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ABSTRACT
Accurate and reliable information about wetland plant species is critical, as it informs
improved preservation, conservation and management of wetland ecosystems. Well
managed ecosystems guarantee achieving Sustainable Development Goals. Therefore,
remote sensing technique has gained prominence in providing such information. However,
broadband sensors are affected by effects of soil and water reflectances associated with
wetlands hence cannot adequately discern subtle differences among wetland plant
species. On the other hand, hyperspectral sensors allow for an in-depth examination of
plant leaf and canopy biochemical traits such as lignin, cellulose, nitrogen, chlorophyll,
carotenoids, anthocyanin and water content through spectral measurements which is
critical for plant species discrimination. This study sought to test the capability of the
forthcoming nSight-2 hyperspectral sensor in discriminating among four dominant wetland
plant species. To accomplish this, the performance of nSight-2 spectral settings were
compared with those of the upcoming EnMap hyperspectral satellite and an already
established Worldview-2 multi-spectral sensor that carries strategic wavebands for
vegetation studies, i.e. red-edge and near-infrared. The study also evaluated the
performances of non-parametric machine learning algorithms in classifying wetland plant
species using nSight-2 spectral configuration. The results showed a high discrimination
accuracy by nSight-2 spectral settings with an overall accuracy of 84.09%, followed by
Worldview-2 i.e. 81.82% while EnMap was the worst i.e. 77.77%. The most important
bands for vegetation analysis were within the visible (VIS), Red-edge (RE) and near
infrared (NIR) regions of the electromagnetic spectrum. The study also demonstrated that
within these spectral bands, the four dominant Verloren Vallei Nature Reserve wetland
planti.e. Crocosmia sp., Grasses, Agapanthus sp. and Cyperus sp. could be differentiated
using the spectral settings of these sensors. Furthermore, the results showed a superior
performance of Support Vector Machine (SVM) with overall accuracy of 93.18%,
compared with the RF and Partial Least Squares-Discriminant Analysis (PLS-DA) that had
overall accuracies of 84.09% and 83.63% respectively. In summary, the study
demonstrated that the spectral configuration of nSight-2 hyperspectral sensor can
discriminate among the wetland plant species with comparable accuracy to that of a state-

of-the-art sensor, i.e. Worldview-2 and better than the upcoming EnMap.
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CHAPTER ONE

1 GENERAL INTRODUCTION
1.1.1 Background

Wetland ecosystems are among the most productive systems in the world offering great
ecological, social and economic benefits. They support over one billion people globally
through provision of various ecosystems goods and services (Amler, Schmidt and Menz,
2015). Global statistics reveal that the estimated financial value of the ecosystem goods
and services provided by wetlands is US$4.9 trillion annually across the globe (Walter and
Mondall, 2019). Their ecological benefits include, water purification (through filtering
agricultural and industrial waste), aquifer recharging and surface water run-off velocity
retardation (Guo, et al. 2017; Samiappan, et al. 2017). They protect human life from
flooding and drought. They act as sponges that are pivotal in flood attenuation (Ramsey
and Rangoonwala, 2012; Adam, Mutanga and Rugege, 2010). Wetlands are an essential
habitat for various flora and fauna housing over 40% of global plant and animal species,
providing food, water, shelter and breeding nests among other services. They are a
sanctuary for endangered and threatened flora and fauna (Dalponte, et al. 2012). Healthy
wetlands are also critical players in carbon sequestration, as are an important sink of
carbon, assisting in combating climate change (Samiappan, et al. 2017; Guo, et al. 2017).
Wetland ecosystems offer great socio-economic opportunities through outdoor activities
such as recreation, education, scientific research, photography, fishing, hunting and bird-
viewing (Ola and Benjamin, 2019). As such there is an increased demand for accurate,

reliable and up-to-date information about their status at any given time.

Despite their huge ecological, social and economic value, wetlands continue to be
degraded, drained and transformed (Assessment, 2005; Randin, et al. 2020). Land use and
land cover changes, climate change, pollution, over-exploitation, biological invasions,
urban sprawl, industrialization, agricultural expansion and wildfire events are some of the
anthropogenic and natural drivers of wetlands transformation (Randin, et al. 2020).
Furthermore, the World Resources Institute (WRI) noted in the Millennium Ecosystem
Assessment Report of 2005 that little research work is done about this critical ecosystem

compared with forest ecosystems (Amler, Schmidt and Menz, 2015).



While efforts directed at monitoring, conservation and management of wetland ecosystems
exist at varying scales, these are hampered by the scarcity of accurate, reliable and up-to-
date spatial information about wetland ecosystems in some parts of the world particularly
in Africa (Adam et al. 2010). For example, at the international level, wetland ecosystems
conservation measures have culminated in the demand for large integrated monitoring and
reporting frameworks such as the Ramsar Convention of 1971. This Convention aims at
wise use of wetlands with emphasis on the wetland ecosystems and protection of Red Data
species within this ecosystem (Dixon, et al. 2016). Moreover, wetland ecosystems functions
are critical in supporting eleven of the seventeen United Nations Sustainable Development
Goals (UN-SDG) also known as Agenda 2030. Other efforts include the Strategic Plan for
Biodiversity 2011 — 2020, Post 2020 Global Biodiversity Framework of the Convention on
Biological Diversity (Rebelo et al, 2018). The success in meeting these targets hinges on a
thorough understanding of the current and emerging pressures on wetland ecosystems and

their various components through a robust suite of monitoring strategies.

One of the critical components of wetland ecosystems is their plants. They are critical in
the development of nutrient cycles, pollutants filtration, carbon storage and nitrogen cycles
(Jiao, et al. 2019; Munoz, Cissell and Moftakhari, 2019; Amani, et al. 2018). In essence,
they are important in carbon sequestration since they have been reported to contain about
12% of the global carbon pool, thus assisting in combating climate change (Guo, et al.
2017; Samiappan, et al. 2017). Wetland plants purify water, thus improving its quality. They
retard surface water run-off velocity allowing industrial and agricultural pollutants to settle
in wetlands soils where they are taken up in wetland plant tissues before they reach aquatic
ecosystems (Jiao, et al. 2019; Munoz, Cissell and Moftakhari, 2019). Moreover, wetland
plants play a critical role in storm surge dissipation, attenuating floods and mitigating soil
erosion (Munoz, Cissell and Moftakhari, 2019; Zhou, Wong and Zhao, 2018). They
recharge ground water and store water like sponges and play a crucial role in alleviating
effects of drought (Ramsey and Rangoonwala, 2012; Adam, Rugege and Mutanga, 2010).
Wetland plants are a habitat for animal and other plants species. Thus, wetland plants
species play an important ecological role in biodiversity assessment and monitoring, hazard
and stress monitoring and management, monitoring of invasive species, wildlife habitat

assessment and are a surrogate measure of the healthy status of the wetland ecosystem
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(Sun, et al. 2019). Given the above, robust and accurate methods of assessing the
distribution, quality and quantity of wetland plant species in a timely manner at different

spatio-temporal scales is mandatory.

Traditionally, mapping of wetland plant species was achieved via a combination of point
source field surveys, aerial image interpretation, taxonomical and visual estimation (Adam
et al. 2010; Taddeo, Dronova and Depsky, 2019). A collection of wetland plant species
information using these techniques is challenging due to terrain challenges, inaccessibility
and the presence of dangerous aquatic animals (Jiao, et al. 2019; Mahdianpari, et al.
2017). Consequently, these traditional methods are impractical, labour intensive,
expensive and time consuming (Taddeo, Dronova and Depsky, 2019). Accordingly,
scientists advocate for contemporary earth observation technologies such as spaceborne

remote sensing.

Satellite Earth Observation (EO) technologies offer a lucrative and reliable alternative
primary source of spatial data for wetland plant species mapping with several advantages
compared with the conventional methods (Siebrits and Gasela, 2019). Satellite EO data
are relatively cheap, offer synoptic coverage and comes in digital format which can be
integrated with ancillary data within a geographic information system (GIS) environment.
(Mather and Koch, 2011). They are a great source of spatial information on landscapes
that are remote and inaccessible and considerably vast to survey using field-based
techniques. Remote sensing provides consistent repeat coverage at relatively frequent
intervals. Their data is delivered at varying temporal, spatial and spectral resolutions with
ample opportunities for analyzing change over time (Rapinel, et al. 2019; Ayanlade, 2017,
Stratoulias, et al. 2018).

In remote sensing, spectral, temporal and spatial resolutions are critical technical
considerations, particularly in vegetation studies. Within the optical remote sensing
domain, there are multispectral and hyperspectral sensors. They both offer remote sensing
data in the visible, near infrared and shortwave channels of the electromagnetic spectrum
but at varying spectral resolution. While multispectral sensors have a few broad spectral
channels with spectral resolutions typically over 100 nm, the hyperspectral sensors have
many narrow spectral channels (over 100) with a spectral resolution less than 10 nm.



Currently, most vegetation studies are conducted using freely available multispectral
sensors, such as Moderate Resolution Imaging Spectroradiometer (MODIS), Landsat
Thematic Mapper (Landsat TM), Landsat Enhanced Thematic Mapper (Landsat ETM,
Landsat 8 Operational Land Imager (Landsat 8 OLI) and Sentinel-2 Multispectral Imager
(MSI) (Slagter, et al. 2020; Bhatnagar, et al. 2020; Rapinel, et al. 2019; Richter, et al.
2016). However, their wide spectral bandwidths impede their capability for discerning
subtle differences among individual plant species, hence sensors with improved spectral
resolution are desirable (Adam, Mutanga and Rugege, 2010).

The need for improved sensor capability has led to the emergence of spaceborne
hyperspectral imaging (Rast and Painter, 2019). Hyperspectral sensing also known as
imaging spectroscopy entails quantitative sensing of the earth surface targets in the optical
range with contiguous, spectral sampling from visible (VIS) to the shortwave infrared
(SWIR) portion of the electromagnetic spectrum (Verrelst, et al. 2018; Rast and Painter,
2019; Lanaras, Baltsavias and Schindler, 2017). Spaceborne hyperspectral remote
sensing sensors are proving to have a great potential in wetland plant species
discrimination owing to their narrowband spectral characteristics and improved signal to
noise ratio (Stratoulias, et al. 2018: Ballanti, et al. 2016). However, imaging spectroscopy
data is scarce since most of the hyperspectral sensors are still under construction. For
example, the National Aeronautics and Space Administration (NASA) is working on the
Surface Biology and Geology (SGB) replacing the concept of Hyperspectral Infrared
Imager (HyspIRI) (Green, et al. 2013) and Germany is building the DLR Earth Sensing
Imaging Spectrometer (DESIS) (Heiden, et al. 2017) and EnMap (Gaunter, et al. 2015).
Also, India is manufacturing GISAT (Misra, 2017), and Space Advisory Company (SCS)
is building the nSight-2 in South Africa. Before their launch, these need to be tested for
their capability and utility for various applications. Their spectral band settings need to be
tested, evaluated and their performance needs to be benchmarked against the existing
new generation of sensors like Worldview 2 and other forthcoming hyperspectral sensors
like Environmental Monitoring and Analysis Programme (EnMap) that are also used in

vegetation studies particularly in the wetland plant species.



