Treatments
Photographs taken of the endmember treatments at nadir during data collection are
shown in figure 4.11 and the average canopy-level spectral response associated with
each treatment is shown and 4.12.
Based on an initial visual assessment of the mean spectral responses shown in figure
4.12 there appeared to be a high level of similarity between reflectance from maize
and C. esculentus in the VIS-range, where mean reflectance associated these
endmembers was noticeably higher than that associated with T. minuta.
Slightly different trends were observed in the red-edge slope of mean spectra
associated with the vegetated endmembers, with that of T. minuta being much steeper
than that of maize and C. esculentus, possibly resulting from the relatively lower
reflectance observed in the red chlorophyll absorption bands associated with T.
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minuta. As may have been expected there was little to no change in slope in the mean
spectral response associated with soil throughout the V-NIR region leading up to the
first major SWIR water absorption feature centred at approximately 1 400nm.

Figure 4.11: Photographs of Canopy-level endmember treatments taken at nadir during spectral datacollection (Photographs: J. Vermeulen)

The effect of vegetation cover and the soil background at a lower LAI became apparent
in the NIR-plateau region where those endmember treatments with a higher vegetation
cover showed a higher overall reflectance as well as noticeably deeper NIR waterabsorption features centred at approximately 1 000nm and 1 200nm. Similar trends
were also reported by Asner (1998). Furthermore, the NIR-shoulder directly adjacent
to the red-edge appeared to be less pronounced in the vegetated endmember spectra
at canopy level when compared to the leaf-level spectra (refer back to figure 4.1), also
an apparent effect of the soil background.
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Figure 4.12: Mean canopy-level reflectance spectra associated with endmember FOV-treatments

In the SWIR-region the carry-over effect of water-absorption as noted by Kumar et al.
(2003) was evident in the relatively lower reflectance associated with the more
vegetated endmember treatments (i.e. T. minuta and C. esculentus) and the higher
reflectance associated with maize. The overall effect of the SWIR water-absorption
features was also less pronounced in the mean spectral response from soil.
The absorption feature in the mean soil spectral curve at 2 200nm is well documented
in the literature and may be accounted for by the presence of hydroxyl-ions often
observed in soils containing high concentrations of clay minerals such as illite and
kaolinite (De Jong & Epema, 2003). This feature also appeared to be carried over to
the vegetated endmember spectra, apparently becoming less pronounced with an
increase in vegetation cover.
In order to identify those wave-bands most suitable for the potential spectral
discrimination of canopy-level endmember treatments a one way ANOVA and KruskalWallis test was carried out with spectral reflectance at each individual wave-band as
the continuous dependent variable and endmember FOV-treatment as the categorical
independent variable to determine the existence of statistically significant differences
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in reflectance between six potential pairs of endmember treatments at a significance
level of α = 0.008 (Bonferonni correction : α = 0.05/6).
The results from the one-way ANOVA as well as the Kruskal-Wallis test showed that
significant differences were present in the data-set at each individual wave-band (p <
0.008). Indicating that each waveband was able to successfully distinguish between
at least one pair of endmember treatments.
The Tukey post-hoc test was used for individual comparisons to identify those wavebands most suitable for the pair-wise spectral distinction of endmember treatments.
Pair-wise comparisons heat maps were generated for each endmember FOVtreatment and combined into a mean probability heat map (provided in figure 4.13)
showing those wavelength-regions most suitable for the detection of individual
endmember treatments.

Figure 4.13: Mean probability heat-map showing the wavelengths capable of uniquely characterising each
individual endmember treatment based on spectral reflectance

Taking into consideration the major differences in mean spectral reflectance (refer
back to figure 4.12) and the small sample size of three samples per treatment used
for this portion of the analysis, the results appeared to conform to the initial
observations made with regards to the general trends observed in mean spectral
reflectance. Wavelength-regions showing a high level of significance tended to
coincide with those regions showing the highest variability in mean reflectance with
the converse appearing to be true for those regions showing a low level of significance.
Significance levels were the highest for T. minuta and soil throughout the VIS-range
with the exception of the wavelengths between 530nm and 550nm which coincided
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with the wavelength-regions where the mean spectra for these endmembers tended
to overlap.
A high level of significance was observed in the NIR-plateau region, which is more
likely to be accounted for by differences in moisture content associated with vegetation
cover than the characteristics of the particular endmembers. Similarly, high
significance levels were observed for the weed-endmembers throughout the longer
wavelengths of the SWIR-region, which may be accounted for by the potential carryover effect of water-absorption discussed earlier in this section.
Narrow regions of high significance were observed for both maize and soil between
2 300nm and 2 310nm, corresponding to the wavelength-region directly adjacent to
the soil hydroxyl-absorption feature discussed earlier in this section.
As in the analysis of leaf-level reflectance spectra discussed in the previous section,
the frequency of successful pair-wise distinctions was calculated. Considering the
small number of potential pairs of treatments involved and the high level of significance
present in this particular data set already observed, the results showed no substantial
trends that would add value to the characterisation of endmember treatments dealt
with in this section.

4.3.2. Analysis of Spectral Reflectance from Cyperus esculentus
FOV-Treatments
4.3.2.1. Spectral Characterisation of Cyperus esculentus FOV-Treatments
Photographs of the FOV-treatments involving maize, soil and C. esculentus taken at
nadir during data collection are shown in figure 4.14 and the average canopy-level
spectral response associated with each treatment is shown in 4.15.
Based on an initial visual assessment of the mean reflectance spectra shown in figure
4.15 there appeared to be a similar pattern in spectral response of maize and C.
esculentus in the VIS-wavelengths which was also observed in the endmember
spectra discussed in the previous section. In this case, however, the spectral
responses associated with treatments MC 0105, MC 0204 (treatments dominated by
C. esculentus) and MC 0303 (equal proportions of maize and C. esculentus) also
closely adhered to this pattern.
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Figure 4.14: Photographs of FOV-treatments involving Maize, Cyperus esculentus and Soil taken at nadir
during data collection (Photographs: J. Vermeulen)

The treatments MC 0501, MC 0402 (treatments dominated by maize) and MC 0202
(equal proportions of maize, C. esculentus and soil) showed an overall lower and
slightly more varied pattern in the VIS-range, especially in the red chlorophyll
absorption feature which was the most pronounced for MC 0501. The spectral
response associated with the treatment MC 0101 (soil dominated) was completely
different from the other treatments in the VIS-wavelengths, showing a higher mean
reflectance in the red than in the green wavelengths as would have been expected in
a soil or soil-dominated response.
There appeared to be a high level of cohesion in the red-edge slope for all treatments
with the exception of MC 0101, which had a far gentler slope and much lower contrast
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between reflectance in the red and NIR-regions. The presence of an observable rededge pattern in the spectral response associated with this treatment (where soil cover
is at least 66 -70 per cent) does however indicate that the presence of only a small
proportion of a particular type of surface material (in this case, a small portion of
vegetation) present within the FOV may have a significant effect on the associated
spectral response.

Figure 4.15: Mean canopy-level reflectance spectra associated with FOV-treatments involving Maize,
Cyperus esculentus and Soil

Trends in spectral response patterns in the NIR- and SWIR-regions appeared to be
similar to those observed in the end-member canopy spectra. There was an apparent
increase in reflectance in the NIR-plateau region and a slight deepening of the NIR
water-absorption features with increased vegetation cover in the FOV. A lower overall
reflectance in the longer wavelengths of the SWIR-region was associated with the
more vegetated treatments. The hydroxyl absorption feature was also more prominent
in FOV-treatments with lower vegetation-cover.
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In order to identify those wave-bands most suitable for the potential spectral
discrimination of maize and C. esculentus FOV-treatments and to determine the extent
to which mixed spectral responses at canopy level may influence the potential spectral
discrimination of these treatments, a one way ANOVA and Kruskal-Wallis test was
carried out with spectral reflectance at each individual wave-band as the continuous
dependent variable and FOV-treatment as the categorical independent variable to
determine the existence of statistically significant differences in reflectance between
36 potential pairs of treatments at a significance level of α = 0.001 (Bonferonni
correction : α = 0.05/36).
The results from the one-way ANOVA as well as the Kruskal-Wallis test showed that
significant differences were present in the data-set at each individual waveband (p <
0.001). Indicating that each waveband was able to successfully distinguish between
at least one pair of FOV-treatments involving maize and C. esculentus.
The Tukey post-hoc test was used for individual comparisons to identify those wavebands most suitable for the pair-wise spectral distinction of FOV-treatments. Heatmaps generated from individual comparisons between the two endmember-treatments
and the variations between them are shown in figure 4.16. The most noticeable feature
of the heat-maps shown in this figure is the exceptionally high level of significance
observed in the NIR-plateau region for individual comparisons of maize. As mentioned
earlier, however, the differences observed here appeared to be a function of
vegetation cover rather than the vegetation species present within the FOV and were
to be expected considering that vegetation cover for the maize endmember treatments
were much different from that associated with the other treatments, which would also
explain why lower significance levels were observed in the NIR-plateau for the C.
esculentus pair-wise comparisons.
Noticeable significance levels were observed in the comparisons between the maize
endmember FOV-treatment and the two maize-dominated treatments (MC 0402 and
MC 0501) throughout the VIS-wavelengths. This was not expected as it would have
been acceptable to predict that the spectral response of maize would become more
and more ‘different’ as the FOV became more and more dominated by C. esculentus.
In this case, however, the converse appeared to be true.
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Figure 4.16: Probability heat-map showing the potential spectral distinction between the two endmember
FOV-treatments (Zea mays and Cyperus esculentus) and other FOV-treatments used in this portion of the
analysis as a function of wavelength (nm)

