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ABSTRACT

Wetlands are recognised as the important natural ecosystems in the world. The above-ground
biomass (AGB) of wetland vegetation is essential for providing ecosystem services related to
global climate change due to its crucial role in sequestrating anthropogenic carbon emissions.
Seasonal AGB estimation could help to understand carbon changes in wetlands and how
vegetation in these ecosystems differs across seasons at regional scales. Remote sensing
technology offers time-effective and cost-efficient ways to improve the monitoring of wetlands
and understanding of the spatial carbon changes in wetland vegetation. This study aimed to use
seasonal derived AGB of palustrine herbaceous vegetation to determine the differences in teal
carbon, using active and passive remote sensing data across the summer and winter seasons. The
study was carried out in the Chrissiesmeer catchment in the temperate Grassland Biome of the
Mpumalanga Province of South Africa. The objectives were to (1) derive different season-specific
modelling scenarios from Sentinel-1 and Sentinel-2 imagery to assess the optimal model for
estimating AGB of palustrine wetland vegetation AGB, (2) assess the performance of Random
Forest (RF) and Support Vector Regression (SVR) in predicting seasonal AGB of wetland
vegetation, (3) map the seasonal spatial patterns of teal carbon from the estimated AGB of
wetland vegetation, and (4) assess the seasonal variation in the predicted teal carbon. RF and
SVR algorithms were used as regression-based algorithms with important variable selection to
develop an optimal model from the modelling scenarios, which also incorporated field-measured
Leaf Area Index (LAl). The results showed that the combination of Sentinel-1 GLCMs and
backscatter channels yielded higher accuracy for the estimation of the AGB of palustrine
herbaceous vegetation attaining coefficient of determination (R?) = 0.735, root mean squared
error (RMSE) = 39.848 g-m, and relative RMSE (relRMSE) = 17.286% compared to a combination
of reflectance bands, vegetation indices and red-edge bands (R? = 0.753, RMSE = 49.268 g:-m,
and relRMSE = 20.009%) in the summer season. For the estimation of AGB in the winter season,
Sentinel-1-derived GLCMS textures obtained higher accuracy (R? = 0.785, RMSE = 67.582 g-m,
and relRMSE = 20.885%) compared to the combination of reflectance bands, vegetation indices

and red-edge bands of optical data (R? = 0.749, RMSE= 69.634 g:m2 and relRMSE = 21.248%).



XV

These findings suggested that Sentinel-1 sensor-derived models performed better than the
optical models in both seasons. Furthermore, the addition of SAR textural measurements
improved the accuracy of modelling AGB and RF model performed better than SVR in estimating
the AGB of wetland vegetation. The study observed that there was a significant difference
between the summer (77.527 g C/m2 DM) and winter (57.918 g C/m2 DM) seasonal mean carbon
ranges (p < 0.05), and Tevredenpan wetland vegetation communities stored higher levels of
carbon in the AGB vegetation in summer than in winter. The study showed that vegetation of
palustrine wetlands is significant for carbon storage and fluctuates significantly between summer
and winter. Estimating carbon stock in the AGB vegetation can aid in conserving grasslands and
wetlands and notably optimise research on biomass estimation with remote sensing and machine

learning systems.

Key words: carbon sequestration; carbon stock; climate change; herbaceous AGB; machine

learning; remote sensing; temporal.
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CHAPTER 1: INTRODUCTION

1.1 General introduction

Wetlands are among the most significant natural ecosystems for the long-term sequestration of
atmospheric carbon through carbon sequestration (CS) (Nahlik and Fennessy, 2016; Were et al.,
2019). The carbon stored and sequestrated by freshwater wetlands is referred to as teal carbon
(Nahlik and Fennessy, 2016). According to the South African National Water Act (Act no. 36 of 1998),
a wetland is a “land which is transitional between terrestrial and aquatic systems where the water
table is usually at or near the surface, or the land is periodically covered with shallow water, and
which land in normal circumstances supports or would support vegetation typically adapted to life
in saturated soil” (Republic of South Africa (RSA), 1998). Palustrine wetlands, in particular, their
contribution relating to ecosystem services such as supporting biodiversity, livelihoods, and CS is
globally recognised. Keith et al. (2020) define palustrine wetlands as spatial heterogeneous systems
consisting of seasonally or permanently saturated vegetated wetland types such as seeps,
floodplains, and mires. However, intensified impacts of anthropogenic and climatic change
pressures are expected to result in a global decline in freshwater ecosystems, thus affecting the

distribution and functioning of these ecosystems (Collen et al., 2014).