Despite their vast potential for many environmental applications, the classification of
hyperspectral data is challenging. Classification of plant species using remotely sensed
hyperspectral data is affected by multidimensionality, multi-modality and multicollinearity.
Moreover, numerous spectral bands which do not add value creates redundancy
(Hennessy, Clarke and Lewis, 2020). Specifically, the addition of dimensions when
keeping a small training sample results in a decrease in the classification accuracy
(Hughes, 1968). This Hughes effect or ‘the curse of dimensionality” causes instability in
parameter estimates which increases the generalization errors by the classifier. For
example, parametric classifiers such as Maximum Likelihood (ML) have yielded low
classification results since data over-fits and hence they are unable to estimate mean and
covariance statistics from multidimensional data (Lim, Kim and Jin, 2019; Zafari, Zurita-
Milla and lzquierdo-Verdiguier, 2019; Raczko and Zagajewski, 2017). Consequently,
machine learning algorithms, such as Artificial Neural Networks (ANN), Support Vector
Machine (SVM), Import Vector Machines (IVM), Gradient Boosting Algorithm (GBA),
Random Forest (RF), Decision Trees (DT) and Partial Least Squares-Discriminant
Analysis (PLS-DA) have become instrumental in the automated digital analysis of

hyperspectral Earth observation data (Bhatnagar, et al. 2020; Slagter, et al. 2020).

Among these machine learning algorithms, RF and SVM have gained prominence in the
classification of hyperspectral data (Transon, et al. 2018). RF requires less time to classify
hyperspectral data (Hastie, et al. 2001), while SVM has a capability of handling high
dimensionality data, eliminating the challenge of Hughes effect or “curse of dimensionality”
(Mountrakis, Im and Ogole, 2011) with a minimal training data (Stratoulias, et al. 2018).
On the other hand, PLS-DA which is a powerful multivariate supervised pattern recognition
method has a great potential in the classification of hyperspectral data owing capability, in
noise reduction, to show probability of a sample belonging to the class being modelled
and in the selection of variables, although it has been limitedly used in remote sensing.
The previous performance of SVM, RF and PLS-DA classifiers, indicate their potential as
ideal candidates for classification of nSight-2 data and accurately discriminating wetland
plant species. Moreover, to the best of our knowledge, no study has ever compared their

performances using the resampled spectral bands of the nSight-2 satellite sensor.



1.1.2 Research Problem

Discrimination of wetland plant species is a challenging task, since their spectral
signatures similar for different plant species yet may be different for similar plant species
owing to the influence of soil and plant moisture and dead plant matter. As such there is a
search for improved sensors spectral configurations with a capability of using biochemical
and biophysical properties of plants such as chlorophyll content, nitrogen, carbon,
phosphorus, water content, carotene, xanthophyll, leaf area index, leaf dry biomass, leaf
orientation in order to discern among the subtle differences among wetland plant species.
Existing satellite earth observation sensors which are predominantly multispectral, such
as Satellite Pour I'Observation de la Terre (SPOT 5), Sentinel 2 MSI and Worldview-2
have broad spectral bands that limit their performance on such tasks, yet accurate, reliable
and up-to-date spatial information about plant species is needed as it provides useful
insights for wetland ecosystem management. While hyperspectral sensors have shown
potential in effectively discriminating among plant species (Adam, et al. 2012; Rast and
Painter, 2019), there is a limited number of spaceborne hyperspectral sensors in orbit.
Many are lined up for design and launch, however, they need to be tested for their spectral
settings capability. One of the planned hyperspectral sensors is the nSight-2. Its spectral
bands have not been tested for their robustness in classifying plant species. Furthermore,
the potential use of its spectral bands in mapping and monitoring terrestrial vegetation is
also not yet known. Classification of hyperspectral data is a challenge since it is
characterized by multi-dimensionality and multi-collinearity. Machine learning algorithms
have shown a better capability in handling such data. However, none of the machine
learning statistical classifiers has been proven to produce higher classification accuracies
for all environments. In this study, Random Forest, Support Vector Machine and Partial
Least Squares-Discriminant Analysis were compared and used to test the capability of

nSight-2 spectral bands in discriminating plant species.



1.1.3 Aims and Objectives
1.1.3.1 Aim of the dissertation

The study aims to evaluate the utility of the forthcoming hyperspectral nSight-2 satellite
sensor in classifying vegetation species in a conserved wetland nature reserve using

robust machine learning classifiers.

1.1.3.2 Objectives of the dissertation
e To compare the performance of the spectral configuration of nSight-2 with those
of EnMap and WorldView-2 in classifying wetland plant.
e To test the capability of the proposed nSight-2 spectral bands for discriminating
wetland vegetation species using Random Forest (RF), Support Vector Machine
(SVM) and Partial Least Squares-Discriminant Analysis (PLS-DA) classifiers in

discriminating wetland vegetation species.

1.1.4 Scope of the study

Upcoming satellites need to be tested for their capabilities in various applications to inform
further design and development prior to launch. This study intends to evaluate the
performance of the upcoming n-sight 2 satellite in wetland plant species classification by
comparing its spectral bands settings with those of the existing new generation of
multispectral sensors, i.e. WorldView-2 which contain novel spectral bands such as the
red-edge and have been proven important in plant species identification using the
Random Forest classifier. The spectroscopy measurements over dominant wetland plant
species were resampled to the spectral bands of the upcoming hyperspectral sensors,
nSight-2 and EnMap and the existing multispectral, WorldView-2 earth observation
sensors. The measured vegetation spectra will also be used to compare the

performances of the robust machine learning algorithms, i.e. RF, SVM and PLS-DA.

1.1.5 Study area

The study was conducted in Verloren Vallei Nature Reserve (VVNR), i.e., an international
Ramsar environmentally protected subtropical inland grassland and wetland ecosystem,
located 15 km north of Dullstroom, Mpumalanga province, South Africa (Mpumalanga
Tourism and Parks Agency, 2020) (Figure 1). The study area measures approximately
6000 ha and consists of more than 30 different wetlands of all types. It received its status
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of International Importance on 16 October 2001. The topography is undulating,
characterized by hills and rocky outcrops, with an elevation above 2000 m, making it one
of the highest and coldest sites in South Africa (Mpumalanga Tourism and Parks Agency,
2020). The area is characterized by an annual rainfall of more than 800 mm, and the
average temperature ranges from —13°C in winter to 29°C in summer. Like most of the
global wetlands, the Verloren Vallei Nature Reserve (VNR) is threatened while it is critical
in provision of essential ecosystem services such as hydrological regulation, carbon
sequestration at the same supporting crucial biodiversity of several red data plants, birds
and animal species surviving in the land-water interface. There are limited studies which

have targeted this nature reserve to aid its effective management.
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Figure 1.1 Map of the study area showing location of study area in the context of
Mpumalanga province and South Africa, the extent of the wetlands (shown in blue) from
the South African Biodiversity Institute (SANBI) and a 100 m buffer used for sampling.



1.1.6 Dissertation outline

Chapter 1: General Introduction

This chapter introduces the research study by highlighting the importance of wetlands,
their ecological, social and economic functions and value. It also highlights the constraints
of the lack of spatial data for the implementation of conservation and management
strategies. The chapter also specifies the aim, objectives, scope of study, research
problem and outlines the layout of chapters of this dissertation.

Chapter 2: Overview of Literature

This chapter discusses the issues of remote sensing of plant species identification in a
wetland environment. Various optical remote sensing datasets, i.e. multispectral-
moderate resolution spatial/spectral resolution, high spatial resolution and high temporal
resolution sensors and the potential of hyperspectral sensors commonly used for plant
species identification were discussed. Performances of SVM, RF and PLS-DA
classification algorithms were compared in plant species identification. It also shows that
this research intended to address the gap in understanding wetland plant species
classification using n-Sight-2 hyperspectral satellite sensor.

Chapter 3: Methodology

This section describes the methodology used in this work. Firstly, it describes the
resampling of laboratory-acquired spectral measurement of various wetland plant species
to nSight-2, EnMap and Worldview-2 spectral band settings. Secondly, machine learning
algorithms i.e. RF, SVM and PLS-DA are described.

Chapter 4: Results

This chapter presents the findings. It shows the strength of spectral bands of nSight-2 in
discriminating plant species in a wetland environment. This chapter also presents the
results of the comparison in performances among the upcoming space-borne
hyperspectral sensors, i.e. nSight-2 and the new generation of multispectral sensor i.e.
WorldView-2. These results are presented graphically using the resampled spectral data
and SVM, RF and PLS-DA.



Chapter 5: Discussions, Conclusions and Recommendations
This chapter discusses the findings in relation to the performance among sensors and
algorithms. It also closes the research, by highlighting major aspects of the results and

gaps that could not be addressed in the current study and suggests the direction for future
research work.
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CHAPTER TWO
2. OVERVIEW OF LITERATURE

2.1 Introduction
Preservation, conservation and sustainable management of wetland ecosystems have
become important due to the critical role they play in providing essential services and
goods (Amani, et al. 2017). Such programmes hinge on the availability of accurate, reliable
and up-to-date information on their condition and the status of their components. The main
focus of these programmes should endeavour to monitor of wetland plant species
composition and changes over time, their spatial distribution condition. Consequently,
such information is needed hence the development of methods and techniques to acquire
and deliver it timeously. Traditional methods and techniques have been proven ineffective
in this regard since they are time-consuming, expensive and limited in spatial extent. An
important source of this information that would target the wetland plant species is remote
sensing. In this chapter, an overview of literature related to optical remote sensing of
wetland plant species is presented. An overview of South African wetland classes will be
given followed by a description of optical remote sensing datasets commonly used in
wetland plant species discrimination. After this, machine learning classification techniques

are presented, wherein, their advantages and challenges in their use are discussed.

2.2  An Overview of South African Wetlands
Wetlands are transitional land between aquatic and terrestrial systems and are generally
classified as perennial or intermittent due to the moisture (Ollis, et al. 2013). In South
Africa, there are three classes of wetlands, i.e. marine wetlands, estuarine wetlands and
inland wetlands. Ollis, et al. (2013) further describes these marine wetlands as a part of
the open ocean overlying the continental shelf and associated with coastline, while
estuarine is a body of surface water that is part of a water course that is
permanently/periodically open to the sea. Inland wetland is not linked to the ocean and is
not influenced by tidal and marine activities. Of these classes of wetlands, twenty-three
have been declared wetlands of international importance covering 557 028 ha (Malherbe,
2018). They are important hubs for biodiversity and perform important ecological roles
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such as flood attenuation, filtering water and carbon sequestration. Major threats to South
African wetlands are urbanization, mining, veld fires, pollution and draining and conversion

to agricultural land use (Mitchell, 2013).