Pair-wise comparisons between spectral reflectance associated with C. esculentus
and other treatments showed a high level of significance in red-edge region toward
the longer wavelengths for treatments dominated by C. esculentus and toward the
shorter wavelengths for treatments dominated by maize.
In order to identify the presence of wave-bands most likely to be able to uniquely detect
individual FOV-treatments involving maize and C. esculentus, the mean probability for
each individual treatment was calculated at each wave-band and is shown in figure
4.17. The figure shows that despite the high level of significance observed in the NIRplateau region for individual comparisons involving the two endmembers in this set of
FOV-treatments, the spectral alterations associated with the mixed responses of the
other treatments in this region is less pronounced.
The treatments C. esculentus, MC 0105, MC 0204, MC 0303 and MC 0402 did not
appear to be uniquely different from all of the other treatments at any of the wavebands while the treatments MC 0501 (maize-dominated) and MC 0202 (equal
proportions of maize, C. esculentus and soil) showed significant mean probabilities in
the shorter wavelengths of the Red-Edge spectral region which may indicate a
potential REP-shift associated with the initial introduction of C. esculentus in the FOV.
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The highest overall significance in mean probability was observed for the soildominated treatment (MC 0101).

Figure 4.17: Mean probability heat-map showing the wavelengths capable of uniquely characterising each
individual C. esculentus treatment based on spectral reflectance

Figure 4.18: The frequency of successful pair-wise FOV-treatment distinctions based on spectral reflectance
plotted as a function of wavelength
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In order to determine the wavelength-regions most suitable for the spectral
characterisation of this set of FOV-treatments, the frequency of successful pair-wise
distinctions was calculated and is shown in figure 4.18 along with the mean spectral
responses for this set of treatments included for comparative purposes. The figure
shows peaks in the frequency of individual distinctions occurring at 520nm and
between 560nm and 590nm in the VIS-wavelengths with sharp increase occurring
towards the red-edge, peaking at 745nm. High frequencies were also observed
throughout the NIR-plateau. The lowest frequency of pair-wise distinctions was
observed in the SWIR-region between 1 600nm and 1 775nm while relatively high
frequencies were observed in the longer SWIR wavelengths between 2 000nm and
2 300nm.
4.3.2.2. Red-Edge Position and Slope
Figure 4.19 a & b show the mean spectral reflectance and first-order derivative spectra
associated with C. esculentus FOV-treatments in the red-edge spectral region. Peaks
in the mean first-order derivative curves appeared to occur within a 10nm range
between 695nm and 705nm with that associated with the maize endmember treatment
occurring toward the shorter wavelengths of this range and those associated with
mixed spectral responses occurring toward the longer wavelengths. Vegetation cover
appeared to have had a larger influence on slope than vegetation composition.
The mean red-edge slope and position associated with each of the C. esculentus FOVtreatments is provided in table 4.6. Whereas the difference in the REPs associated
with the two endmember FOV-treatments was only 1.3nm, a minor shift towards the
longer wavelengths of this particular region appeared to be associated the mixed
responses as the FOV became more dominated by C esculentus. With regards to the
existence of possible trends in the slope of maximum inflection, there appeared
increase in red-edge slope with increasing vegetation cover in the FOV.

4.3.3. Analysis of Spectral Reflectance from Tagetes minuta FOVTreatments
4.3.3.1. Spectral Characterisation of Tagetes minuta FOV-Treatments
Photographs of the FOV-treatments involving maize, soil and T. minuta taken at nadir
during data collection are shown in figure 4.20 and the average canopy-level spectral
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Figure 4.19: a) Mean Reflectance and b) First-order derivative spectra associated with Cyperus esculentus
FOV-Treatments in the red-edge spectral region

Table 4.6: Summary of Red-Edge Slope and Position associated with Cyperus esculentus FOV-Treatments

Treatment
Zea mays

REP (nm)

Slope
698

0.248352

Cyperus esculentus

699.3

0.265253

MC 0105

700.7

0.295478

MC 0204

700.7

0.291319

MC 0303

702

0.306157

MC 0402

702

0.241062

MC 0501

704.7

0.285427

MC 0101

704.7

0.112362

MC 0202

702

0.252253

response associated with each individual treatment is shown in figure 4.21. One of the
most noticeable aspects concerning the mean spectral response curves shown in
figure 4.21 is the difference in mean reflectance between the two end-member
treatments (Zea mays and Tagetes minuta) in the VIS-range, especially the
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differences in the depth of the red chlorophyll absorption features associated with the
two treatments.

Figure 4.20: Photographs of FOV-treatments involving Maize, Tagetes minuta and Soil taken at nadir during
data collection

General trends in mean reflectance associated with this set of treatments were
noticeably more varied than those observed in the C. esculentus treatments. There
appeared to be a general increase in absorption in the VIS-wavelengths with
increasing proportions of T. minuta in the FOV as well as apparent variations in the
red-edge pattern between the different treatments. As in the case of the C. esculentus
treatments, reflectance in the NIR- and SWIR-regions appeared to be mainly
controlled by vegetation and soil-cover.
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Figure 4.21: Mean canopy-level reflectance spectra associated with FOV-treatments involving Maize,
Tagetes minuta and Soil

In order to identify those wave-bands most suitable for the potential spectral
discrimination of maize and T. minuta FOV-treatments and to determine the extent to
which mixed spectral responses at canopy level may influence the potential spectral
discrimination of these treatments, a one way ANOVA and Kruskal-Wallis test was
carried out with spectral reflectance at each individual wave-band as the continuous
dependent variable and FOV-treatment as the categorical independent variable to
determine the existence of statistically significant differences in reflectance between
36 potential pairs of treatments at a significance level of α = 0.001 (Bonferonni
correction : α = 0.05/36).
The results from the one-way ANOVA as well as the Kruskal-Wallis test showed that
significant differences were present in the data-set at each individual waveband (p <
0.001). Indicating that each waveband was able to successfully distinguish between
at least one pair of FOV-treatments involving maize and T. minuta.
The Tukey post-hoc test was used for individual pair-wise comparisons to identify
those wave-bands most suitable for the spectral distinction of FOV-treatments. Heat
maps generated from individual comparisons between the two endmember-treatments
and the variations between them are shown in figure 4.22.
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Figure 4.22: Probability heat-map showing the potential spectral distinction between the two endmember
FOV-treatments (Zea mays and Tagetes minuta) and other FOV-treatments used in this portion of the
analysis as a function of wavelength (nm)

Highly significant differences in mean reflectance were observed between maize and
other treatments throughout the V-NIR and SWIR-regions with non-significant
differences occurring in narrow portions of the red-edge region. The stepped pattern
of these narrow regions of no significance indicates that the spectral curves for the
different treatments tended to intersect with that of maize at slightly different
wavelengths in the red-edge region, suggesting that there may exist significant
differences in the red-edge position and slope for certain treatments.
In order to identify the presence of wave-bands most likely to be able to uniquely detect
individual FOV-treatments involving maize and T. minuta, the mean probability for
each individual treatment was calculated at each wave-band and is shown in figure
4.23.
An overall higher level of significance in mean probability was observed for this set of
treatments, indicating that larger alterations in the spectral reflectance characteristics
were associated with different FOV-treatments. The lowest overall significance was
observed for the T. minuta dominated treatments (MT 0105 and MT 0204) while the
highest overall significance levels were observed for the maize endmember treatment
and the soil dominated treatment (MT 0101).
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Figure 4.23: Mean probability heat-map showing the wavelengths capable of uniquely characterising each
individual T. minuta treatment based on spectral reflectance

In order to determine the wavelength-regions most suitable for the spectral
characterisation of this set of FOV-treatments, the frequency of successful pair-wise
distinctions was calculated and is shown in figure 4.24 along with the mean spectral
responses for this set of treatments included for comparative purposes.