The ideal anoxic wet environment of wetland ecosystems results in inefficient respiration and
decomposition of organic matter, leading to a high accumulation of carbon, making these
ecosystems sinks for greenhouse gases (GHGs) (Ribeiro et al., 2021; Salimi et al., 2021). Although
the wetland biome is globally vital for providing ecosystem services, including storing carbon, it is
highly degraded and endangered. The water abstraction near wetlands can result in the desiccation
of these wetlands, and surface fires can ignite the peat, causing possible burning of the substrate to
change these sinks to sources of GHGs emissions (Grundling et al., 2015). Despite variability when
evaluating the importance of wetlands in the balance of atmospheric GHGs, it is vital to mention
that they have continuously been absorbing and releasing GHGs. Therefore, their contribution to

carbon sink needs to be modelled over different times (Dayathilake et al., 2021).



The Intergovernmental Panel on Climate Change (IPCC) identified above-ground biomass (AGB)
as one of the crucial components with the ability to store, accumulate, and release carbon
(Eggleston et al., 2006). AGB is the dry mass of plant organic matter per unit area and is an indicator
of plant health in most ecosystems (Pang et al., 2020). Moreover, the AGB contributes significantly
to atmospheric carbon changes caused by fire, logging, and land use practices (Dahy et al., 2020).
Therefore, it should be monitored and measured throughout the year, not only for single instance
mapping. In addition, at different seasonal times, vegetation in wetlands shows differences in the
carbon and nutrient cycles, water content and energy during the growing season, which in turn
impacts the quantity of AGB in these ecosystems (Mitch et al., 2013; Jin et al., 2014). As a result of
these fluctuations in climate variability as well as disturbances (e.g., fire and cattle ranching which
can affect seasonal AGB) , the assessment of carbon changes in various natural ecosystems has
become crucial for developing sustainable climate change strategies (Dayathilake et al., 2020).
However, understanding wetland ecosystem services, including carbon changes, can be very difficult
as wetlands are very dynamic and complex ecosystems and thus poses a challenge in knowing their
future state (Moomaw et al., 2018; Villa and Bernal, 2018). Thus, timely monitoring systems of
carbon changes in freshwater wetlands are still lacking, and the variations in carbon, especially in

different seasons, are poorly understood.

Estimation and assessment of seasonal AGB in grass-covered areas would provide valuable
information for the evaluation and modelling of seasonal carbon changes, wetland productivity and
the health of these ecosystems (Adam and Mutanga, 2012; Nahlik and Fennessy, 2016). Also, grass,
sedge and large macrophyte vegetation would offer a significant opportunity to understand and
measure how AGB or carbon growth varies in inundated and non-submerged areas since the
grasslands are affected by seasonality (Xu and Baldocchi, 2004). There still needs to be more
information globally on quantifying teal carbon changes in wetlands (Nahlik and Fennessy, 2016). In
the case of South Africa, most work on the quantification of AGB has been done on quantifying
biomass of woody structures (Mathieu et al., 2013; Naidoo et al., 2015; Urbazaev et al., 2015) and
estimating AGB in grasslands (Cho et al., 2007; Ramoelo et al., 2015; Sibanda et al., 2015; Sibanda
et al., 2017). There are no studies that have quantified and assessed the total carbon sink of the

herbaceous AGB in palustrine wetland vegetation across the seasons within the Grassland Biome.



Skowno et al. (2019) have highlighted that the wetlands and grasslands of South Africa are severely
destroyed because of extensive agriculture and alien invasive species. Consequently, quantifying
teal carbon in wetlands in the Grassland Biome is crucial for protecting and monitoring wetland

biodiversity.