2.3  Drivers of Spectral Variability of Wetland Vegetation
Wetlands are characterized by the high rate of biological activity, strong natural selection
pressures and diverse aquatic environments resulting in many species of plants (Xu, et al.
2019). Mapping and monitoring plant species for sustainable management of wetlands
using remote sensing is a challenge, yet it is the most viable source of data. Remote
sensing endeavours to extract information about the condition of an object without physical
contact through capturing of reflectance measurements of the electromagnetic energy
(Mather and Koch, 2011). However, spectral reflectance measurements of vegetation at
plant species-level in wetland landscapes captured in this manner are a challenge (Adam,
et al. 2010). According to Adam et al. (2010), it is difficult to accurately create a clear
boundary among vegetation communities due to the high spectral and high spatial
variability of these vegetation communities. This is caused by sharp ecological gradients
that create short ecotones (Adam and Mutanga, 2009). Also, it is difficult to get pure plant
species spectra since spectral reflectance in wetlands is a combination of spectra from
underlying wet soils, water and plant species. A search for remote sensing techniques with

the capability of detecting subtle differences among wetland plant species spectra is on-
going.

High spatial heterogeneity and temporal dynamics, resulting from seasonal and daily
changes in water levels make spectral signatures of wetlands highly dynamic (Ludwig et
al., 2019; Adam, Mutanga and Rugege, 2010). Also, Amani, et al. (2017) observed that in
a wetland environment, spectral signatures of the same plant species can vary within and
between the years. Moreover, the spectral properties of plants are an outcome of the
influence of biochemical and physical properties of plants such as chlorophyll content,
nitrogen, carbon, phosphorus, water content, carotene, xanthophyll, leaf area index, leaf
dry biomass, leaf orientation and soil background, thus it tends to be difficult to use the
same properties to differentiate among plant species. Specifically, the same plant species

can give different spectral signatures owing to the seasonal and daily changes in water
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levels, while on the other hand, some different plant species will be spectrally similar to
differentiate (Amani, et al. 2017). Dead plant matter also attenuates the spectral signal of
vegetation, while inundation may affect plant signal in the red and near-infrared regions of
the electromagnetic spectrum (Dronova and Tadeo, 2016). For accurate mapping of plant
species under such conditions, it is important to search for appropriate remotely sensed

datasets with the capability of discerning subtle differences among plant species.

Other environmental factors that influence spectral variability among wetland vegetation
include plant phenology, shadows from tall objects, hydrological regime, cloud cover and
length of the growing season (Tiner, 2015). Phenological stages of plant exhibit varying
reflectance, absorbance and transmittance of light solar radiation. Tiner (2015) argues that
during spring, leaf-off and wet season are the best phenological stages for the remote
sensing wetland plants. Specifically, inundation may affect plant signal in the red and near
infrared regions of the electromagnetic spectrum recorded remotely by satellite sensors
(Dronova and Tadeo, 2016). Again, cloud cover, tall objects like trees and buildings also
impact on the spectral variability in a wetland ecosystem (Tiner, 2015). Accordingly, it is
difficult to accurately create a clear boundary among vegetation communities due to the
high spectral and high spatial variability of these vegetation communities (Adam et al.
2010). Also, dead plant matter attenuates the spectral signal of vegetation. Despite these
challenges, satellite EO remains a viable alternative in vegetation mapping and monitoring.
Given the above, there is a lack of space-borne satellites which possess sensors with fine

spectral resolution suitable for this task.

2.3 Commonly used optical datasets and their characteristics

Optical satellite remote sensing provides data from various parts of the electromagnetic
spectrum including the visible through near-infrared to shortwave infrared (Amani et al.
2018; Adam et al. 2012). These can be grouped as multispectral sensors, (i. e. low,
moderate and high-resolution sensors) and hyperspectral sensors (characterized by many
narrow bands, usually over a hundred and improved spectral resolution of less than 10
nm. (Table 2.2 shows the differences between the multispectral and hyperspectral satellite
sensors) (Mather and Koch, 2011).
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Table 2. 1 Characteristics of commonly (potentially) used data for wetland assessment

Data Spatial Spectral Temporal
Resolution Coverage Resolution
MODIS 250m — 1000m 36 bands 1 -2 days
T AVHRR 1000m 6 daily
2 MERIS 1150 15 3
5 E
T 2 Sentinel 3 300m 21 1.9 days
5 Landsat 30 9 16 days
_§ & spoT 5 -30 5 1-5 days
2 = S Sentinel 2 10 — 60m 13 5 days
" ©
= £ & ® ASTER 15-90m 15 16 days
QuickBird 2.44m 5 1 - 3 days
Ikonos 3.2m 5 1 -3 days
RapidEye 5 5 1 -3 days
WorldView 1 0.5m 1 1.7 days
c
-% WorldView2  0.50m 8 1.1 days
2 Worldview3  0.30 m 8 1 day
(O]
fi_f WorldView4  0.30m 5 4.5 days
2 OrbView 1.65m 4 1-3days
= Hyperion 1 30m 220 16 days
5
[}
Q.
&
(]
o
>
T

2.3.1 Medium to High-Resolution Multispectral Sensors

Moderate to high resolution multispectral sensors provides remotely sensing data with a
spectral resolution of less than 10 spectral channels and a spatial resolution of between
10m and 100m. Examples of these include ASTER, Landsat TM, Landsat ETM+, SPOT 1
— 5, Sentinel 2A and 2B. Literature shows that these satellite sensors have a capability in
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vegetation classification. For instance, Wright and Gant (2007) used Landsat TM to model
palustrine wetland in Yellowstone National Park with an overall accuracy of 86%. The
same authors also used SPOT 5 imagery to classify tree species in aquatic marsh
vegetation in Southern France and produced an overall accuracy of 80%. Among the
attractiveness of these multispectral moderate to high resolution is their wide swath width,
for example, Sentinel 2 has a wide swath width of 290km enabling regional assessments
(Slagter, et al. 2020). Bhatnagar, et al. (2020) used Sentinel 2 MSI in mapping vegetation
communities inside wetlands, in Ireland, achieving an overall accuracy of 87%. Sentinel
MSI offers data for free and also carries important novel red-edge wavebands that are
effective in vegetation species discrimination. However, most of the multispectral sensors
are hindered by their broad spectral bands in plant species discrimination. Satellite
sensors with an improved spectral resolution such as n-Sight 2 hyperspectral sensors offer
a great potential in plant species differentiation. Nevertheless, the performance of n-Sight
2 sensor versus these multispectral moderate to high sensors is still not known since no

study has compared their performances.

2.3.2 Very High Resolution Multispectral Sensors

Another set of remote sensing data that has become attractive for plant species
identification is the very high spatial resolution sensors, such as WorldView-2, Ikonos,
OrbView, QuickBird and RapidEye. They are attractive to the remote sensing community
for plant species classification owing to their very high spatial resolution of less than 5m
with some dropping to sub-metre, which enables spatial detail. Also, these high spatial
resolution sensors have a high temporal resolution of between 1 — 4 days such as
Worldview 2, suitable for plant species mapping in wetland environments since their
reflectances are highly dynamic. Literature reveals its use in plant species classification.
For instance, Mahdavi, et al. (2019) employed RapidEye satellite data to map vegetation
in spectrally similar wetlands in Newfoundland and Labrador in Canada and yielded an
overall accuracy of 93%. Berhane, et al. (2018) used WorldView 2 for wetland
inventorying, in Selenga River Delta of Lake Baikal in Russia and achieved an overall
accuracy of 81%. However, these are commercial remote sensing datasets are costly and
prohibit their use in resource-constrained regions like Africa. Moreover, they have a limited

number of spectral channels usually less than 5. Despite these drawbacks, a new
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generation of high spatial resolution sensors like WorldView-2 boast of very high spatial
resolution and an important red-edge waveband that has become prominent in the
discrimination of vegetation species in different environments (Mutanga, Adam and Cho,
2012).

2.3.3 High temporal/Low Spatial Resolution

Another group of optical remote sensing satellite sensors include the National Oceanic
and Atmospheric Administration (NOAA) Advanced Very High-Resolution Radiometer
(AVHRR), Moderate Resolution Imaging Spectroradiometer (MODIS), Medium Resolution
Imaging Spectrometer (MERIS), Environmental Satellite (Envisat), Sentinel 3. These
sensors have a short revisit time of 1 — 2 days and their spectral channels amount to just
under 40 bands. The spatial resolution is over 250m to over a kilometre. Their strength
lies in the short revisit time and wide swath width that enables tracking of quick vegetation
changes at regional to global scale. Moreover, they have produced considerable results in
vegetation mapping and monitoring across the globe. For instance, Marcheti et al. (2016)
used MODIS time series of the spectral vegetation indices in Middle Parana River
floodplains to monitor vegetation, while De Almeida et al. (2015) also used these MODIS
time series in Pantanal macro system for monitoring vegetation. Similarly, AVHRR data
has been used in combination with the spectral indices in mapping vegetation attributes.
However, their spatial resolution limits their applicability on wetland vegetation monitoring
at a local scale. Also, they have few broad spectral bands and cannot discern subtle

differences among plant species.

2.3.4 Hyperspectral sensors
Limitations of the broadband multispectral sensors in spectrally discriminating subtle
differences among individual plant species have prompted the demand for technological
advancement in sensor capability. This has resulted in the debut of hyperspectral sensors
that contain multiple contiguous narrow bands with the capability of providing remotely
sensed data with a significant level spectral detail (Hill, Buddenbaum and Townsend, 2019).
A considerable body of literature demonstrates use of hyperspectral sensors in plant
species classification, proving their capability in producing invaluable plant species maps.

For instance, Ballanti, et al. (2016) used hyperspectral data acquired using an Airborne
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Imaging Spectrometer for Applications (AISA) Eagle sensor in conjunction with SVM and
RF machine learning algorithms to classify tree plant species in heterogeneous forests of
Muir Woods National Monument and Kent Creek in Marin County, California to obtain an
overall accuracy of 90%. In another study, Lim, Kim and Jin (2019) applied Hyperion
spaceborne archive data to classify tree species in South Korea and China. They produced
impressive results of 99% and 97% of RF and SVM classifiers, respectively. Stratoulias, et
al. (2018) also used airborne hyperspectral data to classify emergent wetland vegetation at
Lake Balaton, Hungary and concluded that de-noised hyperspectral information in the
visible and near infrared bands (400 — 1000nm) can accurately map vegetation in a
wetland. Despite the great potential exhibited by the hyperspectral sensors, most of these
datasets are derived from airborne campaigns that have been proven to be expensive for
resource-starved regions of Africa. Use of handheld spectrometers that are limited in spatial
extent and are time consuming make the situation worse. Moreover, these campaigns are
subject to airspace regulatory imperatives. Again, since the decommissioning of Hyperion
on-board Earth Observer 1 in 2017, there has been a few spaceborne hyperspectral
sensors in orbit. Spaceborne hyperspectral sensors are relatively cheaper than airborne
hyperspectral sensors. A lot of these spaceborne sensors are lined up for manufacture and
launch. Their spectral bands configuration needs to be tested for capability and this study

therefore, attempts to close this knowledge gap.