Figure 4.24: The frequency of successful pair-wise FOV-treatment distinctions based on spectral reflectance
plotted as a function of wavelength
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A very much similar pattern in the frequency of successful pair-wise distinctions
emerged for this set of treatments as for the C. esculentus treatments with the key
difference being the lower frequency observed in the NIR-plateau region. Peaks were
identified in the green wavelength-region at 525nm and between 564nm and 566nm
as well as in the red-edge region between 699nm and 714nm. Furthermore, peaks
were identified in the NIR-plateau region at 993nm and in the SWIR-region at 1 508nm,
1 793nm, 1 978nm and between 2 110nm and 2 303nm
4.3.3.2. Red-Edge Position and Slope
Figure 4.25 a & b show the mean spectral reflectance and first-order derivative spectra
associated with T. minuta FOV-treatments in the red-edge spectral region. Based on
the position of the peaks in the first-order derivative curves shown in figure 4.25b there
appeared to be a much higher variation in REP for this set of treatments when
compared to the C. esculentus FOV-treatments. Furthermore, an apparent shift in
REP was observed whereby mean first-order derivative peaks associated with maize
and maize-dominated FOV-treatments tended to occur towards the shorter
wavelengths of this particular range (690nm – 720nm), shifting towards the longer
wavelengths with increasing proportions of T. minuta present within the spectrometer
FOV.

Figure 4.25: a) Mean Reflectance and b) First-order derivative spectra associated with Tagetes minuta FOVTreatments in the red-edge spectral region
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The mean red-edge slope and position associated with each of the T. minuta FOVtreatments is provided in table 4.7. The table confirms that the REPs associated with
the two endmember treatments occurred at the extremes of the potential range with
maize at 698nm and T. minuta at 715.4nm and a clear shift in the REP towards the
longer wavelengths with increasing proportions of T. minuta present in the FOV. No
obvious trends were observed in terms of the red-edge slope for this set of treatments.
Table 4.7: Summary of Red-Edge Slope and Position associated with Tagetes minuta FOV-Treatments

Treatment

REP

Slope

Zea mays

698.0

0.248351

Tagetes minuta

715.4

0.32312

MT 0105

708.7

0.313596

MT 0204

706.9

0.317669

MT 0303

704.7

0.302427

MT 0402

704.7

0.325166

MT 0501

701.1

0.281583

MT 0101

704.7

0.200531

MT 0202

704.7

0.271108

4.4. Potential Detection of Weeds Based on Multispectral
Reflectance
4.4.1.

Resampling

of

Reflectance

Spectra

to

Multispectral

Resolutions
Figure 4.26 shows the mean leaf-level reflectance curves of the vegetation species
used in this analysis resampled to the spectral band designations of a) Pléiades, b)
WorldView-2 (WV2), and c) WorldView-3 (WV3) and plotted using the central
wavelengths of each multispectral broad-band as anchor point. Taking into
consideration that the spectral band-designations of WV2 are identical to those of the
first eight bands of WV3, the results from the analysis for these two sensors are
presented together while specifying those portions that were only applicable to the
latter.
Based on the spectral response curves shown in figure 4.26, it is evident that the level
of detail present within the data increased with the number of spectral bands. The
highest level of generalisation was observed for the data resampled to the Pléiades
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Figure 4.26: Mean Leaf-level Reflectance Spectra Resampled to the spectral band designations of a) Pléiades,
b) WorldView-2 and c) WorldView-3, and plotted using the central wavelengths of multispectral bands as
anchor points
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band-designations while the highest level of spectral detail was observed for the data
resampled to the WV3 band-designations. The WV2-resampled data served as a
perfect intermediate between these two sensors as it had a similar spectral range to
the Pléiades data (restricted to the V-NIR range), however, with the addition of four
strategically placed multispectral bands. An improvement in the level of spectral detail
associated with the inclusion of these bands was apparent upon an initial visual
inspection.

4.4.2. Statistical Analysis of Multispectral Reflectance
4.4.2.1 Pléiades
The results from the statistical testing for significant differences in mean multispectral
reflectance associated with maize and weed-species in the study area based on
Pléiades band designations are presented in table 4.8. Highly significant p-values
indicate the existence of statistically significant differences between at least one pair
of vegetation species at each of the four Pléiades multispectral bands.
Table 4.8: Output Results from Statistical Testing for significant differences between Multispectral
Reflectance Associated with Vegetation-species based on the Spectral band-designations of the Pléiades
Sensor

Band
Blue

Green

Red

NIR

a

Test

Degrees of
Freedom

Test Statistic

Probability
(p)

Effect Size
(partial Eta2)

ANOVA

12

33.331 a

< 0.0006

0.606

Brown-Forsythe

12

33.331 b

< 0.0006

-

Welch

12

58.723

b

< 0.0006

-

ANOVA

12

34.783 a

< 0.0006

0.616

Brown-Forsythe

12

34.783 b

< 0.0006

-

Welch

12

43.728

b

< 0.0006

-

ANOVA

12

34.954 a

< 0.0006

0.617

Brown-Forsythe

12

34.945 b

< 0.0006

-

Welch

12

48.918 b

< 0.0006

-

ANOVA

12

27.562 a

< 0.0006

0.560

Brown-Forsythe

12

27.562 b

< 0.0006

-

Welch

12

52.510 b

< 0.0006

-

F-Statistic ; Asymptotically F-Distributed

b

Effect size estimates ranged from 0.56 (NIR) to 0.617 (Red), indicating that
approximately 56 – 61 per cent of multispectral reflectance may be accounted for by
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vegetation species. The Tukey post-hoc test was used to determine the statistical
significance of differences in reflectance between 78 individual pairs of species at each
of the four multispectral bands.
Similar to the manner in which the ‘species distinction potential’ heat-map was
generated in the analysis of leaf-level hyperspectral reflectance, the results from the
pair-wise comparisons testing were used to calculate a series binary matrices in which
a value of ‘1’ represented significant pair-wise comparisons (p < 0.0006) and ‘0’
represented non-significant pair-wise comparisons (p > 0.0006) at the intersection
between each possible pair of vegetation species. Corresponding values in each of
the matrices were summed to calculate the total number of successful pair-wise
distinctions associated with each individual species at each of the multispectral bands
and are presented in table 4.9.
Table 4.9: Summary of the Potential Spectral Distinction of each individual Pléiades Multispectral Band
based on the number of statistically significant pair-wise comparisons

Vegetation Species
Amaranthus hybridus
Chenopodium album
Convolvulus arvensis
Cyperus esculentus
Datura ferox
Lolium multiflorum
Polygonum aviculare
Setaria verticillata
Tagetes minuta
Tribulus terrestris
Urochloa panicoides
Verbena bonariensis
Zea mays
TOTAL

Successful Pair-Wise Distinctions (% of Potential Pairs)
Pleiades Multispectral Band
Blue
Green
Red
NIR
5
5
5
3
(41.67)
(41.67)
(41.67)
(25.00)
6
6
6
3
(50.00)
(50.00)
(50.00)
(25.00)
4
4
5
4
(33.33)
(33.33)
(41.67)
(33.33)
7
6
7
4
(58.33)
(50.00)
(58.33)
(33.33)
7
7
8
6
(58.33)
(58.33)
(66.67)
(50.00)
6
7
6
4
(50.00)
(58.33)
(50.00)
(33.33)
7
6
6
3
(58.33)
(50.00)
(50.00)
(25.00)
6
5
5
5
(50.00)
(41.67)
(41.67)
(41.67)
3
4
5
4
(25.00)
(33.33)
(41.67)
(33.33)
7
8
8
10
(58.33)
(66.67)
(66.67)
(83.33)
5
5
7
4
(41.67)
(41.67)
(58.33)
(33.33)
5
7
8
9
(41.67)
(58.33)
(66.67)
(75.00)
6
6
8
9
(50.00)
(50.00)
(66.67)
(75.00)
74
76
84
68
(47.44)
(48.72)
(53.85)
(43.59)
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Based on the overall scores provided in the bottom row of table 4.9, all four of the
Pléiades multispectral bands performed similarly in terms of the potential distinction of
vegetation species, indicating that each band may potentially distinguish each
individual species from between 43.59 per cent (NIR) and 53.85 per cent (red) of the
other species included in the analysis. The weed-species showing the highest
potential spectral separation from other species based on the Pléiades banddesignations were D. ferox, T. terrestris and V. bonariensis. In the NIR-band, maize
showed statistically significant differences in mean reflectance from nine of the
selected weeds (75 per cent).
4.4.2.2. WorldView 2 & 3
The results from the statistical testing for significant differences in mean multispectral
reflectance associated with maize and weed-species in the study area based on WV2
and WV3 band designations are presented in table 4.10. Highly significant p-values
indicate the existence of statistically significant differences between at least one pair
of vegetation species at each of the eight WV2 and sixteen WV3 multispectral bands.
Effect size estimates ranged from 0.556 (red) to 0.796 (SWIR2), indicating that
approximately 56 – 80 per cent of multispectral reflectance may be accounted for by
vegetation species. Effect size estimates were the highest for the WV3 SWIR-bands,
indicating a possible improvement in potential vegetation species distinction
associated with the extension of the spectral range into the SWIR-region.
The Tukey post-hoc test was used to determine the statistical significance of
differences in reflectance between individual pairs of species at each of the sixteen
multispectral bands. As with the results from the pair-wise comparisons testing of the
Pléiades-resampled reflectance data, the post-hoc comparisons were used to
calculate the total number of successful pair-wise distinctions associated with each
individual species at each of the multispectral bands and are presented in table 4.11.
The most noticeable aspect of the results shown in table 4.11 is the relatively high
level of potential for pair-wise species distinction associated with the WV3 SWIRbands. P. aviculare, for example, which did not show a high level of spectral separation
in the V-NIR bands was distinguishable from all of the other species in SWIR bands
2-8.
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Table 4.10: Output Results from Statistical Testing for significant differences between Multispectral Reflectance Associated with Vegetation-species based on the
Spectral band-designations of the WorldView-2 and WorldView-3 Sensors
Band