Previously, AGB was estimated using non-destructive methods, such as allometric equations
based on critical variables like diameter, height, and wood density, particularly in forest ecosystems
(Chave et al., 2014; Luo et al., 2017). The currently used field-based method for estimating
herbaceous AGB is based on destructive- measurements, which involve cutting down vegetation at
point locations (Knapp et al., 2020). However, these conventional techniques are laborious, time-
consuming, and unable to accurately map wetland carbon or biomass in terms of its spatial and
temporal distribution (Barrachina et al., 2015; Otukei and Emanuel, 2015). Despite these
constraints, field methods are still valuable and are crucial as calibration and validation datasets for
upscaling model approaches (Englhart et al., 2011). The development of remote sensing technology
over the years has been among the essential tools for biomass or carbon assessment. In contrast to
the limitations of traditional methods, remote sensing allows for frequent wetlands monitoring over
broad geographical areas. Several satellite datasets such as Synthetic Aperture Radar (SAR) images,
multispectral and hyperspectral optical data, and Light Detection and Ranging (LiDAR) data have
previously been used to develop analytical models for extracting biophysical vegetation parameters
(Luo et al., 2017; LaRocque et al., 2020; Tavasoli and Arefi, 2020). For example, LiDAR data has
unigue benefits in obtaining information about an object horizontally and vertically and shows a 3-
dimensional (3D) representation of vegetation structure (Fatoyinbo et al., 2018). However,
utilisation of LiDAR datasets is constrained in wetlands because of high costs and limited coverage

information at both spatial and temporal scales (Guo et al., 2017).

In contrast to the cost limitation of LIDAR data, freely available optical remote sensing imagery
of high spatial, temporal, and spectral resolution has been made available over the years, improving
hyper-temporal wetland AGB estimation (Li et al., 2021). Estimating herbaceous AGB in wetlands
using optical data is based on correlating vegetation indices (VIs) with field-measured vegetation
parameters (Kumar and Mutanga, 2017). Vls are spectral indices that are based on quantifying the

physical difference in spectral reflectance of vegetation across the visible to shortwave regions of



the electromagnetic spectrum (EMS) (350 nm — 2500 nm) and are derived from optical remotely
sensed data (Taddeo et al., 2019). Leaf Area Index (LAl) is also a crucial metric for characterising the
growth of grassland and wetland vegetation, and it is a strong proxy for AGB (Van Wijk and Williams,
2005; Masemola et al., 2016). Remote sensing VIs are quite simple and practical algorithms for
guantitative and qualitative assessments of vegetation properties and offer the advantage of
suppressing soil background while significantly improving the sensitivity of the detection of green
vegetation when estimating AGB (Xue and Su 2017). However, Vis such as the Normalized Difference
Vegetation Index (NDVI) (Tucker, 1979) is limited in estimating vegetation biomass because it
reaches saturation in areas with high-density biomass (Mutanga and Skidmore, 2004). On the other
hand, VIs derived from the red-edge (RE) proved to increase the accuracy of AGB estimates
(Mutanga et al., 2012). The absence of the RE region in multispectral satellite data, such as Landsat,
hampered the estimation of vegetation AGB at regional scales (Ramoelo et al., 2015). Commercial
sensors containing the RE bands (RapidEye and Worldview imagery) showed improved accuracy in
grass biomass estimates (Ramoelo et al., 2015). However, they are costly, hindering the capability

of exploring the RE region in wetland vegetation-related studies at local and regional scales.

The accessibility of free optical sensor imagery developed by the European Space Agency (ESA)
has improved the retrieval of vegetation parameters, especially wetland AGB in temperate and
semi-arid grasslands (Li et al., 2021). The Sentinel-2 Multispectral Instrument (MSI) sensor has
better image acquisition characteristics which significantly enhances the monitoring of aspects of
the aquatic, coastal, estuarine, marine, and terrestrial ecosystems (Stratoulias et al., 2015; Shoko et
al., 2016). Sentinel-2 has several spectral bands, including the four RE bands (705 nm - 865 nm),
which enable wetland assessments at broader scales due to better spectral and spatial resolutions
(Shoko and Mutanga, 2017; Li et al., 2021). The RE region has been demonstrated to increase the
accuracy and sensitivity of vegetation AGB estimation, overcoming the effect of saturation in areas
with dense canopies and moderate to higher AGB (Mutanga et al., 2012; Ramoelo et al., 2015;
Sibanda et al., 2017; Shoko and Mutanga, 2017). However, the shortcomings associated with optical
data in estimating vegetation AGB include the reduced ability to sense the 3D structure of

vegetation given the viewing angle, wavelength, signal saturation and cloud obstruction (Guo et al.,



2017). Additionally, spectral contamination of background water in heterogeneous palustrine

wetlands can also be problematic in optical sensors.