2.4  Spectral bands used for vegetation mapping and monitoring
Satellite EO provides a detailed earth surface information through capturing
electromagnetic energy measurements of vegetation species’ biochemical and biophysical
properties (Jensen, 1983). The interaction of electromagnetic radiation with plants, i.e.
reflectance, absorption and transmittance depends on these properties. For example,
carotenoids, xanthophyll, anthocyanin and chlorophyll pigments are absorbed in the blue
region (i.e. 450 — 520nm) and the red region (i.e. 600 — 630nm) while the mesophyll cells
show high reflectance in the near-infrared region (Im and Jensen, 2008) (see Figure 2.1).
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Figure 2. 1 Adopted from: Corrigan, F. (2019) Multispectral Imaging Camera Drones in
Farming Yield Big Benefits

Plant species’ leaves interact with incoming radiation differently owing to biochemical and
biophysical make-up, creating a spectral footprint that has become critical in
discriminating among them in the four regions of the electromagnetic spectrum (Table
2.2). The behavior of solar radiation in these four portions of the electromagnetic
spectrum upon interaction with different biochemical components of plants, creates
spectral signatures which are important for plant species discrimination. For instance,
there is low reflectance and transmittance of visible light due to chlorophyll and carotene
absorption, while in the near-infrared there is high reflectance and transmittance and low
absorption owing to the internal leaf structures (Rosso, et al. 2005; Kumar, et al. 2001).
However, inconsistencies on the shape of these spectral signature curves make research

on which portions of the electromagnetic spectrum will give optimal plant separability on

going.
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Table 2. 2 The spectral reflectance of green vegetation on the four regions of the
electromagnetic spectrum according to Kumar, et al. (2001)

Spectral Channels Description Spectral Reflectance of Vegetation

Low reflectance and transmittance due to

400 nm — 700 nm Visible chlorophyll and carotene absorption

The reflectance is strongly correlated with plant

680 nm — 750 nm Red-edge biochemical and biophysical parameters

200 nm — 1300 nm Near- High reflectance anq transmlttancg, very low
absorption. The physical control is internal leaf
infrared structures

Lower reflectance than other spectrum regions

1300 nm — 2500 nm_ Mid-infrared due to strong water absorption and minor

absorption of biochemical content

Previous studies (Kumar, et al. 2001; Aneece and Epstein, 2017) indicate that VIS, NIR
AND SWIR are the most important portions of the electromagnetic wavebands important
for plant species studies. Leaf level differences in pigments, water content, cell size,
intercellular space, cell wall thickness and other biochemical and structural elements assist
in differentiating species at the leaf level (Aneece and Epstein, 2017). The reflectances in
the visible (VIS), near infrared (NIR) and short wave infrared (SWIR) regions are influenced
by pigment content, leaf structure and water content and structural compound content
respectively. For instance, in the VIS region, Schmidt and Skidmore (2003) proved the blue
absorption maximum at 404nm usefulness in species identification in coastal saltmarshes
in Netherlands, while Thenkabail (2014) appraised the 375nm band for estimating the
fraction of photosynthetically active radiation and leaf water content. The 500nm — 549nm
wavebands were used by Hanson et al. (2018) to discriminate plant species in a forest in

Panama and the 501nm in classifying coastal salt marshes.
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In a study by Masaitis, Mozgeris and Augustaitis (2013) the blue and NIR regions were
found to be important for deciduous tree species discrimination at the onset of greening
phenological stage. At the peak of the season, it was found that Red and SWIR regions
were critical in differentiating among the deciduous tree species. Roth et al. (2015) argue
that the most useful regions of the electromagnetic spectrum for plant species
discrimination are the visible and NIR since most of the variables that influence i.e.
chlorophyll a and b are concentrated in these regions. Others, (Peerbhay, Mutanga and
Ismail, 2013; Fassnach, et al. 2016) have demonstrated the importance of the SWIR region
(1000 — 2500nm) in plant species discrimination. Specifically, Adam and Mutanga (2009)
showed the benefit of using the SWIR in the discrimination of papyrus sp. in a coastal

wetland in South Africa.

Several research works (Mutanga, Adam and Cho, 2012; Adjorlolo, Mutanga and Cho
2014) have demonstrated the usefulness of the red-edge band in vegetation studies as an
important input variable due to its sensitivity to biochemical and biophysical parameters.
For example, Otunga et al. (2019) and Adjorlolo, Mutanga and Cho (2013) used the red-
edge to discriminate grasses. In another study, Sibanda, Mutanga and Rouget (2017)
tested the capabilities of WorldView 3’s red-edge spectral band in discriminating and
mapping complex grassland management treatments in KwaZulu-Natal, South Africa, and
concluded that it was important for improving the overall accuracy from 67% to 70%.
However, the red-edge of WorldView 2 sensor considered an unimportant input variable by
Pu and Cheng, (2015) in vegetation mapping. As argued by Zhu et al. (2017) these
inconsistences warrant further research on the performances of spectral bands among
different satellite sensors. However, concentrations of individual biochemical components

may vary producing distinct spectral signature curves (Ustin and Jacquemoud, 2020).

Vegetation spectral measurements in wetland environments tend to be obfuscated by
canopy geometry, soil background, sun view angles and atmospheric conditions (Lefebvre
et al. 2019). As such, use of traditional sensors like Landsat, MODIS tended to saturate
leading to poor classification accuracies (Adam et al. 2010). Thus, a lot of spectral indices,
such as Normalized Difference Vegetation Index, Ratio Vegetation Index, Soil Adjusted

vegetation Index and Enhanced Vegetation Index were developed to improve accuracies
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in vegetation mapping (Xue and Su, 2017). Precisely, most of these vegetation indices are
based on the VIS and NIR spectral bands. The broadband spectral vegetation indices like
Normalized Difference Vegetation Index (NDVI) that utilize the red and near infrared
wavebands, tend to saturate with heavy vegetation cover and are thus not effective in
discriminating vegetation species in wetlands. Spectral indices derived from the narrow
wavebands are instead preferred. For example, Elvidge and Chen (1995) used various
combinations in the red and near infrared wavebands of Landsat TM and PS-2 Analytical
Spectral Device (ASD) to compare the performance of broadband and narrow band
vegetation indices in Nevada, United States of America and concluded that narrow band
vegetation indices were more effective in estimating Leaf Area Index and green cover. In
another study, Adam et al. (2014) compared the narrow band Enhanced Vegetation Index
(nEVI) and narrow band Normalized Difference Vegetation Index (nNDVI) from different
wavebands combinations involving the red-edge waveband in iSimangaliso Wetland Park
in South Africa to predict papyrus above ground biomass and concluded that nEVI
outperformed nNDVI. Similarly, Mutanga and Adam (20011) compared the performance of
imaging spectroscopy vegetation indices (narrow Normalized Different Vegetation Index
(NDVI), Simple Ratio (SR) and Transformed Vegetation Index (TVI)) using all possible
waveband combinations between 350nm and 2500nm to estimate Blue Buffalo Grass
biomass in Southern Africa and found that they performed better than the commonly used
broadband indices and raw spectral bands. In the same study they concluded that the SR
outperformed the nNDVI and nTVI and recommend application of SR in dense vegetation
cover. From the preceding, it can be learnt that the spectral indices derived from VIS and
NIR cannot be effectively used in wetland plant species discrimination, as such there is
need to evaluate spectral indices derived from the spectral bands important for vegetation
mapping such as the RE and SWIR.

2.5 The performance of MLA in plant species discrimination

2.5.1 Machine Learning Algorithms
Machine Learning Algorithms (MLA) refers to statistical methods that apply artificial

intelligence in to analyse information, recognise patterns and improve prediction accuracy
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through automated repeated learning from training data (Maxwell, Warner and Fang, 2018;

Rogan et al., 2008). The interest in MLAs is based on the following:

e They can deal with multi-modal, noisy and missing data, since they are non-
parametric (Hastie et al., 2001)

e They are able to deal with large and complex data measurement spaces within
reduced computational demand (Foody, 2004)

e They are accommodative to both categorical and continuous ancillary data
(Lawrence & Wright, 2001);

e Users are able to investigate the relative importance of input variables in terms of
contribution to classification accuracy (Hansen, Dubayah and DeFries, 1996; Foody
& Arora, 1997)

e Are flexible, and can be adapted to improve performance for particular problems
(Lees & Ritman, 1991), and are able to accommodate multiple subcategories per

response variable (Gopal, Woodcock & Strahler, 1999).

Commonly used MLA in plant species with optimal accuracies include SVM, RF, NN, DT
and PLS-DA (Mountrakis, Im and Ogole, 2011). Among these machine learning algorithms,
RF and SVM have gained prominence in the classification of hyperspectral data (Transon,
et al. 2018). RF is an ensemble-based statistical machine learning algorithm that is robust
in terms of using a few parameters N tree (number of trees) and m try (number of predictor
features) hence it is fast in computing numerous spectral data channels such as
hyperspectral data (Hastie, et al. 2001). On the other hand, SVM a kernel-based classifier
has a capability of handling data with high dimensionality, eliminating the challenge of the
Hughes effect (Camps-Valls and Bruzzone, 2005; Mountrakis, Im and Ogole, 2011) with a
very limited number of training samples (Stratoulias, et al. 2018). PLS-DA is a
discrimination and classification technique based on latent variables defined in a classical
partial least squares regression approach with categorical response variables (Richter,
2016). Despite its limited use in remote sensing, PLS-DA, has been proven as one of the
robust statistical approaches in dealing with multi-collinearity and imbalanced ratios
between training samples and feature space (Peerbhay, Mutanga and Ismail, 2013). The

above-mentioned strengths of these MLA makes them ideal classifiers for processing
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hyperspectral data such as in discriminating wetland plant species. To the best of our
knowledge, there is no study that has compared the performances of these MLA on the
data resampled to n-Sight 2 satellite sensor’s spectral band settings for wetland plant

species classification.