Test

Coastal c
,d

ANOVA
Welch
Brown-Forsythe
ANOVA

Blue c , d

Welch
Brown-Forsythe
ANOVA

Green

c

,d

Welch
Brown-Forsythe
ANOVA

Yellow

c

,d

Welch
Brown-Forsythe
ANOVA

Red c , d

Welch
Brown-Forsythe

Effect Size
(partial Eta2)

< 0.0006

.594

12
12

53.766 b

12

31.735 b

< 0.0006

-

12
12

29.418 a

< 0.0006

.576

54.453 b

< 0.0006

-

12

29.418 b

< 0.0006

-

12
12

35.478 a

< 0.0006

.621

41.673 b

< 0.0006

-

12

35.478 b

12
12

32.646 a

< 0.0006

.601

38.722 b

< 0.0006

-

12

32.646 b

12
12

27.164 a

< 0.0006

.556

40.475 b

< 0.0006

-

b

< 0.0006

-

< 0.0006

< 0.0006

12
12

< 0.0006

.672

62.468 b

< 0.0006

-

Brown-Forsythe

12

44.323 b

< 0.0006

-

12
12

27.325 a

< 0.0006

.558

51.880 b

< 0.0006

-

12

27.325 b

12
12

28.095 a

< 0.0006

.565

52.483 b

< 0.0006

-

12

28.095 b

ANOVA
Welch
Brown-Forsythe
a

b

< 0.0006

-

12

< 0.0006

-

12
12

84.583 a

< 0.0006

.796

72.546 b

< 0.0006

-

12

84.583 b

< 0.0006

-

12
12

77.365 a

< 0.0006

.781

66.201 b

< 0.0006

-

12

77.365 b

< 0.0006

-

12
12

79.131 a

< 0.0006

.785

65.806 b

< 0.0006

-

12

79.131 b

< 0.0006

-

12
12

80.576 a

< 0.0006

.788

56.456 b

< 0.0006

-

12

80.576 b

< 0.0006

-

< 0.0006

.791

Welch

12
12

82.020 a
57.524 b

< 0.0006

-

Brown-Forsythe

12

82.020 b

< 0.0006

-

12
12

78.722 a

< 0.0006

.784

53.813 b

< 0.0006

-

12

78.722 b

< 0.0006

-

12
12

68.106 a

< 0.0006

.759

47.810 b

< 0.0006

-

12

68.106 b

< 0.0006

-

Welch

Welch

Welch
Brown-Forsythe
ANOVA
Welch
Brown-Forsythe
ANOVA

SWIR-6 d

ANOVA
SWIR-7 d

Welch
Brown-Forsythe
ANOVA

SWIR-8 d

c

< 0.0006

37.161 b

ANOVA

-

< 0.0006

52.000 b

Welch

Brown-Forsythe

SWIR-5 d

F-Statistic ; Asymptotically F-Distributed ; WorldView2-band ; WorldView3-band

Effect Size
(partial Eta2)
.632

ANOVA

SWIR-4 d

Probability
(p)
< 0.0006

Brown-Forsythe
SWIR-3 d

Test
Statistic
37.161 a

ANOVA
SWIR-2 d

Degrees of
Freedom
12
12

Brown-Forsythe

-

< 0.0006

Test

ANOVA
SWIR-1 d

-

Welch

Welch

Band

-

44.323 a

Brown-Forsythe
NIR-2 c , d

31.735 a

Probability
(p)

27.164

ANOVA
NIR-1 c , d

Test
Statistic

12

ANOVA
Red
Edge c , d

Degrees of
Freedom

Welch
Brown-Forsythe

d
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Table 4.11: Summary of the Potential Spectral Distinction of each individual WV2 and WV3 Multispectral Band based on the number of statistically significant pair-wise
comparisons

Successful Pair-Wise Distinctions (% of Potential Pairs)
WorldView 2 & 3 Multispectral Band
Vegetation Species
Amaranthus hybridus
Chenopodium album
Convolvulus arvensis
Cyperus esculentus
Datura ferox
Lolium multiflorum
Polygonum aviculare
Setaria verticillata
Tagetes minuta
Tribulus terrestris
Urochloa panicoides
Verbena bonariensis
Zea mays
TOTAL

Coastal
c,d

4
(33.33)
2
(16.67)
4
(33.33)
8
(66.67)
8
(66.67)
5
(41.67)
7
(58.33)
8
(66.67)
5
(41.67)
8
(66.67)
4
(33.33)
5
(41.67)
4
(33.33)
72
(46.15)

Blue c , d
6
(50.00)
5
(41.67)
4
(33.33)
7
(58.33)
9
(75.00)
6
(50.00)
7
(58.33)
6
(50.00)
3
(25.00)
7
(58.33)
5
(41.67)
4
(33.33)
5
(41.67)
74
(47.44)

Green

Yellow

c,d

c,d

5
(41.67)
6
(50.00)
4
(33.33)
6
(50.00)
7
(58.33)
8
(66.67)
6
(50.00)
5
(41.67)
4
(33.33)
8
(66.67)
6
(50.00)
7
(58.33)
6
(50.00)
78
(50.00)

5
(41.67)
6
(50.00)
4
(33.33)
6
(50.00)
7
(58.33)
7
(58.33)
6
(50.00)
6
(50.00)
4
(33.33)
7
(58.33)
5
(41.67)
7
(58.33)
6
(50.00)
76
(48.72)

Red c , d
5
(41.67)
7
(58.33)
6
(50.00)
7
(58.33)
8
(66.67)
6
(50.00)
7
(58.33)
5
(41.67)
2
(16.67)
7
(58.33)
6
(50.00)
5
(41.67)
7
(58.33)
78
(50.00)

Red
Edge c , d
4
(33.33)
4
(33.33)
4
(33.33)
5
(41.67)
9
(75.00)
4
(33.33)
4
(33.33)
6
(50.00)
5
(41.67)
11
(91.67)
4
(33.33)
11
(91.67)
11
(91.67)
82
(52.56)

NIR1 c , d
3
(25.00)
3
(25.00)
4
(33.33)
4
(33.33)
6
(50.00)
4
(33.33)
3
(25.00)
5
(41.67)
4
(33.33)
10
(83.33)
4
(33.33)
9
(75.00)
9
(75.00)
68
(43.59)

NIR2 c , d
3
(25.00)
4
(33.33)
4
(33.33)
4
(33.33)
7
(58.33)
4
(33.33)
3
(25.00)
5
(41.67)
4
(33.33)
10
(83.33)
4
(33.33)
10
(83.33)
8
(66.67)
70
(44.87)

SWIR1 d
4
(33.33)
4
(33.33)
4
(33.33)
3
(25.00)
6
(50.00)
5
(41.67)
10
(83.33)
4
(33.33)
6
(50.00)
9
(75.00)
4
(33.33)
12
(100.0)
7
(58.33)
78
(50.00)

SWIR2 d
3
(25.00)
7
(58.33)
4
(33.33)
5
(41.67)
3
(25.00)
4
(33.33)
12
(100.0)
7
(58.33)
6
(50.00)
8
(66.67)
6
(50.00)
12
(100.0)
5
(41.67)
82
(52.56)

SWIR3 d
3
(25.00)
5
(41.67)
3
(25.00)
3
(25.00)
3
(25.00)
3
(25.00)
12
(100.0)
5
(41.67)
6
(50.00)
9
(75.00)
5
(41.67)
12
(100.0)
5
(41.67)
74
(47.44)

SWIR4 d
3
(25.00)
7
(58.33)
4
(33.33)
5
(41.67)
3
(25.00)
4
(33.33)
12
(100.0)
6
(50.00)
6
(50.00)
9
(75.00)
6
(50.00)
12
(100.0)
5
(41.67)
82
(52.56)

SWIR5 d
5
(41.67)
9
(75.00)
5
(41.67)
6
(50.00)
6
(50.00)
7
(58.33)
12
(100.0)
10
(83.33)
6
(50.00)
8
(66.67)
7
(58.33)
12
(100.0)
5
(41.67)
98
(62.82)