SAR has become an attractive technology with several bands such as the C-band, X-band, and L-
band that can be used together with optical data to improve wetland AGB estimates regardless of
cloudy conditions (Englhart et al., 2011; Sinhaet al.,, 2015). The C-band and X-band have
wavelengths of 5.6 cm and 3.1 cm, respectively, and have proved to be suitable for monitoring
wetlands herbaceous AGB (Brisco et al., 2011; Naidoo et al., 2019). In areas of dense vegetation
cover, longer wavelengths (L-band ~24cm) are more effective in estimating the AGB, particularly in
forest ecosystems (Lang et al., 2008). Sentinel-1A SAR sensor by ESA operating at C-band frequently
provides free imagery that improves retrieval of vegetation parameters (Sinha et al., 2015;
Montgomery et al., 2019) and enables seasonal monitoring of AGB. The assessment of AGB with
SAR data involves finding the relationship between vegetation biomass and radar backscatter
coefficients (Sinha et al., 2015). Polarised and co-polarised backscatter channels (VH and VV) have
shown to effectively estimate wetland AGB (Ye et al., 2010; Naidoo et al., 2019). Even so, radar
backscatter signals are limited in estimating AGB in submerged and non-submerged vegetation in

wetlands ecosystems (Silva et al., 2008; Gallant, 2015).

The analysis of texture measurements is an image processing method that can improve the
estimation of AGB by addressing certain existing saturation problems associated with VIs and C-
band (Cutler et al., 2012; Kelsey and Neff, 2014). Image texture, such as the grey level co-occurrence
matrices (GLCMs) methods, enables for provision of structural and geometrical information on
vegetation properties (Kelsey and Neff, 2014) and can be extracted in both optical and radar satellite
imagery. The benefit of texture is that, irrespective of tone (i.e., backscatter or reflectance), it can
enhance spatial information retrieval by raising the saturation level and improving the range of
biomass that can be estimated using SAR data (Sarker et al., 2011). Thus, the efficiency of potential
proxies that may improve discrimination of spatial information in vegetation properties, including
RE bands and texture variables, must be well evaluated (Dube and Mutanga, 2015; Sibanda et al.,

2017).

Remote sensing methods for assessing AGB in wetlands are based on investigating relationships

between vegetation biophysical parameters and predictor variables derived from remote sensing



images using parametric, non-parametric and physical modelling approaches (Darvishzadeh et al.,
2008; Verrelst et al.,, 2015; Wan et al., 2019). Parametric approaches are based on finding the
statistical relationship between spectral observations or reflectance and a specific field-measured
target variable through a fitting function (Verrelst et al., 2015). The primary benefits of parametric
regression techniques are that they are easy, fast to compute, and straightforward to understand
(Ramoelo et al., 2015). Due to their empirical nature, they lack generalisation when it comes to up-
scaling methods and exhibit a high level of overfitting (Kokaly et al., 2009; Ramoelo et al., 2012). On
the other hand, physical-based methods for estimating biophysical parameters from remote sensing
data are based on understanding the physical processes involved in energy transfers within plant
canopies using physical laws (Darvishzadeh et al., 2008). The most known physical method involves
the inversion of Radiative Transfer Models (RTMs) such as PROSPECT (Feret et al., 2008) and
PROSAIL (Darvishzadeh et al., 2008). Compared to empirical approaches, the physically-based
methods overcome the site- and sensor-specific problems of statistical or empirical approaches
(Berger et al., 2018). However, the inversion of RTMs requires site-specific information (e.g., specific
in-field backscatter/reflectance measurements during satellite overpass), which makes the

calibration of RTM models complex.

Machine learning (ML) algorithms are non-parametric and build a non-linear regression
relationship between predictor variables retrieved from remote sensing images and field-collected
AGB (Mutanga et al., 2012). Several ML approaches, such as Random Forest (RF), Artificial Neural
Networks (ANN) and Support Vector regression (SVR), can be integrated with remote sensing data
and field-measured data for the estimation of AGB in wetlands and grasslands (Wan et al., 2018;
Naidoo et al., 2019; Li et al., 2021). The most significant advantages of these ensemble algorithms
include their ability to improve the robustness and generalisation capacity of regression models
through modelling which incorporate many training predictor variables, big data and missing data
and can deal with highly collinear variables (Knox et al., 2011; Mutanga et al., 2012). Also, algorithms
such as RF offer the advantage of selecting important variables for regression models, enhancing
the performance of modelling herbaceous AGB and contributing towards reducing overfitting in

predictor models (Naidoo et al., 2019; Li et al., 2021).