2.5.2 Comparing performances of the MLA in plant species discrimination

From the available literature, the performances of these machine learning algorithms result
in varying classification accuracies. For instance, Adam et al. (2014) compared the
performances of RF and SVM in a heterogeneous South African coastal wetland using
multispectral RapidEye data and found a comparative similarity in their performances. In
another study, Ballanti et al. (2016) used hyperspectral imagery to compare the
performances of SVM and RF and concluded that there was no significant difference
between their performances since they both had overall accuracies over 90%. They further
observed that they increased the training samples, SVM outperformed RF. In another
study, Lim, Kim and Jin (2019) classified tree species using Sentinel 2 MSI and Hyperion
in South Korea and China to compare MLA and found that SVM and RF had accuracies
over 90% and concluded that these are well established in hyperspectral imagery
classification for tree species classification. In a different environment, Peerbhay, Mutanga
and Ismail (2013) conducted another study to test the PLS-DA in classifying commercial
tree species in KwaZulu Natal. They found that PLS-DA can significantly discriminate tree
species with an overall accuracy of 88.8% using AISA Eagle bands. Although this was in a
different environment, their studies ascertains that the PLS-DA can be successfully used
in with hyperspectral data in vegetation mapping and monitoring. Richter, et al. (2016) used
airborne hyperspectral in a heterogenous mixed forest in Central European to compare
performances of SVM, RF and PLS-DA in discriminating tree species, interestingly PLS-
DA outperformed both SVM and RF. In another study, Raczko and Zagajewski (2017)
compared the performances SVM, RF and ANN algorithms to classify tree species in the
northwestern part of the Karkonosze National Park, Poland, south of Szklarska Poreba
town and airborne hyperspectral APEX images. They concluded that ANN vyielded 77%
overall accuracy outperforming SVM and RF with 68% and 62% respectively.
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Given the above, it can be concluded that MLA have a potential of being used in a wetland
ecosystem with various hyperspectral data sets and produce optimal accuracies. However,
to the best of our knowledge no study has compared the performances of RF, SVM and
PLS-DA MLA on wetland plant species discrimination using remotely sensed data

resampled to nSight 2 spectral band setting.

2.6 Summary of gaps in literature and way forward
In summary, the multispectral sensors with their broad bandwidths cannot effectively
differentiate among the wetland plant species because of signal attenuation by underlying
spectra. Lack of hyperspectral sensors with an improved capability is a challenge while
these tend to be associated with exorbitant acquisition and computational cost to process.
Also, to the best of our knowledge, there is no study that has compared the performances
of WV2, EnMap and nSight 2 in the discrimination of wetland vegetation, let alone the using
the advanced machine learning algorithms. Literature too, has shown that there is no
classification algorithm that has been proven to be superior on various datasets and
environments. In this regard, this study is an attempt to evaluate nSight 2 as an option in
providing the hyperspectral dataset needed for assessing wetland vegetation attribute

characterization.
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CHAPTER THREE
3 METHODOLOGY

3.1 Experimental Design

3.1.1 Field Survey

A field survey was conducted between 14 and 18 December 2020. Thirty 40 m x 40 m
plots were randomly selected across the study area and tagged with a GPS coordinate
with £3 m accuracy based on the distribution of wetlands, as guided by the ecologist and
through use of their field guide booklet (van Ede, 2016). The plots were dominated by plant
species: Crocosmia paniculata, Agapanthaceae, Grasses and Cyperus sp (Figure 3.1).
The grid strategy was preferred where five sub-plots of 1 m x 1m representing

homogeneous species were generated.

Figure 3. 1 pictures of the dominant plant species identified in the Verloren Vallei Wetland,
a) Crocosmia sp. b) Agapanthus sp. c) Grasses and d) Cyperus sp.

Due to overcast conditions during fieldwork, we destructively collected leaves from the

dominant plant species. We placed these leaves in sealed plastic bags and stored them
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in a cooler box to preserve their quality (Masemola, Cho and Ramoelo, 2019). The leaf
spectral reflectance measurements were acquired in the laboratory following the
procedure by Masemola, Cho and Ramoelo (2019). A Spectral Evolution PSR-3500
spectrometer (Spectral Evolution, Inc. © 2014), with a spectral range of 350 nm — 2500
nm, spectral resolutions of 3.5 nm, 10 nm, and 7 nm at 350 nm — 1000 nm, 1500 nm and
2100 nm, respectively, was used. The spectral bands 350 nm — 1000 nm, at 1500 nm and
at 2100 nm have nominal spectral sampling intervals of 1.5 nm, 3.8 nm and 2.5 nm,
respectively (Kganyago et al. 2017). A bifurcated cable attached to a leaf-clip was used to
produce light using Fibre Optic lllumination Module with 5 watt tungsten halogen source.
This lamp produces a continuous spectrum of light in the range from near-ultraviolet to the
infrared with a shift towards the blue. They produce light with higher effective colour
temperature and high power efficiency. Halogen lamps are a light source with black-body
radiation spectrum similar to that of the Sun. This set-up mimics the natural light. The
experimental setting used a leaf-clip device that provided a direct-contact probe which
prevented the influence of ambient effects. Spectral measurements were collected per leaf
by repositioning the clip at five different positions for each scan after optimizing and
calibrating using a white reference panel of approximately 100% reflectance. Poor quality
measurements were discarded. We then averaged the collected spectra reflectance per
plant species. Table 3.1 shows a summary of the spectral measurements collected.

Table 3. 1 Number of plant species spectra, training and testing samples per plant
species.

Name of Plant Species | Number of Spectra | Training Data Validation Data
collected (70%) (30%)
Crocosmia sp. 210 147 63
Agapanthus sp. 210 147 63
Grasses 210 147 63
Cyperus sp. 210 147 63
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3.2 Data Processing

3.2.1 Spectral sub-setting and noisy spectral removal

The measured spectral data had 2151 spectral bands sampled at an interval of 1 nm.
Since nSight-2 has a spectral range of 400 nm — 900 nm, we resampled the data to match
the nSight-2 spectral range. Consequently, commonly excluded spectral regions due to
noise, i.e., below 400 nm, 1350 — 1465 nm, 1790 — 1960 nm, and 2350 — 2500 nm, were
removed by default (Thenkabail et al. 2004).

3.2.2 Spectral resampling
The spectral reflectance samples measured in the 30 plots were then resampled to nSight-
2, Worldview-2 and EnMAP spectral settings.

The nSight-2 is a forthcoming earth observation hyperspectral nano-satellite sensor from
South Africa by the Space Advisory Company (SAC). This satellite sensor will have a
spectral setting that ranges from 400 nm to 900 nm with 160 linear filtered and pre-selected
spectral bands. Its ground sampling distance will be 20 m and will have a swath-width of
14 km. The spectral reflectance samples measured in the 30 plots were then resampled
into nSight-2’s spectral settings (i.e., FWHM and band centres) using the Hsdar R package
(Lehnert et al.,, 2018). The response of each band was estimated using Gaussian

distribution.

Worldview-2 (WV-2) satellite is the first high resolution 8-band multispectral commercial
satellite sensor developed and launched by Digital Globe Inc. in 2009. It is a sun-
synchronous satellite at 770 km altitude with a Ground Sampling (GSD) of 0.46 m and
0.52 m at nadir and 20° off-nadir in the panchromatic band, respectively. It has a swath
width of 14.6 km at nadir and a dynamic range of 11-bit per pixel. Its spectral configuration
is as follows: panchromatic band (450 — 800 nm), the coastal band (400 — 450 nm), Blue
band (450 — 510 nm), Green band (510 — 580 nm), Yellow band (585 — 625 nm), Red band
(630 — 690 nm), Red-Edge (705 — 745 nm), NIR-1 (770 — 895 nm), NIR-2 (860 — 1040

nm).

Environmental Monitoring and Analysis Programme (EnMAP) is a German Space Agency

(DLR) small satellite. It is a polar-orbiting earth observation satellite with a dedicated
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hyperspectral push-broom imager with a GSD of 30 m and a swath width of 30 km. The
EnMAP has a spectral sampling in two regions of the electromagnetic spectrum, i.e., VNIR
and SWIR at 6.5 nm and 10 nm spectral resolutions, respectively and the range of 420 nm
— 2450 nm. This spectral range is divided as follows: VNIR (420 nm — 1000 nm); SWIR-1
(900 — 1390 nm); SWIR-2 (1480 — 1760 nm), and SWIR-3 (1950 — 2450 nm). The
resampled EnMap data had 242 bands with a mean bandwidth of 10.47 nm and a spectral
range of 423.03 nm — 2438.6 nm. To facilitate comparison with nSight-2 spectral settings,
a spectral subset of 78 bands with a range of 400 nm — 900 nm was used instead of the
entire VNIR and SWIR dataset.

3.3 Machine Learning

Traditional parametric image classification algorithms have been found insufficient in
digital processing of hyperspectral data (Pham, et al. 2019). As such, advances in
computer vision, pattern recognition and artificial intelligence technologies have resulted
in the new developments like machine learning algorithms that have become so
instrumental in classification of remote sensing data. Among these machine learning
algorithms, Random Forest (RF), Support Vector Machine (SVM) and Partial Least
Squares Discriminant Analysis (PLS-DA) have been proven robust in producing higher

overall mapping accuracy (Zafari, Zurita-Milla and Izquierdo-Verdiguier, 2019).

3.3.1 Random Forest

Random forest (RF), as introduced by Breinman (2001), is an ensemble machine learning
classifier that works through training of several decision trees to individually provide a
classification for input data via the bagging process. Each decision tree in the
classification takes input from samples in the initial dataset. Randomly selected features
are then used to grow the tree at each node without pruning until the prediction is finally
reached. The RF classifier bootstraps random samples where the prediction with the

majority vote from all trees is selected (Igual and Segui, 2017).

It usually uses three hyper-parameters that need tuning before training, i.e. node size, the
number of trees and the number of samples. In each bootstrapped sample, about two-
thirds of the input data (i.e., in-bag samples) are randomly selected using bagging to grow

an unpruned classification tree. In other words, RF uses recursive partitioning of data into
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nodes until each of the trees contains similar samples or reaches one stopping condition
(Pal, 2005). In this process, two parameters are used, i.e., the number of trees (n-tree)
and the number of variables randomly selected at each split (mtry). Then, the Shanon
entropy or Gini coefficient is used as the splitting function to measure the impurity of an
attribute concerning the classes (Lim, Kim and Jim, 2019). Each classification tree votes
for a class membership for each test sample, and the class with maximum votes will be
considered the final class. The remaining one-third (i.e., out-of-the-bag) is used for
internal cross-validation to estimate out-of-the-bag errors (Lim, Kim and Jin, 2019; Zafari,
Zurita-Milla and Izquierdo-Verdiguier, 2019). In this study, the n-tree and mtry parameters
were tuned using the grid-search strategy in ‘random Forest’ R-Statistics package. The
n-tree values from 100 to 1000 and mtry values from 1 to vm (i.e., square root of the

number of bands) were tested.