SWIR6 d
5
(41.67)
8
(66.67)
5
(41.67)
6
(50.00)
5
(41.67)
5
(41.67)
12
(100.0)
9
(75.00)
6
(50.00)
8
(66.67)
7
(58.33)
12
(100.0)
4
(33.33)
92
(58.97)

SWIR7 d
5
(41.67)
9
(75.00)
5
(41.67)
6
(50.00)
5
(41.67)
6
(50.00)
12
(100.0)
10
(83.33)
6
(50.00)
8
(66.67)
7
(58.33)
12
(100.0)
5
(41.67)
96
(61.54)

SWIR8 d
5
(41.67)
9
(75.00)
6
(50.00)
8
(66.67)
4
(33.33)
6
(50.00)
12
(100.0)
10
(83.33)
6
(50.00)
7
(58.33)
6
(50.00)
11
(91.67)
4
(33.33)
94
(60.26)

WorldView2 band c ; WorldView3 band d
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4.5. General Discussion of Results
4.5.1. Weed-detection based on Leaf-level Reflectance
Throughout the processing and analysis of leaf-level spectra, the three species that
consistently showed atypical patterns compared to those observed in the other
species were P. aviculare, T. terrestris and V. bonariensis. This may be explained by
inherent differences in reflectance resulting from relatively unique leaf-surface
characteristics. The leaves of T. terrestris, for example exist out of several (between
8 and 10) smaller leaflets approximately 5mm in length and 1mm in width, which would
have resulted in a high level of variation in spectral reflectance throughout the
electromagnetic spectrum due to the increased likelihood of inconsistent placement of
the leaves within the leaf-clip during data collection.
The leaves of V. bonariensis, are extremely thin with large amounts of leaf-hairs on
the adaxial surface while the leaves of P. aviculare are much thicker than that of the
other species in the analysis with a thick waxy surface. According to the relevant
literature, the presence of leaf-hairs on the surface of the V. bonariensis leaves would
have resulted in a higher average reflectance in the VIS-wavelengths while their effect
in the NIR- and SWIR-ranges would have been relatively unpredictable. The waxy
cuticle covering the surface of P. aviculare would have improved specular reflection
and increased overall reflectance in the V-NIR wavelengths (Sims & Gamon, 2002;
Kumar et al., 2003). These trends were partially observed in the present study where
the spectral response of V. bonariensis was relatively high in the VIS-wavelengths and
significantly higher in the NIR- and SWIR-ranges compared to other species. For P.
aviculare, spectral reflectance in the VIS-region appeared to conform to the general
pattern observed for the majority of species while a highly irregular pattern in the NIRregion and significantly lower reflectance in the SWIR-region compared to other
species was observed.
The relevant literature would suggest that vegetation spectral reflectance in the SWIRregion of the electromagnetic spectrum is mainly controlled by strong water-absorption
features that occur in this region, especially at canopy-level, and that electromagnetic
absorption by certain leaf-biochemicals such as starch, cellulose, lignin and nitrogen
would exert a secondary effect, often overshadowed by the overall effect of waterabsorption (Gates, 1965; Zwiggelaar, 1998; Kumar et al., 2003; Campbell et al, 2008).
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It should therefore follow that since the spectral reflectance in this region is primarily
a function of water-content within the leaf, spectrometer FOV or image pixel, it would
not have been possible to uniquely identify the contents of a target plant based on
SWIR-reflectance. The results of the present study, however, indicated that based on
the analytical procedures followed, there exists a consistently high potential for the
characterisation of weed-species in this region based on leaf-level reflectance. This
was observed in the partial eta2 calculations (refer back to figure 4.2) where effect-size
estimates based on parametric- as well as nonparametric statistical testing were
relatively high ranging between 0.7 and 0.8; throughout the post-hoc comparisons
testing (refer back to figures 4.4. and 4.5) where three of the weed-species could be
uniquely characterised based on reflectance in the wavelengths between 2 100nm
and 2 350; and the frequency of successful pair-wise species distinctions where peaks
were observed at the wave-bands: 1335.1nm, 1508.1nm, 2075.8nm, 2164.5nm and
2342.2nm.
Similar results have been reported by Sobhan (2007), where a very much similar trend
in the frequency of successful pair-wise distinctions in leaf-level reflectance was
observed for 26 different tree-species using the non-parametric Mann-Whitney U-test
as shown in figure 4.27 (compared to the trend shown in figure 4.7). Sobhan (2007)
was further able to identify wavelength regions of 1 610nm – 1 680nm and 2 075 –
2 175nm to be appropriate for the spectral distinction between the 26 tree species.
Similarly, in the study by Gray et al. (2009) the wavelength regions of 2 030nm –
2 090nm and 2 115nm – 2 135nm in the SWIR-region were identified to be appropriate
for the spectral discrimination of soybean-crops and six different weed-species based
on a Principle Component Analysis.
The potential leaf-level spectral characterisation of weed-species in the study area
based on reflectance in the red-edge region of the vegetation spectral response was
also tested in the present study. The results showed that the position of the red-edge
could successfully distinguish between maize and the majority of weed-species (with
the exception of T. terrestris and C. esculentus), however only two out of the twelve
weed-species (L. multiflorum and V. bonariensis) showed statistically significant
differences in REP from the majority of other species, indicating that this parameter
was only moderately successful at characterising individual species (refer back to
table 4.2).
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Figure 4.27: Frequency Plot showing statistically significant differences between median reflectance of 26
tree species as observed by Sobhan (2007) (Source: Sobhan, 2007).

The red-edge slope also showed moderate success with the majority of species
showing significant differences in red-edge slope from between five and seven other
species. Only in the case of V. bonariensis could significant differences be detected
from eight other species in the analysis (refer back to table 4.4). The major drawback
of the performance of the red-edge slope was that maize only showed significant
differences from seven weed species, indicating that this parameter was less effective
in terms of crop-weed discrimination than the REP-parameter. It is noteworthy,
however, that using the red-edge slope, maize was successfully distinguished from all
of the broad-leaf weeds with the exception of T. terrestris, indicating that the red-edge
slope associated with the species included in this analysis may be potentially
successful at distinguishing between more robust groupings of vegetation types.
In the study by Cho et al. (2008), the REP proved to be highly successful in the
classification of vegetation species. It should be noted, however, that in this particular
study the vegetation species under investigation included a variety of different trees
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and shrubs, and that the physiological differences that exist between such species
may have played a prominent role in the results obtained. Similarly, Cochrane (2000)
found that red-edge characteristics could be successfully applied in the discrimination
between mahogany and 25 other tree-species (where only four species did not show
significant differences). It should be noted that in this particular study, only the relative
differences between the red-edge reflectance of a single species (mahogany) and the
remaining species were taken into consideration and that the study was not
necessarily aimed at uniquely identifying individual vegetation species. It is therefore
important to keep in mind that the present study dealt with very much similar vegetation
species in the early stages of their lifecycles when spectral distinction would have been
at a minimum (Asner, 1998; Zwiggelaar, 1998) and that the potential use of red-edge
parameters may be more effective for late-season weed detection.

4.5.2. Weed-detection based on Canopy-level Reflectance
One of the key objectives stated at the outset of the present study was to determine
whether differences in the reflectance spectra identified at leaf-level would be
detectable at canopy-level, thereby assessing the manner in which the external
controls over vegetation optical properties as described by authors such as Asner
(1998), Zwiggelaar (1998), Kumar et al. (2003) and Cho et al. (2008) may influence
the potential spectral characterisation of maize and selected weeds. Figure 4.28
provides a comparative view of the results from the pair-wise comparisons testing
between the vegetated endmember spectra used in the canopy-level analysis and
their counterpart comparisons at leaf-level. It could be gathered from this figure that
overall spectral distinction between these species was improved from leaf- to canopylevel throughout the V-NIR and SWIR-ranges.
In the leaf- and canopy-level comparisons between maize and C. esculentus, no
significant differences in reflectance could be detected in the green wavelengths
(514nm – 560nm) at leaf-level, however, significant differences were detected
between spectral reflectance in these wavelengths at canopy-level. A possible
explanation for this was provided earlier in the chapter where the potential effects of
the yellow inflorescence of C. esculentus was speculated upon, a factor that would not
have played a role at leaf-level. The significance of this observation could be debatable
from a phenological point of view (i.e. the question of whether C. esculentus would
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display florescence during the CPWC for maize). In this case, the potential role of such
occurrences may hold some merit considering that this particular weed is perennial in
nature and did in fact display florescence during the initial field scouting exercise that
took place soon after planting. Such factors would, however require further
investigation for valid conclusions to be drawn.