The remote sensing technology of biomass estimation is continuously advancing as new and
improved techniques, and applications are frequently developed. Thus, incorporating remote
sensing variables derived from freely available Sentinel Series imagery (Sentinel-1 and Sentinel-2)
for estimating herbaceous AGB in wetlands has been proven to be more accurate than using
individual sensors (Huang et al., 2016; Naidoo et al., 2019). This provides a foundation to explore
the seasonal variation in teal AGB using remote sensing and machine learning methods to achieve
optimum modelling of herbaceous AGB in wetlands for this study. The importance of
comprehending and assessing changes in grassland AGB at spatial and temporal scales is, therefore,

significant for regional and dynamic carbon accounting.

1.2 Research Problem

Over the years, anthropogenic pressures and changes in the global climate have transformed most
wetlands and grassland ecosystems. This results in the inability to observe the relationship between
these ecosystems and carbon over time, which significantly impacts carbon estimation accuracy
(Salimi et al., 2021). Global freshwater wetland ecosystems hold a remarkable ability to control
climate change through their capability to sequester carbon from the atmosphere (Dayathilake et
al., 2021). However, in the case of South Africa, the wetlands and grassland ecosystems are amongst
the most critically endangered and degraded natural resources (Van Deventer et al., 2020). Due to
elevated levels of Grassland Biome degradation in South Africa (covering 26.2% of the country's
area) (Fourie et al., 2015; Skowno et al., 2019); palustrine wetlands were not fully presented in the

South African National Wetland Maps (NWMs; Van Deventer et al., 2020).

An increase in the geographic footprint and impacts of agriculture, mining, commercial forest
plantations, and invasive alien species have contributed to the increasing degradation of South
Africa's wetlands and related wetland ecosystems in the Grassland Biome (Fourie et al., 2015). With
wetlands increasingly drying because of water abstraction and climate change, transformation may
increase, while the integrity of other wetlands may decline. Frequent monitoring of grassy wetlands
is required to assess their changes at temporal scales and their potential for CS, especially at local
and regional scales. However, most studies based on AGB in South Africa concentrated more on

assessing the AGB in woody structures (Mathieu et al., 2013; Naidoo et al., 2015; Urbazaev et al.,



2015). There are no studies focusing on quantifying wetland teal carbon stock from the AGB,
particularly across seasons within the Grassland Biome of South Africa. According to Schwieder et
al. (2018), this is often influenced by inconsistent data acquisition due to dense vegetation and
strong seasonality. This results in significant uncertainties as to whether wetlands and grasslands
will respond positively or negatively to the changing climate and whether the variation in seasons
affects the amount of carbon stored by wetlands (Chamaillé-Jammes and Bond, 2010; Salimi et

al.,2021). Therefore, studies on carbon stock quantification in vegetated wetlands are needed.

1.3 Research Aim

This study aimed to use field-measured herbaceous AGB to quantify the seasonal differences in teal
carbon across the summer and winter of 2017 in the Tevredenpan study area, which is part of the
Mpumalanga Lakes District (MLD) in the Grassland Biome of the Mpumalanga Province of South

Africa.

1.4 Research Questions

(i) Which combination of remote sensing predictor variables derived from Sentinel-1 and

Sentinel-2 datasets best predict herbaceous AGB or carbon for the different seasons?

(ii) Which machine learning algorithm under investigation best estimate the AGB of wetland

vegetation?

(iii) What spatial patterns in the carbon of wetland vegetation are noted between the

summer and winter seasons in palustrine wetlands?

(iv) Are there any significant seasonal fluctuations in the estimated carbon of palustrine

wetland vegetation?

1.5 Research objectives

The objectives of this study were to:
(i) Derive and test different season-specific modelling scenarios from Sentinel-1 and
Sentinel-2 imagery to assess the optimal model for estimating AGB of palustrine

wetland vegetation for the summer and winter seasons.



(ii) Assess the performance of RF and SVR algorithms in predicting seasonal AGB of
palustrine wetland vegetation.

(iii) Map the spatial distribution of wetland vegetation carbon stock for the summer
and winter seasons.

(iv) Assess the seasonal variations and if there is a statistical difference in teal carbon
derived from wetland herbaceous AGB in the summer and winter seasons for the

year 2017.