Random Forest is known for producing higher classification accuracy and runs efficiently
on large databases. It does not require much parameter tuning, hence it is easy to
determine which parameter to use. It also has been proven to be robust in handling noisy
data and therefore effective for a wide variety of classification and regression tasks
(Golrang, et al. 2020). Overfitting is easily dealt with since there is no need for pruning
the random forest (Breinman, 2001). RF algorithm is readily available from
recommendable open-source data software like Python and R Statistics. It makes use of
all samples in a dataset and hence avoids overfitting (Pal, 2005). Random Forest is simple
and easy to implement since it uses a few lines of code. Moreover, it is computationally
fast saving on time. RF is versatile as it does not require input preparation and is capable
of handling numerical, binary and categorical features with scaling, transformation or
modification. It is also implicit as it estimates on what variables are important in the

classification (James, 2021).

However, theoretical analysis is difficult with RF. It is affected by a large number of
decision trees in the RF as they slow down the real-time predictive power of the algorithm
(Yiu, 2019). Random Forest is highly sensitive to categorical variables with different
number of levels since the algorithm becomes biased towards those attributes with more

levels resulting in unreliable variable importance scores.
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In this study, RF was tuned for n-tree and mtry. For tuning, the grid-search strategy was
adopted at 5-fold cross validation. The optimal parameters were 500 and 2 for ntree and

mtry respectively. This contributed to a training accuracy of 78.29% (Kappa=70.18)./

3.3.2 Support Vector Machine

Support Vector Machines, as first developed by Vapnik (1999), are supervised machine
learning algorithms that classify data through finding a hyperplane, i.e. a function used to
separate the features into different domains (Yadav and Mather, 2020). The SVM
algorithms is founded on the idea that the greater the margin between the support vectors
and the hyperplane, the higher the chances of correctly classifying the points in their
respective classes (Mountrakis et al., 2011). In this, the SVM algorithm uses the kernel
functions i.e. the way of computing the dot product of two vectors X and Y in a feature
space. There are four types of kernel functions used in the SVM algorithm i.e. linear
kernel, polynomial kernel, sigmoid kernel and the radial basis function kernel (RBF) also

known as the Gaussian kernel.

SVM defines decision boundaries using geometrical characteristics of data through a
hyper plane based on support vectors (Melgani & Bruzzone, 2004). It does not require a
priori knowledge about the statistical distribution of data, can reduce classification errors
while increasing resolution, and uses kernels which are effective in their accuracy
(Mountrakis et al., 2011). Its strength lies in that it does not employ density estimation to
discriminate classes; instead, it utilizes the geometrical characteristics of data to define
decision boundaries by assessing only support vectors (Melgani & Bruzzone, 2004). SVM
is highly sensitive to the choice of kernel, size of kernel and parameter C (Hsu, Chang &

Lin, 2010). Furthermore, SVM is computationally fast and easy to manipulate.
In this study, the Gaussian kernel was used. It uses a formula:
K(X = X) = exponent (-gamma|| X1 — X2||) Equation 1

Gamma specifies how much a single training point has on the other data points around it
and [|X1 — X2|| is the dot product between features.

The SVM-RBF kernel requires parameterization of C, i.e. the inverse of the strength of

regularization. As value of C increases the model over-fits and as the value of C
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decreases the model under-fits. Also the RBF employs the Gamma (Y) parameter which
also when the value increases, the model tends to over-fit and when the value decreases,
the under-fits. Using the grid-search strategy, the two parameters were set as Gamma
(Y) at 32 and cost parameter C at 0.01136596. This yielded a training accuracy of 90.54%
(Kappa= 0.87).

3.3.3 Partial Least Squares Discriminant Analysis

Partial Least Squares Discriminant Analysis (PLS-DA) is a multivariate supervised
clustering statistical machine learning algorithm that finds a linear regression model
through constructing predictive variables and response variables into a new space
(Chauhan et al. 2020). Although the PLS-DA model was technically designed to solve
data problems in chemo metrics and related subjects, it has become instrumental in
classification problems in remote sensing (Richter et al. 2016). Its versatility in handling
multi-collinear data, information redundancy and missing data, has prompted its utility in

many applications including remote sensing.

The major tenets of PLS-DA are that it creates predictive variables and response
variables which produces few eigenvectors from spectral matrices (Peerbhay, et al.
2013). This results in data that is correlated and characterized by predictor variables that
are more than observation. PLS-DA then finds optimum components which improves its
classification performance (Peerbhay, et al. 2013; Peerbhay et al. 2016). The commonly
used method for optimization of training data is cross-validation (Sibanda, et al. 2015;
Peerbhay et al. 2016). The cross-validation process allows for the selection of noise-free
components, reduces multicollinearity, and handles information redundancy (Yuan et al.
2020). To enhance PLS-DA classification accuracy, variable importance in the projection
(VIP) score is generated (Palemo et al. 2017). This is achieved through the selection of
relevant response variables. Scores of importance generated from each spectral band
act as a representative measure of importance between the spectral bands (Peerbhay et
al. 2013).

PLS-DA has been proven important and has gained momentum in the classification of
remote sensing data due to a number of advantages. It reduces noise in the dataset,
shows the probability of a sample belonging to the class being modelled and can select

31



best spectral variables (Li et al. 2016). Furthermore, it can handle multicollinearity,
missing data and information redundancy which is a common occurrence with
hyperspectral remote sensing data (Peerbhay, et al. 2016). PLS-DA has the power in
determining the important variables that are explaining the discrimination outcome. It also
determines the appropriate number of components for the model, which helps to prevent
overfitting (Jiang, et al. 2014). However, the higher number of predictor variables than
observations and multicollinearity of the wavebands runs the risk of overfitting (Richter et
al. 2016). In remote sensing, it has been applied as an important tool for feature reduction,
noise reduction, solving multicollinearity and overfitting which is common place (Sibanda
et al. 2015; Peerbhay et al. 2016)

3.4 Accuracy Assessment

Accuracy assessment determines the magnitude of performance of a specific
classification model or input data (Hasmadi, Pakhriazad & Shahrin, 2009). In this study,
accuracy assessment was performed overall accuracy (OA), producer’s accuracy (PA)
and user’s accuracy (UA) derived from a confusion matrix (Igbal & Khan, 2014). From PA
and UA, omission errors (OE) and commission errors (CE) were calculated by 1 — PA
and 1 — UA, respectively. The OA is the ratio of correctly classified sampled to the total
samples. It represents the probability that a randomly selected point is classified correctly
on the map (Foody, 2004). To compute the OA, the sum of correct classifications is

divided by the total of reference map classes as shown in equation 2.

0A=%x1oo 2

where r is the number of classes, n;; are the diagonal elements and n represents the total

number of considered pixels.

On the other hand, the PA (Equation 3) indicates the classification accuracy from the view
of the map maker. It shows the probability that the classifier has correctly labelled the
pixels and is computed from the following equation. It is calculated by taking the total
number of correct classifications for particular class i.e. n; and divide by n;.,; as shown

in equation 3 (Verma et al. 2020). The UA shows the classification accuracy from the map
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user’s perspective. It denotes the extent to which the selected class labels to inform the
classifier was correct (Adam et al., 2014). It is calculated dividing the total number of

correct classifications for a particular class i.e. n;; by the row total i.e n;,,,, as shown in

equation 4.
PA = (n"—l) 3)
UA = (n”—w) (4)

n;; is the number of correctly classified pixels and n;.,; and n;,,,, are the column and row

total, respectively (Verma et al. 2020)

Alongside these metrics, we used quantity and allocation differences ahead of the
traditional Kappa coefficient. Use of Kappa coefficient (k) has been discredited by the
contemporary accuracy revisionists (Pontius Jr and Millones, 2011, Pontius Jr and
Santacruz, 2014), because it is redundant and misleading for practical applications.
These authors argue that Kappa’s proportion correct is not helpful in improving accuracy
since it does not give the sources of disagreement. Also, Kappa coefficient is based on
randomness which is meaningless and misleading. Furthermore, Kappa provides
uninterpretable conclusions regarding agreement and disagreement between reference
and classified maps (Pontius Jr and Millones, 2011). Consequently, they suggest two
mutually exclusive measures, i.e., quantity and allocation difference are gaining
prominence, hence were used in this study. Quantity difference or disagreement (QD)
refers to the imperfect match in the class proportions between the classification and
reference data (Equation 5). In contrast, allocation difference refers to the imperfect
match in the class allocations between the reference data and the classification given
their quantities (Equation 6).

QD = TTTl X 100 (5)
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n,; and n;, and represent the marginal sum of the columns and the marginal sum of

rows, respectively.

This measure is divided into Shift (SD) and Exchange (ED) to account for differences by
pairwise and non-pairwise class confusions, respectively (Pontius Jr and Santacruz,

2014). These measures were calculated using the Pontius matrix (Warrens, 2015).

J
_ Xj=14j

Q= (7)

2

J
_ Xj=18j
2

E (8)

Q is the overall quantity difference, computed from the sum of class-wise quantity
difference and divided by two, as shown in equation 7, since this process double-count
the class-wise quantity difference, while E is the overall exchange difference and is
divided by two as shown in equation 8, since summation of the numerator double-counts

the class-wise exchange difference.
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CHAPTER FOUR
4. RESULTS

4.1.1 Introduction

This study intended to test the capability of the spectral configuration of the forthcoming
nSight 2 hyperspectral satellite sensor in discriminating among plant species in an inland
wetland. Also, the study sought to test the performance of the advanced machine learning
classifiers in handling simulated remotely sensed data derived from the nSight 2
configuration. This was achieved by comparing its performance with those of WV 2 and
EnMap. This chapter details the results of the methods documented in Chapter 3. For
comparison purposes, a spectral subset of 78 bands with a range of 400 nm — 900 nm
was used (instead of the entire VNIR and SWIR dataset). This will be followed by a

discussion of the results.

4.1.2 Comparison of simulated nSight 2, EnMap and WV 2 datasets

The results of the resampled spectra of nSight 2, EnMap and WV-2 datasets estimated
using Gaussian distribution are shown in Figures 4.1, 4.2 and 4.3. The resulting resampled
spectra had a mean bandwidth of 6.08 nm and a spectral range of 467 nm — 901 nm. The
mean and £SD of the resampled WV-2 spectral signatures for different wetland species
are shown in Figure 4.2 while the mean and the +SD of the resampled EnMap spectral

signatures for different wetland species are shown in Figure 4.3.
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Figure 4. 1 The mean and =£SD of resampled nSight-2 spectra for (a) Crocosmia sp., (b)

Grasses, (c) Agapanthus sp., and (d) Cyperus sp.
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Figure 4. 2 The mean and £SD of resampled Worldview-2 spectra for (a) Crocosmia

sp., (b) Grasses, (c) Agapanthus sp., and (d) Cyperus sp.
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Figure 4. 3 The mean and £SD of resampled EnMap spectra (subset up to 902 nm for
(a) Crocosmia sp., (b) Grasses, (c) Agapanthus sp., and (d) Cyperus sp.