Figure 4.28: A comparative view of the results from the pair-wise comparisons testing between the
vegetated endmember spectra used in the canopy-level analysis and their counterpart comparisons at leaf
level

This type of observation is supported by authors such as Everitt et al. (1987) who
suggested that factors such as the typical growth form and habits of weed-species
could potentially enhance the possibility of identifying affected areas from remotely
sensed data. Cho et al. (2008) also reported similar findings and concluded that the
differences in the structural properties of vegetation species at canopy-level was able
to enhance discrimination based on spectral reflectance. Sufficient knowledge of the
growth-cycles, emergence patterns, reproductive habits and structural properties of
weed-species, coupled with improved spatial resolutions could therefore enhance the
application of remote sensing techniques for weed detection in agricultural fields.
In the analysis of mixed spectral responses of the T. minuta and C. esculentus canopylevel FOV-treatments, a notable difference was observed in mean reflectance at the
red absorption feature associated with maize and T. minuta, an occurrence that was
not observed in the C. esculentus treatments (refer back to figure 4.21). This was
originally thought to have been the result of an operators-error that may have occurred
during the collection of reflectance spectra, for example, changes in illumination
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conditions in the short period of time between white reference and target scans. Upon
further investigation of the ancillary data and additional reflectance data that were
collected but not included in the analysis, however, it was found that no clouds were
noted at the time of measurement and that the presence of only a small amount of T.
minuta in the FOV in the maize endmember treatment may have had a significant
effect on reflectance in the VIS and red-edge wavelength-regions.
A test spectrum collected during canopy-level data collection from the T. minuta set of
treatments is shown in figure 4.29 where two small patches of T. minuta were
introduced into the spectrometer FOV of the maize endmember treatment (see inset
photograph in figure 4.29). Although not part of the official analysis, this was a key
finding in the investigation as it showed that this small alteration in the properties of
the FOV resulted in a noticeable ‘pulling-down’ of the red chlorophyll absorption
feature, causing a major change in the characteristics of the red-edge in the process.
In the analysis of the potential differentiation of FOV-treatments based on canopylevel reflectance, peaks in the frequency of successful pair-wise distinctions were
consistently observed in the green wavelengths as well as the red-edge region. The
patterns observed in the SWIR-region were very much similar to that observed for the
leaf-level spectra with an apparent decrease in frequency in the shorter SWIRwavelengths between approximately 1 600nm and 1 800nm and peaks occurring
towards the longer SWIR-wavelengths. Although this pattern was consistent with that
observed at leaf-level, the magnitude thereof when compared to the peaks observed
in the V-NIR region was noticeably lower (refer back to figures 4.17 and 4.23). Another
key difference between these aspects of the leaf- and canopy-level spectra was the
high level of spectral distinction observed in the NIR-plateau region. It was, however
noted repeatedly that reflectance in this region appeared to be mostly controlled by
vegetation cover. This confirms, on the one hand, the suggestion made by Zwiggelaar
(1998) that spectral reflectance alone was insufficient for weed detection in row crops,
however strengthens the argument that factors such as growth patterns and the
presence of vegetation in inter-row spacings may be taken advantage of, especially
through the use techniques such as vegetation index-thresholding, texture analysis,
image segmentation and OBIA in high spatial resolution remotely sensed data (Everitt
et al, 1978; Lamb & Brown, 2001; Pena et al., 2013).
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Figure 4.29: A test-spectrum collected in which the maize-endmember treatment was not altered, however,
two small patches of T. minuta was introduced in to the FOV

Trends observed in the red-edge characteristics associated with the mixed spectral
responses at canopy-level were much stronger for the T. minuta treatments than for
the C. esculentus treatments. This may have to a certain extent been expected based
on the red-edge trends observed for these species at leaf-level (refer back to tables
4.2 and 4.4). The major differences in reflectance at the red-absorption feature
between maize and T. minuta further contributed to the red-edge patterns observed in
the present study. A further explanation for the lack of red-edge trends observed in the
C. esculentus FOV-treatments may be the fact that C. esculentus, being a
monocotyledonous plant is physiologically more similar to maize than the
dicotyledonous T. minuta.

4.3.3. Weed-detection based on Multispectral Reflectance
The results obtained from the statistical testing of multispectral reflectance data to a
large extent adhered to what would have been expected based on the results from the
analysis of leaf-level hyperspectral reflectance. A general improvement in species
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discrimination potential appeared to be associated with the addition of strategically
placed WV2 and WV3 spectral bands. The overall performance of the Pléiades sensor
was moderate with each of the spectral bands being able to spectrally distinguish
between 43.59 (NIR) and 53.85 per cent (red) of all species included in the analysis.
The question remained as to what type of value would be added by the specialised
spectral bands of WV2 and WV3.
For the additional WV2 bands, the red-edge band had a moderate overall
performance, however, was capable of distinguishing maize from 11 of the 12 weedspecies. Although the results obtained from the coastal and yellow bands were not
above average, it is possible that such a band may be useful at characterising, for
example, C. esculentus based on the yellow complexion resulting from its
inflorescence at canopy-level.
The overall value added by the addition of the WV3 SWIR-bands was possibly the
most noticeable result from this portion of the analysis and, with further testing, could
be of high importance for further investigations into the potential application of
multispectral reflectance for weed-detection.
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CHAPTER 5
Conclusions & Recommendations
5.1. Conclusions
The overarching aim of this research was to investigate the potential application of
multi- and hyperspectral remote sensing for weed detection by spectrally
discriminating between commonly occurring weed-species in the study area based on
leaf-level reflectance, assessing the potential effect of mixed signals at canopy level
resulting from the soil background and physical characteristics of the vegetation
canopy, and determining the potential effect of spectral generalisation at multispectral
sensor resolutions. Specific objectives were set out in chapter 1 and formed the basis
for the selection of methods employed for the collection of data as well as the
procedures followed for the processing and analysis thereof and the interpretation of
results. The conclusions that may be drawn from this research are therefore presented
below by addressing each of the individual research objectives stipulated at the outset
of the study based on the findings yielded from the analysis and interpretation of the
data collected.
Which hyperspectral wavelengths/ wavelength-regions are most suitable for the
characterisation of maize crops and selected weed-species in the study area
based on leaf-level spectral reflectance?
The results of this research showed that significant differences between the leaf-level
spectral reflectance associated with maize crops and commonly occurring weeds in
the study area are present throughout the V-NIR and SWIR-regions of the
electromagnetic spectrum ranging from 350nm to 2 500nm. Pair-wise comparisons
testing showed that maize could be spectrally distinguished from the majority of weedspecies, especially in the green (500nm – 600nm), red (600nm – 700nm) and rededge (680nm – 750nm) wavelength-regions while certain weed-species (i.e.
Chenopodium album, Polygonum aviculare, Verbena bonariensis and Setaria
verticillata) showed a high level of spectral separability from maize in the longer
wavelengths of the SWIR-region.
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While spectral distinction throughout the V-NIR and SWIR-regions was generally high
on an individual pair-wise basis, there were relatively few cases in which individual
species showed statistically significant differences from all other species.
Furthermore, the wavelength ranges at which species could be uniquely characterised
on the basis of spectral reflectance were highly specific and generally very narrow,
especially in the V-NIR region. Three of the species (i.e. P. aviculare, V. bonariensis
and S. verticillata) showed a high potential for unique characterisation based on SWIRreflectance. Based on the analysis of species distinction potential, the results did
show, however, that at any given waveband between 400nm and 2 500nm, any of the
of the species may potentially be distinguished from at least one of the other species
included in the analysis. The high level of potential spectral characterisation observed
for certain species such as P. aviculare and V. bonariensis provided an example of
how differences in leaf-surface texture and composition could influence the spectral
response of vegetation.
Based on an analysis of the wavelength-dependent frequency of successful pair-wise
distinctions, the results showed that the wavelengths regions most appropriate for the
spectral characterisation of weeds in the study area are as follows:


432.1nm, 528.2nm (VIS);



700.7nm, 719.4nm (Red-Edge); and



1 335nm, 1 508.1nm, 2 075.8nm, 2 164.5nm, 2 342.2nm (SWIR).