1.6 Significance of the study

Wetland ecosystems are essential for providing ecosystem services related to global climate
change (Were et al., 2019). Monitoring the state and health of natural ecosystems, particularly
freshwater ecosystems, over time is critical, and it is one of the target sub-indicators (sub-indicator
6.6.1.d) for 2030 Sustainable Development Goals (SDGs) set by the United Nations (UN) (UN, 2017).
Several studies have highlighted that the AGB of wetland vegetation is a significant indicator of the
state and health of wetlands (Mutanga et al., 2012; Li et al., 2019; Naidoo et al., 2019) and a good
component for the storage of carbon (IPCC, 2006). Herbaceous AGB is the most dynamic and
changing component and is estimated to globally contribute up to 30% of the sequestrated carbon
(Houghton et al., 2009; Kumar and Mutanga, 2017). Thus, continuous monitoring and quantification
of AGB at different seasons are vital owing to the increasing heterogeneity and complexity of
ecosystems (Fernandez-Alaez et al., 2002). Additionally, monitoring results at different seasons may

differ as natural ecosystems undergo seasonal changes due to their natural cycles (UN, 2017).

The inundation of wetlands during the summer (wet) season may affect the monitoring
assessments and during the winter (dry) season, for example, monitoring may yield different results
in ephemeral wetlands influencing the dynamics of nutrient cycles, vegetation growth, and gas
emissions from wetlands (UN,2017; Salimi et al., 2021). Therefore, thorough attention must also be
given to the winter season, especially in climate change-related studies on wetland ecosystems
(Salimi et al., 2021). Estimating the seasonal dynamics of AGB is of key significance for developing
our knowledge in monitoring ecosystem natural processes, ecological functions, management, and

wetlands protection. Remote sensing models from the integration of remote sensing datasets and
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field measurement of vegetation biophysical parameters have improved AGB estimation in various
studies at regional scales in wetlands and grasslands (Mutanga et al., 2012; Ramoelo et al., 2015;
Naidoo et., 2019; Li et al., 2021). However, fewer studies have considered assessing the seasonality
of the AGB of palustrine wetland vegetation, particularly in the Grassland Biome. The study's novelty
lies in integrating remote sensing data and field data into season-specific models to assess seasonal
variations in teal carbon between the summer and winter. Assessment of season variations of
carbon stored in the AGB of wetland vegetation will help to comprehend how vegetation in wetlands
differs and functions between seasons, and how it contributes to CS at regional scales in dry and
semi-arid places. This, in turn, will further help in ensuring that the SDGs sub-indicator 6.6.1.d goals

of sustainable monitoring of the health and changes in natural ecosystems over time are achieved.

1.7 Research Outline

Chapter One: The aim of this chapter is to provide an introduction of the research topic, namely
the estimation of South Africa’s teal carbon in the Grassland Biome over the summer and winter
seasons. Chapter one further presents a detailed description of the research problem in order to
highlight why it is important to estimate herbaceous AGB of wetlands across these two seasons,
indicate the main aim and objectives that are investigated in the study. In addition, this chapter

provides insight on significance of this research.

Chapter Two: This chapter introduces an overview on wetlands and the process of CS in
wetlands. It also provided a detailed evaluation of the existing literature studies on the application
of satellite imagery data in assessing AGB of palustrine wetlands in the Grassland Biome of a part of
the MLD of South Africa. Chapter two gives an important background on the traditional methods of
estimating AGB that have been used in other studies and also their disadvantages. The chapter also
reviews the utilisation of machine learning methods in non-parametric modelling for the estimation
of AGB in palustrine wetlands. The purpose of literature review is to give background on what has

been done and what are the research gaps.

Chapter Three: This chapter gives description and setting of the selected region of interest
including the climatic conditions of the area. This chapter gives a detailed description on the

methodology used in this study. The chapter clearly defines the chronological approach in which
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these methods are used to conduct the research and for each objective. Chapter three also presents
a detailed information on remote sensing data used, how it was processed, field sampling protocols,

and field data collection for the calibration and validation of predictive models.

Chapter Four: This chapter will provide the results of the methods used to achieve and
investigate the main objectives and research questions of the research project. The results section
describes the observed variations between summer and winter, the significant differences in the
vegetation of wetlands and further illustrate the prominent or significant remote sensing variables

that have contributed towards the observed trends in the two investigated seasons.