The results (Table 4.1 and Figure 4.2) show a superior performance of nSight 2 (93.36%)
in the discrimination of plant species, followed by WV 2 (91.67%) and lastly the EnMap
(77.77%). The class-wise accuracies (i.e., PA and UA) were relatively high when using
nSight 2 band settings. However, for most cases, the class-wise accuracies were identical
either between nSight 2 and WV-2 (e.g. Grasses) or WV-2 and EnMap (Crocosmia sp.)
or across all sensors. The latter is particularly true for Agapanthus sp., where PA and UA
were approximately 67% and 100% throughout, respectively. Similarly, Grasses had
similar PA across all sensors (i.e. approximately 92%), while nSight 2 and WV-2 had
equivalent UA which was better than EnMap. In classes where there are no equivalent
accuracies, EnMap was worse than other sensors evaluated in this study, i.e. nSight 2

and WV-2. Regarding the class-wise errors (i.e. OE and CE), Figure 4.4 reveals high OE
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for Agapanthus sp. across all sensors, i.e. greater than 30%, followed by Grasses which
showed high CE, i.e. greater than 20% for nSight 2 and WV-2, and greater than 30% for
EnMap. The nSight 2 sensor had the lowest errors, i.e. less than 20%, for Crocosmia sp.

and Cyperus sp. while WV-2 had similarly low errors for Cyperus sp. only.

Table 4.1: The performance of nSight 2, Worldview-2 and EnMAP in classifying wetland
species using an independent validation sample. OA, CI, AD and QD denote overall

accuracy, confidence intervals, allocation difference, and quantity difference.

nSight 2 Worldview-2 EnMap
PA UA PA UA PA UA
Crocosmia sp. 84.62% 84.62% 76.92% 83.33% 76.92% 83.33%
Grasses 91.67% 73.33%  91.67% 73.33% 91.67% 64.71%
Agapanthus sp.  66.67% 100.0%  66.67% 100.0% 66.67% 100.0%
Cyperus sp. 84.62% 91.67%  84.62% 84.62% 71.43% 83.33%
OA (95% ClI) 84.09% (69.93%, 81.82% (67.29%, 77.77% (64.70%,
93.36%) 91.81%) 90.20%)
AD (%) 9.09 11.36 11.11
Shift (%) 4.54 6.82 6.66
Exchange (%) 4.54 4.54 4.44
QD (%) 6.81 6.82 11.11
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Figure 4. 4 The accuracy metrics (i.e. Producer’s and User’s accuracy) and class-wise
omission (OE) and commission errors (CE) for nSight 2 (a, d), WV-2 (b, c) and EnMap

As indicated in Table 4.2, the most influential spectral bands among the datasets of the
three sensors, i.e. nSight 2, EnMap and WV-2 were chosen in the visible, red-edge and
near-infrared bands of the electromagnetic spectrum in the range of 400 nm to 900 nm,
common amongst the three models, SVM, RF and PLS-DA. A total of 20 spectral bands
from both nSight 2 and EnMap were selected while a total of 8 were selected from WV 2.
In the VIS region, the nSight 2 had four spectral bands, while WV 2 had three and EnMap
had 2. For the RE region, there were 11 spectral bands for nSight 2, 10 for EnMap data

and 3 for WV-2. All the remaining were selected from the NIR region.
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Table 4.2 Comparison of optimal spectral bands common among the algorithms in each

dataset.

Electromagnetic nSight 2 Worldview-2 EnMap

Spectrum Region
479.64 nm 427 nm 537.72 nm
482.28 nm 478 nm 542.87 nm

VIS (400nm — 600nm)  540.58 nm 546 nm
573.31 nm
620.70 nm 608 nm 620.84 nm
656.84 nm 659 nm 633.02 nm
659.54 nm 724 nm 639.21 nm
665.37 nm 645.47 nm
668.29 nm 651.80 nm

RE (650nm — 750nm) 670.72 nm 658.20 nm
675.18 nm 664.47 nm
681.09 nm 671.21 nm
683.60 nm 677.83 nm
698.84 nm 684.51 nm
747.25 nm 747.68 nm
826.38 nm 831nm 755.01 nm
848.82 nm 908nm 762.41 nm
856.69 nm 769.86 nm

NIR (750 nm - 1200 869.93 nm 784.93 nm

nm) 892.58 nm 871.05 nm

887.16 nm
903.36 nm
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4.1.3 Performances of machine learning algorithms for classifying wetland plant
species

We compared the achieved overall accuracies for RF, SVM and PLS-DA classifiers on
the simulated nSight 2 sensor spectral bands, and found that the nSight 2 SVM model
had the highest overall classification accuracy (93.18%), followed by the nSight 2 RF
model with overall accuracy of 84.09%, and then the nSight 2 PLS-DA model with an
overall accuracy of 83.63% (Table 4.3). Correspondingly, the AD and QD were found to
be proportionately low for the nSight 2 SVM model, i.e. approximately 2 and less than 5
respectively, juxtaposed with nSight 2 RF model, i.e. approximately 9 and 7 respectively,
and nSight 2 PSL-DA model less than 7 for the AD and 10% for QD. Although the nSight
2 PSL-DA model had an appropriately lower OA than nSight 2 RF model, its AD was
better at 6.36% compared to the 9.09% of the RF model. To compare the differences
caused by pair-wise and non-pair-wise class confusions, the Shift and Exchange metrics
as contemplated in the AD, were used. The nSight 2 RF model and nSight 2 PLS-DA had
a similar Shift at 4.54%, while the nSight 2 SVM model had the lowest Shift approximately
2. The Exchange was 0% for the nSight 2 SVM model, and less than 2% for the nSight 2
PLS-DA classification model, while it was 4.54% for the nSight 2 RF model.

Table 4.3: The performance of RF, SVM and PLS-DA in classifying wetland species. The
terms OA, CI, AD and QD denote overall accuracy, confidence intervals, allocation

difference and quantity difference.

RF SVM PLS-DA

PA UA PA UA PA UA
Crocosmia sp. 84.62% 84.62% 100 100 84.85 90.32
Grasses 91.67% 73.33% 100 86.67 95.83 74.19
Agapanthus sp. 66.67% 100.0% 84.62 100 93.33 87.5
Cyperus sp. 84.62% 91.67% 91.67 91.67 93.10 84.38
OA 84.09% 93.18% 83.63%
(95% CI) +0.1089 +0.0753 + 0.0694
AD (%) 9.09 2.27 6.36
Shift (%) 4.54 2.27 4.54
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Exchange (%) 4.54 0 1.81
QD (%) 6.81 4.54 10.00

The class-wise PA and UA metrics were fairly high across all models. The class of
grasses had greater than 90% PA across all the classification models, while its UA was
less than 75% for both nSight 2 RF and PLS-DA, compared with greater than 85% for the
nSight 2 SVM model (Figure 4.3). Similarly, the class of Crocosmia also had fairly high
PA approximately 85% for the nSight 2 RF and PLS-DA models, and 100% for the nSight
2 SVM model, while its UA metric was greater than 85% across the classification models.
The only class that had the lowest class-wise accuracy metric was Agapanthus sp. at
approximately 67% PA for the nSight 2 RF model. In using class-wise errors (i.e. OE and
CE) as depicted in Figure 4.5, the class of Agapanthus sp. had the highest OE in the
nSight 2 RF and SVM models greater than 30%, while it had OE approximately 6% for
the nSight 2 PSL-DA model. Interestingly, the class of grasses, despite their higher PA
accuracy, had the highest CE, i.e. greater than 25% across the classifiers, while the
Agapanthus sp had 0% CE for nSight 2 RF and SVM and approximately 12 % for the
nSight 2 PLS-DA model.

RF SVM PLS-DA

® Producer Accuracy = User Accuracy (a ® Producer Accuracy = User Accuracy (b) ® Producer Accuracy = User Accuracy (c)
100% 100% 100%

80% 80% 80%
60% 60% 60%
40% 40% 40%
20% 20% 20%
0% 0% 0%
Cr i A hus Cyperus sp. C i A hus Cyperus sp. Ci i G A hus Cyperus sp.
sp. sp. sp. sp. sp. sp.

=0E =CE (d) =QOE = CE (e) =QE =CE (f)
40% - 40% 40%

30%

1 30% 30%
20% + 20% 20%
10% - I I 10% I 10% ‘
o% l oﬂ/n I 0% - . .—
Cr i A Cyperus sp. Ci i A 1s Cyperus sp. Cr i A Cyperus sp.
sp. sp. sp. sp. sp. sp.

Figure 4. 5: The accuracy metrics (i.e. Producer’s and User’s accuracy) and class-wise
omission (OE) and commission errors (CE) for RF Model (a, d), SVM Model (b, c¢) and
PLS-DA Model (c, f).
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Figure 4.6 shows that the RE region of the electromagnetic spectrum had the highest
contribution in terms of the number of predictive features: 11, 10, 5 for nSight 2, EnMap
and WV-2, respectively, and in terms of mean importance percentages (greater than 70
%) in each sensor dataset. This was followed by NIR region 5, 8, 2 and VIS 4, 3, 2 for
nSight 2, EnMap and WV-2, respectively. For nSight 2, out of the 11 selected RE spectral
bands, the band located at 665.37 nm had the highest contribution greater than 87%, and
this was followed by the band located at 681.09 nm. For the EnMap, the RE also had the
highest contribution, particularly for the band located at 664.67 nm, while the WV-2 RE
band located at 659 nm had the highest contribution approximately 70% among the
selected bands in the WV-2 sensor. The NIR spectral bands located at 848.82 nm and
869.93 nm had almost the same contribution approximately 75% for the nSight 2, while
the EnMap NIR spectral bands had a contribution of approximately 65%, with a spectral
band located at 762.41 nm having the highest contribution of 65%. The 831 nm band of

the WV-2 sensor had a contribution of approximately 57%.