Based on the results from the discriminant analysis using reflectance in the
wavebands identified as optimal for the spectral characterisation of maize and weeds
in the study area and REP as predictor variables, reflectance spectra associated with
the vegetation species may be correctly classified to an overall accuracy of 89.7 per
cent with four of the species (P. aviculare, C. esculentus, T. minuta and V. bonariensis)
correctly classified to an accuracy of 100 per cent.
Can maize crops and weed-species in the study area be spectrally discriminated
based on the characteristics of the Red-Edge point of maximum inflection?
The results of the present study showed that the Red-Edge Position (REP) could be
used to successfully distinguish between maize and the majority of weed-species,
however only two out of the twelve weed-species (L. multiflorum and V. bonariensis)
showed statistically significant differences in REP from the majority of other species,
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indicating that this parameter was only moderately successful at uniquely
characterising individual species. The analysis of the red-edge slope associated with
different species showed that, on average, each of the thirteen species could be
successfully distinguished from between five and seven other species based on this
parameter. Maize only showed significant differences from seven weed species,
indicating that this parameter was less effective in terms of crop-weed discrimination
than the REP-parameter. It was found, however, that maize could be successfully
distinguished from all of the broad-leaf weeds (with the exception of Tribulus
terrestris), indicating that the red-edge slope associated with the species included in
this analysis was, to a certain extent, dependent on the physiological differences
between taxonomical groupings of

vegetation (i.e. monocotyledonous and

dicotyledonous plants).
To what extent are the spectral characteristics of maize crops and selected
weed-species identified at leaf-level detectable at canopy-level?
Based on the analysis of canopy-level spectral responses from endmember
treatments, the results showed that the overall spectral distinction of maize and the
two weed-species selected for the canopy-level portion of the analysis (Cyperus
esculentus and Tagetes minuta) was higher at canopy-level than at leaf-level. A
specific example of improved spectral distinction at canopy level was seen in the pair
wise comparison between maize and C. esculentus where an apparent alteration of
the spectral response due to the presence of the yellow inflorescence of C. esculentus,
was shown to improve the potential spectral distinction between these two treatments,
supporting the notion that factors such as the typical growth form and habits of certain
plant species could potentially enhance the spectral characterisation thereof and that
a sufficient knowledge and understanding of such factors could be taken advantage
of in this particular application.
The analysis of reflectance spectra from mixed Field of View (FOV) treatments showed
that the wavelength-regions most appropriate for the spectral discrimination of
individual treatments typically coincided with those identified at leaf-level. However,
reflectance in the NIR and SWIR ranges appeared to be more dependent on
vegetation and soil cover than the particular species present within the FOV
throughout this portion of the analysis. Although this finding may indicate that the
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spectral characterisation of weed-species may not be possible using NIR or SWIR
reflectance, it could be argued that the differences in vegetation and soil cover that
exist in row crops, especially at the early stages of the growth-season may be used
as an indication of weed-infestation, at least in cases where weed-infestation occurs
in inter-row spacings, and that knowledge of such emergence patterns may, again, be
taken advantage of in weed-detection applications. Further findings showed that small
alterations in the contents of the FOV-treatments translated to major changes in
spectral reflectance properties as in the case of the apparent ‘pulling-down’ of the red
chlorophyll absorption feature resulting from the presence of small infestations of T.
minuta in an otherwise ‘pure’ maize endmember treatment.
The analysis of the REP and slope at canopy level showed that clear trends existed in
the T. minuta treatments where a red-shift of approximately 17nm was associated with
increasing infestation by T. minuta (possibly resulting from differences in chlorophyll
contents of maize and T. minuta leaves), while the red-edge was mostly unaffected by
the presence of C. esculentus. This finding confirms the moderate success of rededge characteristics reported in the leaf-level analysis and also indicates that the
apparent relationship between taxonomical groupings and the red-edge may be
translated from leaf- to canopy-level.
To what extent are the spectral characteristics of maize crops and selected
weed-species identified at leaf-level influenced by and detectable at
multispectral resolutions?
The results of the present study showed that similar patterns in the potential spectral
discrimination of maize crops and weed-species in the study area observed based on
leaf-level hyperspectral reflectance could be detected at multispectral resolutions
where the inclusion of additional multispectral bands was generally accompanied by
improvements in species distinction potential. Significant improvements were
observed with the addition of the ‘coastal’ and ‘yellow’ bands of WorldView-2 while
highly significant results appeared to accompany the addition of the WorldView-3’s
SWIR-bands, some of which were capable of uniquely characterising certain species
based on multispectral reflectance.
The overall conclusions yielded from the present study may be summarised as follows:
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1. Maize may be spectrally distinguished from all of the weed-species in the study
area based on leaf-level hyperspectral reflectance at specific wavelengthranges throughout the VIS, NIR and SWIR regions of the electromagnetic
spectrum.
2. The unique characterisation of weed-species in the study area based on leaflevel reflectance is not possible for all species, and where it is possible, it is
highly wavelength-specific and would require high spectral resolution
hyperspectral data.
3. The wavebands most suitable for the spectral characterisation of maize-crops
and weed species in the study area are: 432.1nm, 528.2nm, 700.7nm,
719.4nm, 1335.1nm, 1508.1nm, 2075.8nm, 2164.5nm and 2342.2nm
4. Certain species appear to show a high level of spectral separation based on
SWIR-reflectance at leaf-level.
5. The REP and slope is moderately effective for the characterisation of maize
and weeds in the study area at both leaf- and canopy level and show a strong
relationship with taxonomical groupings of vegetation.
6. Based on reflectance in the wavebands identified as optimal for the spectral
characterisation of maize and weeds in the study area and REP as predictor
variables, reflectance spectra associated with the vegetation species may be
correctly classified to an overall accuracy of 89.7 per cent with four of the
species correctly classified to an accuracy of 100 per cent.
7. The inclusion of REP as predictor variable did not improve the overall accuracy
of the classification, however, may be used to improve the classification
accuracies of certain species.
8. The effect of external factors that influence vegetation spectral responses
appears to improve the potential spectral distinction of maize and weeds at
canopy level, where small infestations by certain weeds exerted a large effect
on spectral reflectance, especially in the VIS and red-edge regions.
9. The addition of strategically placed spectral bands to high spatial resolution
multispectral sensors improves the overall potential for the spectral
discrimination of weed-species, especially in the SWIR wavelength-region.

140

5.2. Recommendations
One of the key constraints associated with the present study is that different sample
sizes were used for the leaf-level and canopy-level portions of the analysis and,
although the comparisons drawn between the pair-wise statistical testing of leaf- and
canopy-level reflectance appeared to be logically consistent and confirmed by the
relevant literature and findings from previous studies, it is recommended that a similar
comparison be drawn from analyses using the same sample-sizes for tests applied on
both leaf- and canopy-level data in order to provide more insight into the true
relationship between leaf-and canopy-reflectance for the spectral characterisation of
weeds. Furthermore, while the potential effect of multispectral generalisation was
tested at leaf-level in the present study, the same was not carried out at canopy-level.
It is therefore also necessary to test this relationship to provide further insights into the
combined effect of mixed spectral responses and multispectral generalisation tested
here.
Other potential research avenues that may be of interest and could make use of similar
data to that used in the present study include the potential application of multi- and
hyperspectral vegetation indices as well as the potential application of Spectral Mixture
Analysis (SMA) for weed detection applications. In the present study, for example, the
photographs taken during the collection of canopy-level data may be processed to
calculate the exact percentages of endmembers present within the FOV. The leaflevel spectra may then be used to calculate wavelength-dependent weighted averages
(based on the percentages calculated from the photographs) to simulate linearly mixed
spectral responses and statistically compared to the actual mixed responses in order
to determine potential application of linear unmixing for this particular application.
In addition to acquiring a better understanding of the spectral characteristics of maize
and weed-species in the present study, the ultimate goal of this and similar
investigations should be the scaling-up of results to remotely sensed images as
suggested by Kumar et al. (2003), Goetz (2009) and Milton et al. (2009), and
demonstrated by Van Aardt & Wynne (2001) and Van Aardt & Wynne (2007). The
results obtained in the present study should theoretically provide sufficient information
to inform the selection of the appropriate satellite or airbourne sensors (based on the
required time-frame, spatial, and spectral resolution required for this particular
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application) as well as the selection of hyperspectral narrow-bands or multispectral
bands to be included and image classification methods (e.g. the REP and slope for
the classification of broad-leaf weeds and grass-weeds) that may be employed in the
processing of remotely sensed images for this application. It would also be beneficial
to test whether any improvements in vegetation classification brought about by the
addition of the coastal, yellow and red-edge WV-2 bands and the SWIR WV-3 bands
are evident in an image-processing environment.
Throughout the review of the relevant literature in chapter 2 as well as the
interpretation of results in chapter 4 of the present study, mention is made of the
potential improvements to the mapping of weeds from remotely sensed data that may
be brought about through the addition of parameters that are not dependent on
spectral reflectance such as texture-analysis, image segmentation and Object Based
Image Analysis (OBIA) as demonstrated by Pena et al. (2013). Taking into
consideration the improved potential for the spectral characterisation of weeds
associated with the addition of multispectral bands observed here, combined with the
additional opportunities provided by the improved spatial resolutions of the
panchromatic bands of new generation multispectral satellite sensors and the
generally higher revisit frequencies (and thus increased availability of satellite image
data), it is recommended that such approaches be tested using high resolution
multispectral satellite data for this and similar applications.
The final recommendation is related to potential costs associated with the detection of
weeds using remotely-sensed data. It was mentioned in chapter 2 that in order for it
to be financially viable to adopt VRT-systems the added costs associated with the
acquisition, use and maintenance of such technologies must be compensated for by
the potential savings that would be associated with the projected increase in
productivity and that one of the key difficulties in calculating the viability of such
technologies is the unknown costs associated the identification of affected areas within
the field and the generation of treatment maps (Thorp & Tian, 2004; Swinton, 2005;
Andujar et al., 2013). Although researchers interested in remote sensing applications
would not necessarily have the prior knowledge of VRT-systems required to calculate
the overall costs referred to here, it would be possible to calculate the costs that would
be associated with the acquisition and processing of high resolution satellite imagery
to produce weed-maps and comparing it with the costs associated with the acquisition
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and processing of aerial multi- and hyperspectral image data as well as data acquired
from Unmanned Aerial Vehicle (UAV) platforms. Such knowledge may provide
significant insights into the validity of this and similar applications and could also play
a role in the direction that future investigations into this application may take.
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Appendix A:
Weed-Species Identified in the Study Area throughout the 2012/2013 Growth
Season.
Common Name