Chapter Five: The aim of chapter five is to present the discussions which involves explaining the
results within the context of existing literature. The chapter explains the trend observed in the
results of the current study in relation to previous studies, how do the findings differ or correspond
to existing in order to find plausible scientific reasons and arguments to validate the observed trend.
Additionally the discussions in this chapter further help in knowing whether the objectives of the
current research were achieved, and also pave a way for other studies to improve on the seasonal

monitoring of AGB of wetland vegetation

Chapter Six: This chapter presents a summary of the current study and shows the importance of
remote sensing techniques in temporal monitoring of palustrine wetland ecosystems at regional
scales in arid and semi-arid areas. Chapter six also provides the key scientific findings of the study
which provide insights for future studies to assess AGB using variables and models of different

seasons. The study limitations, recommendations for future research are proposed in this chapter.
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CHAPTER 2:  LITERATURE REVIEW

This chapter provides an overview of the wetlands and introduces the process of carbon stock
guantification in wetlands. It also provides a detailed evaluation of the existing literature studies on
the application of satellite imagery data in assessing AGB of palustrine wetlands in the Grassland
Biome. It also gives an important background on the traditional methods of estimating AGB that
have been used in other studies and also their disadvantages. The chapter also reviews the
utilisation of parametric and machine learning methods in non-parametric modelling for the
estimation of AGB in palustrine wetlands. The purpose of literature review is to give background on

what has been done and what are the research gaps.

2.1 Overview on wetlands

Wetlands are one of the most important ecosystems in the world. They are distinguished by
hydric soils that are permanently or seasonally saturated by water, resulting in anoxic environments
that support vegetation growth (Mitsch et al., 2013; Nahlik and Fennessy, 2016). It is estimated that
wetlands sequester about 20-25% of the world’s organic carbon, and wetland macrophytes not only
contribute to the sequestration of atmospheric carbon when they are alive, but they are significantly
important even during decomposition (Berry et al., 2010; Lolu et al., 2019). The Ramsar Convention
on Wetlands defines wetlands as “areas of marsh, fen, peat, and or water, whether natural or
artificial, permanent or temporary, with water that is static or flowing, fresh, brackish or salt,
including areas of marine water the depth of which at low tide does not exceed six meters.”
(Matthews, 1993). Wetlands play an essential role in both hydrological and ecological processes
(Kaplan and Avdan, 2018). Wetland services include flood mitigation, water supply and quality
regulation, erosion control, biodiversity conservation, and food security. The United Nations World
Water Development (UNWWD) has indicated that since the start of the 20th century, two-thirds of

the world's wetlands have been degraded (UNWWD, 2015).

Intensive water extraction for agriculture, deforestation, industrial expansion, reservoir
construction, increasing sea levels (Schmitt and Brisco, 2013) and altered climate patterns (Salimi et

al., 2021) are threats to wetlands. Previous studies on wetlands have indicated that warming climate
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and land use practices result in changes in the composition of wetland vegetation and vegetation
degradation in some areas, which subsequently affects net primary productivity and significantly
affects the functioning of wetlands as carbon sequesters (Hemes et al., 2019; Salimi et al., 2021).
Furthermore, due to wetlands occupying a small extent (i.e., approximately 3-8%) of the world’s
land surface, little attention has been given to CS of teal carbon in these ecosystems and their
associated macrophytes, particularly freshwater wetlands (Mitsch et al., 2013; Villa and Bernal,
2018; Lolu et al., 2019). Due to the dynamic nature of wetlands, they are subject to change on a
seasonal or temporal and spatial basis in terms of the amount of water present, the water table,
and the development of the quantity of vegetation. As a result, the provision of wetland services
could continue to deteriorate (Mitchell, 2013). Currently, studies that quantified CS have primarily
been conducted in forested terrestrial ecosystems (Berry et al., 2010; Powell et al., 2010;). However,
the land surface is also occupied by other systems, such as grasslands and wetlands, which
significantly contribute to carbon accounting at global and regional scales. Hence it is vital to
guantify carbon in these ecosystems. Freshwater systems were listed by Emerton (2005) as one of
Africa's most vulnerable resources. Furthermore, it was projected that mining methods, commercial
agriculture, and urban expansion had destroyed more than half of the wetlands in semi-arid Africa
(Cowan, 1995). Due to the decline in the extent of wetlands, assessing their condition is an essential
concern. Moreover, the evaluation of wetlands demands reliable tools to monitor the vast majority

of wetlands. Hence it is vital to assess and monitor wetlands continuously.