Furthermore, the results show variations in the variable importance by species. Across
all sensors, the RE had the highest contribution for the Crocosmia sp. between 90% and
100%, while Agapanthus sp. had the highest VIS spectral bands contribution across all
the sensors. Also, the grass species had high reflectance in the red to RE spectral bands
across the sensors. The plant species that dominated the NIR spectral region were the

Crocosmia sp. and Cyperus sp.
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Figure 4. 6 Support Vector machine variable importance using (a) nSight-2 bands, (b)
EnMAP bands, and (c) Worldview-2 bands. The y-axis indicate scaled SVM variable
importance (%).
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CHAPTER FIVE
5 DISCUSSION, CONCLUSION AND RECOMMENDATIONS

51 Discussion

5.1.1 Comparison of simulated nSight 2, WV 2 and EnMap

The results demonstrate the potential of the nSight 2 spectral band settings in
discriminating different wetland plant species in Verloren Vallei Nature Reserve.
Specifically, the spectral configuration on nSight 2 hyperspectral sensor discriminated
Crocosmia sp., Agapanthus sp., Themeda triandra sp. and Cyperus sp. to an overall
accuracy of 0.84 based on the resampled wavebands in the red edge and the NIR regions
of the electromagnetic spectrum. The discriminative power of nSight 2 could be attributed
to the narrow configuration of its wavelength bands which makes them to be more
sensitive to minute variations in the reflectance of different vegetation species considered
in this study. Specifically, both nSight 2 and EnMap contributed twenty optimal spectral
bands as top most contributing wavebands. As aforementioned, their narrow contiguous
spectral bands are able to discern on the spectral variations of vegetation species in this
study when compared to only eight broad bands chosen from the WV 2, a multispectral
satellite sensor. Broadband sensors’ wavebands tend to mask out critical information that

is required in discriminating different vegetation traits such as species variabilities.

While both nSight 2 and EnMap selected an equal number of spectral bands, i.e. 20, the
nSight 2 had a higher overall accuracy i.e. 93.36% compared to the 77.77% of EnMap
map. This can be explained by the fact that nSight 2 has a limited number of variables.
The sensor will provide a smaller number of narrow spectral bands, i.e. 160, that are less
susceptible to the Hughes phenomena hence they could be better handled by machine
learning classifiers. Furthermore, nSight 2 will have an improved spectral bandwidth of 6
nm compared with the 10 nm of EnMap. This could then explain the high performance of
nSight 2 in relation to EnMap. Meanwhile, EnMap covers a wider section of the
electromagnetic spectrum such that it has many redundant variables that do not
contribute much information for discrimination purposes, instead, they have an effect of
decreasing the classifiers accuracies. Even though nSight 2 had a better performance

than the two other sensors, there was no significant difference between the performance
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of nSight 2 and WV 2 simulated datasets. This may be because the most influential

spectral sections derived from these sensors was similar, such as RE bands.

Specifically, the RE wavebands (620.70 nm; 656.84; 659.54; 665.37; 668.29 nm; 670.72
nm; 675.18 nm; 681.09 nm; 683.60 nm; 698.84 nm; 747.25) and NIR (826.38 nm; 848.82
nm; 856.69 nm; 869.93 nm; 892.58 nm) were important for discerning subtle differences
among the four dominant plant species. This can be explained by the fact that plant
species differ in concentrations of chlorophyll and nitrogen contents in the plant species
considered in this study. The RE is highly sensitive to these components, while the NIR
spectral region is highly sensitive to tannin content which indicates the differences in
structural and physiological properties of plant species, enabling their differentiation
(Mutanga et al. 2015; Adam et al. 2012). These results concur with the findings of Otunga,
et al. (2019) who evaluated the potential of RE using the Sentinel 2 MSI, RapidEye data
and diiscriminant analysis and Maximum Likelihood classifiers in the discrimination of C3
(Festuca spp) in grassland in KwaZulu-Natal in South Africa and concluded that satellite
sensors which integrate the strategically located RE bands could offer information that is
critical for plant species discrimination and valuable for sustainable rangeland
management. Again, these results support the findings by Sibanda et al. (2017) who
tested the capability of Worldview 3 satellite data in discriminating grasses under different
rangeland management practices in South Africa using raw spectral bands and spectral
indices and found that incorpration of RE, yellow (57nm to 590 nm) red (620 nm to 750
nm) and the NIR ( 780 nm to 1300 nm) bands in plant species discrimination improved
the overall accuracies. It can be concluded that the simulated spectral bands of EnMap
and WV 2 also have a potential of discriminating wetland plant species with relatively high
accuracies although relatively lower in comparison to nSight 2. This could be because

they have spectral bands such as RE which are important for vegetation analysis.

5.1.2 Performances of RF, SVM and PLS-DA algorithms in classification of
resampled nSight 2 dataset.

We compared the achieved overall accuracies for RF, SVM and PLS-DA classifiers on

the simulated nSight 2 sensor spectral bands, and found that the nSight 2 and SVM model

had the highest overall classification accuracy (93.18%), followed by the nSight 2 and RF
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model with overall accuracy of 84.09%, and then the nSight 2 and PLS-DA model with an
overall accuracy of 83.63%. The superior performance of SVM model in the classification
of resampled nSight 2 dataset, can be explained by the fact that it can keep a balanced
ratio in validation and training samples and parameter tuning (gamma and penalty) in the
SVM model. SVM was able to reduce overlap in the spectra of the plant species
understudy and the extraction of useful spectral bands for plant species discrimination.
Even though both SVM and RF are machine learning algorithms, there are other studies
that have illustrated that RF performs less than SVM (Rackzo and Zagajeweski, 2017;
Dabija, et al. 2021). Specifically, these findings are in agreement with the findings by
Adelabu et al. (2013) who compared the performances of RF and SVM in tree species
classification in a Savanna woodland in Southern Africa and concluded that the SVM
algorithm was a better classifier than RF.

Again, there was no significant difference between the performances of RF and PLS-DA
algorithms, i.e. 84.09% for RF and 83.63% PLS-DA. This can be explained by the fact
that although PLS-DA is a machine learning algorithm, it is a multivariate method that is
slightly passive in feature selection. While this helps it to improve classification on one
hand, it leads to overfitting on the other. Interestingly, these results are in disagreement
with the findings by Richter et al. who compared the performances of PLS-DA, RF and
SVM in a forest in Central Europe and found that the PLS-DA model outperformed both
SVM and RF in tree species discrimination. Furthermore, the machine learning
algorithms, RF, SVM and PLS-DA, can successfully handle the data from these upcoming

sensors and WV-2.

5.2.3 Influence of species varieties

The class-wise PA and UA metrics were fairly high across all models. The class of
grasses had greater than 90% PA across all the classification models, while its UA was
less than 75% for both nSight 2 RF and PLS-DA, compared with > 85% for the nSight 2
SVM model. This confirms the superiority of the nSight 2 dataset used in conjunction with
SVM classifier in discriminating wetland plant species. While the per class accuracies
differed from plant to plant and algorithm to algorithm, this can be explained by the fact

plant species differ interms of foliage, structural and density differences. The spectra
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under these differing attributes result in different classification accuracies. Also there is a
great influence of leaf area, size and texture, which greatly afftects the reflectance of
these plant species. Another important contributing factor to the differences in the
reflectances of plant spcies could be perhaps the phenological stage at which these plant
species were spectrally measured (Deepak et al. 2019; Prospere, McLaren and Wilson,
2014).

514 Implications of the results

While these results reveal a great potential of nSight 2 spectral band setting as suitable
for plant species discrimination, it should be noted that resampled data was used in this
study. Actual dataset may be affected by atmospheric and processing impurities which
will need to be considered. Specifically, the satellite imagery may also be inluenced by

sun angle, sensor geometry, illumination and atmospheric conditions.

5.2 Conclusion

This study sought to test the capability of the spectral configuration of the forthcoming
nSight 2 hyperspectral satellite sensor in discriminating among plant species in an inland
wetland. Also the study sought to test the performance of the advanced machine learning
classifiers in handling simulated remotely sensed data derived from the nSight 2

configuration. Grounded on the findings of this study, it can be concluded:

e That nSight 2 spectral configuration is suitable for plant species discrimination in
a wetland land environment.

e That the RE region of the nSight 2 is critical for plant species discrimination in a
wetland environment.

e That use of SVM classification algorithm with nSight 2 is suitable for plant species

discrimination in a wetland area.

5.3 Limitations of the study

This study encountered a number of shortcomings that can be leveraged for further
investigation. Among these were the fact that the data is not actual spectra; instead, it is
resampled from spectral band settings of the sensors, overcast weather conditions

hindered fieldwork, and the study was based on laboratory experiments after harvesting
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leaves from the dominant plant species. More experiments, using other classification
algorithms such as NN, deep learning and gradient boosting, are required. Moreover, the
influence of actual conditions of capturing remotely sensed data, i.e. atmospheric
conditions, influence of underlying spectra, spatial resolution and radiometric noise, was
not considered under these circumstances, and could have an impact on the performance

of the actual spectra.

5.4 Recommendations

The aim and results of this study accentuate the importance of the upcoming
hyperspectral sensors, with their fine spectral resolution, in discriminating among the
wetland plant species. The study also demonstrates the comparative performance of the
spectral settings of the newer generation of multispectral sensors, in discriminating
among the wetland plant species. These are critical for reserve management, in
effectively using data derived from these sensors in developing strategies for monitoring
and managing wetland plant species. The findings of this study are a comprehensive
foundation for grounding future studies. Based on the findings of this study, we
recommend that future studies should do the following:

e Compare the performance of the spectral bands and spectral indices derived
from the spectral configuration of the nSight 2 in discriminating wetland plant
species.

e Test the capability of spectral configuration of nSight 2 in the field, as
compared to the laboratory conditions.

e Consider upscaling the results to satellite sensor data for the understanding of
the performance of the nSight 2 spatially.

e Evaluate the influence of the atmospheric and underlying conditions under
sensor data conditions.

e Consider fusing nSight 2 satellite sensor data with those of unmanned aerial
vehicles (drones).

e For operational use and application of remote sensing for ecosystem
management, it would be ideal to have the band settings of nSight 2

programmable like the Compact High Resolution Imaging Spectrometer
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(CHRIS) a European Space Agency satellite. This satellite sensor has user-
defined spectral band setting which involves programming the spectral bands
for specific targets on the earth’s surface, rather than collection of voluminous
amounts of data that may not be useful all the time. This will help in dealing
with multi-dimensionality and multi-collinearity which is associated with

hyperspectral data and poses a challenge.
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APPENDICES

Appendix 1 Adapted from McCoy (2005)

Spectral Data Collection- Field Notes Sheet

General Information

Plot No:

Date:

Time:

Operator:

Other:

Environmental Information

LU Type:

Soil Type:

Soil Moisture:

Vegetation Information

Spp 1:

Spp 2:

Spp 3:

Spp 4:

Spectrometer Readings

Lens: Date:

# of Scans averaged per scan:

Sensor Height above Target/FOV:

% Cover:

% Cover:

% Cover:

% Cover:

Lat:

Long:
Photo:

Voice:

Slope:
Aspect:

Geology:

Phenology:
Phenology:
Phenology:

Phenology:

Solar Azimuth:

Scan # Target Time

Sky

Solar Z

Sensor A Sensor Z FOvV
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