Scientific Name
Broadleaf Weeds
Common Pigweed; Red Shank
Amaranthus spp.
Bankrotbos
Senecio consanguineus
Kakiebos
Tagetes minuta
Kleinkakiebos; Dwarf marigold
Schkuria pinnata
Knapsekerel; Blackjack
Bidens pilosa
Perdeblom; Common Dandelion
Taraxacum officinale
Skraalhans; Horseweed
Conyza bonariensis
Spaanse Knapsekerel; Spansish Blackjack
Bidens bipinnata
Herderstassie; Shappard's purse
Capsella bursa-pastoris
Hondebossie; White Goosefoot
Chenopodium album
Akkerwinde; Field Blindweed
Convolvulus arvensis
Kiesieblaar; Small Mallow
Malva parviflora
Smalweeblaar; Narrow-leafed ribwort
Plantago lanceolata
Kruitongblaar; Curly Dock
Rumex crispus
Voelduisendknoop; Prostateweed
Polygonum aviculare
Varkkos; Pigweed
Portulaca oleracea
Olieboom; Thorny Apple
Datura spp.
Dubbeltjie; Devil's Thorn
Tribulus terrestris
Grasses
Beesgras; Herringbone grass
Urochloa spp.
Jong Osgras/ Goose grass
Eleusine coracana
Kweekgras; Common couch
Cynodon dactylon
Raaigras
Lolium spp.
Klitsborselgras
Setaria verticillata
Kleinwortelsaadgras; Small carrotseed grass Tragus berteronianus
Witpluim chloris; Feathertop chloris
Chloris virgate
Sedges
Geeluintjie; Yellow Nutsedge
Cyperus esculentus

Family
Amaranthaceae
Asteraceae
Asteraceae
Asteraceae
Asteraceae
Asteraceae
Asteraceae
Asteraceae
Brassicceae
Chenopodiaceae
Convolvulaceae
Malvaceae
Plantaginaceae
Polygonaceae
Polygonaceae
Polygonaceae
Solanaceae
Zygophyllaceae
Poaceae
Poaceae
Poaceae
Poaceae
Poaceae
Poaceae
Poaceae
Cyperaceae
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Appendix B:
Descriptions of Weed-Species Selected for the Collection of Leaf-Level Spectral data (Based on Descriptions by Grabandt,
1985; Bromilow, 1996, Photographs: J. Vermeulen)
Name
Amaranthus
hybridus (‘Common
pigweed’; ‘Red
shank’)

Photograph

Weed
Classification

Origin

Distribution

Characteristics

Control

Broad-leaf
weed (Family:
Amaranthacea
e)

Central America

Most abundant
and widespread
broad-leaf weed in
cultivated land in
Southern Africa



Herbaceous
summer annual
Red roots
Red stems on adult
plants
Seed-only
reproduction



Herbaceous
Annual
Strong competitor
Waxy-coating on
seedling leaves
Seed-only
reproduction







Chenopodium
album (‘White
Goosefoot’;
‘Withondebossie’)

Broad-leaf
weed (Family:
Chenopodiace
ae)

Western Europe
& Asia

Widespread in
Southern Africa












Shallow
cultivation during
seedling stage
Well controlled by
most pre-and
post-emergence
broadleaf
herbicides
Shallow
cultivation during
seedling stage
Well controlled by
most pre-and
post-emergence
broadleaf
herbicides
Post emergence
herbicides require
extra attention
due to waxy
surfaces of
seedlings
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Name
Convolvulus arvensis
(‘Field blindweed’;
‘Akkerwinde’)

Photograph

Weed
Classification

Origin

Distribution

Characteristics

Control

Broad-leaf weed
(Family:
Convolvulaceae)

Europe & Asia

Widespread in
Southern Africa



Slender prostate
or climbing
perennials
Very deep
spreading roots
with numerous
aerial shoots
Characteristic
spear-shaped
leaves
Reproduction
through seeds and
underground
runners



Requires slowacting, downwardmoving herbicides

Sub-herbaceous
summer annual
Strong taproots
Leaves produce an
unpleasant odour
when crushed
Fruits covered
with spines of up
to 25mm in length
Seeds poisonous
when ingested
Very strong
competitor
Seed-only
reproduction



Shallow cultivation
during seedling
stage
Deep germination
makes preemergence
herbicides less
effective
Post-emergence
broadleaf
herbicides are the
most reliable
control method







Datura ferox
(‘Thorny Apple’;
‘Olieboom’)

Broad-leaf weed
(Family:
Solanaceae)

Europe & Asia

Widespread in
agricultural crops
and degraded lands
throughout the
central and eastern
parts of South
Africa
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Name
Polygonum aviculare
(‘Prostate weed’;
‘Voelduisendknoop’)

Photograph

Weed
Classification

Origin

Distribution

Characteristics

Control

Broad-leaf weed
(Family:
Polygonaceae)

Europe

Widespread in
Southern Africa



Sub-herbaceous
annual
Moderate
competitor
Seed-only
reproduction



Sub-herbaceous
summer annual
Very strong
competitor
Highly aromatic
Shallow
germination
Able to germinate
throughout the
summer season



Best controlled by
Pre-emergence
herbicides under
favourable climatic
conditions

Herbaceous,
prostate to
decumbent annual
Weak competitor
Spiny fruits
Causes tribulosis
in sheep



Well controlled by
most preemergence
broadleaf
herbicides




Tagetes minuta
(‘Khaki-weed’;
‘Kakiebos’)

Broad-leaf weed
(Family:
Asteraceae)

South America

Second most
abundant and
widespread broadleaf weed in
cultivated land in
Southern Africa
after A. hybridus







Tribulus terrestris
(‘Devil’s thorn’;
‘Dubbeltjie’)

Broad-leaf weed
(Family:
Zygophyllaceae)

Indigenous

Widespread in
Southern Africa









Shallow cultivation
during seedling
stage
Well controlled by
most pre-and
post-emergence
broadleaf
herbicides
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Name
Verbena bonariensis
(‘Purple top’;
‘Blouwaterbossie’)

Photograph

Weed
Classification

Origin

Distribution

Characteristics

Control

Broad-leaf
weed (Family:
Verbenaceae)

Indigenous

Widespread in
South Africa



Herbaceous
annual
Characteristic
purple flowers as
adults
Squared stem



Annual grass
Tufted
Shallow
germinator
Seed-only
reproduction



Annual grass
Loosely tufted
Characteristic
barbed
inflorescence
Seed-only
reproduction







Lolium multiflorum
(‘Rye grass’;
‘Raaigras’)

Setaria verticillata
(‘Sticky bristle
grass’;
‘Klitsbosgras’)

Grass weed
(Family:
Poaceae)

Grass weed
(Family:
Poaceae)

Europe

Europe

Widespread
throughout the
central and eastern
parts of South
Africa





Widespread in
Southern Africa















Shallow
cultivation during
seedling stage
Well controlled by
most pre-and
post-emergence
broadleaf
herbicides
Shallow
cultivation during
seedling stage
Pre- and postemergence
herbicides are
available
Shallow
cultivation during
seedling stage
Well controlled by
most pre-and
post-emergence
grasskillers
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Name
Urochloa panicoides
(‘Herringbone
grass’; ‘Beesgras’)

Cyperus esculentus
(‘Yellow nut-sedge’;
‘Geeluintjie’)

Photograph

Weed
Origin
Classification

Distribution

Characteristics

Control

Grass weed
(Family:
Poaceae)

Widespread in
Southern Africa






Annual grass
Tufted
Strong competitor
Forms dense
infestations at the
edges of fields and
spreads gradually
inwards






Herbaceous sedge
Characteristic
yellow
inflorescence
Strong competitor
in early planted
crops
Germinates
between 150 and
300mm beneath
the soil surface
Seeds distributed
through wind and
water



Sedge (Family:
Cyperaceae)

Indigenous

Uncertain

Widespread in
Southern Africa











Shallow
cultivation during
seedling stage
Well controlled by
most pre-and
post-emergence
grasskillers
Shallow
cultivation during
seedling stage
Well controlled by
many preemergence
herbicides
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