2.2 AGB as an important Essential Biodiversity Variable

Environmental problems on a global scale, such as the impacts of climate change and the loss of
freshwater biodiversity, are critical problems that must be addressed (Turak et al., 2017). These
issues are presented in various initiatives such as Post-2020 Global Biodiversity Frameworks (GBFs)
and the Aichi Targets set by Convention on Biological Diversity (CBD) (Osborn et al., 2015; Turak et
al., 2017). Improving the monitoring of these challenges and determining biodiversity changes in
freshwater ecosystems, for example, at multiple spatial and temporal scales, could address the 2030
SDG targets (Target 15) set by the UN (Osborn et al., 2015). To date, there is still a need for more
data on changes within the palustrine wetlands and only changes in the extent of open water bodies

were reported to the SDG sub-indicator 6.6.1a (Turak et al., 2017).



14

The Essential Biodiversity Variables (EBVs), defined as derived biological state variables sensitive
to changes over time, could form the basis of monitoring plans for freshwater ecosystems, including
palustrine wetlands, which are currently underrepresented under SDG 15 (Turak et al., 2017).
Regarding EBVs, "The vertical distribution of biomass in ecosystems, above and below the land
surface", linked to the Ecosystem Structure EBV class (Pereira et al., 2013; Turak et al., 2017). Thus,
AGB is a significant continuous and direct EBVs that can be measured with remote sensing to
guantify changes in the structure of freshwater ecosystems. In turn, this could indicate the extent
of freshwater ecosystems and extent of natural habitats that significantly store carbon (Pereira et
al., 2013) and also help to meet the Aichi CBD target (Target: five, 11, 14 and 15) and SDG targets

on freshwater biodiversity conservation.

2.3 The various categories of carbon in natural ecosystems

Quantifying the different categories of carbon could help to understand and monitor changes in
the carbon cycle (Zinke, 2020). Thus, according to Zinke (2020), the different categories of carbon
can be described using a full spectrum of colour-based descriptions. For instance, some of the
colour-based descriptions of carbon include green, blue, and teal and these colours are mostly
carbon sinks, and they illustrate the influence of CS on natural ecosystems in light of the changing
climate. Green carbon is the form of carbon that is retained in the biosphere and is absorbed by
terrestrial plants from the atmosphere (Berry et al., 2010). Terrestrial ecosystems must be a part of
a complete response to the climate change issue because they are crucial in controlling greenhouse
gas concentrations in the atmosphere (Berry et al., 2010). The term "blue carbon" describes the
organic carbon is sequestrated by vegetated oceans and coastal ecosystems such as tidal marshes,

mangrove forests and seagrass meadows (Macreadie et al., 2019).

Blue carbon ecosystems capture carbon at 30 — 50 times the rate of terrestrial forest ecosystems
(Macreadie et al., 2019; Blue carbon lab, 2021). Teal carbon refers to the carbon stored in freshwater
wetlands found inland (Nahlik and Fennessy, 2016). According to Nahlik and Fennessy (2016),
numerous studies have primarily investigated and quantified green and blue carbon, while inland
wetland teal carbon is given less attention. The preliminary study indicates that inland freshwater

wetlands have the potential to store about 20% to 30% of the world's soil carbon (Mitch and
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Gosselink, 2007; Lal, 2008). Precise and reliable carbon accounting is essential for mitigating the risk
of climate change effects through identification and conservation of wetlands or wetland-
dominated landscapes that store large carbon stocks and allowing wetlands to be included in

carbon-offset programs.

24 Carbon sequestration in freshwater wetlands

The increase in the atmospheric concentration of CO; has resulted in changes in the functioning
of natural ecosystems worldwide. The IPCC's fifth assessment report showed a global increase in
the atmospheric concentration of CO,from approximately 280 to 400 parts per million (ppm) over
the years (Pachauri et al.,, 2014). According to Sundquist et al. (2008), in order to stabilise
atmospheric CO; during the next century, the world’s annual CO, emissions must be reduced by
more than 75% of their current level. When the effects of climate change are not consistently
addressed, both natural and human processes may be severely impacted. Hence, climate change
has become humanity's most serious and complex environmental matter over time (Solomon et al.,
2007; Erwin, 2009; Pachauri et al., 2014). The projected increase of CO; emissions in the changing
global climate requires important initiatives to monitor AGB vegetation ecology within wetlands
that assist with regulating excessive carbon sources. Such interventions help to ameliorate possible

severe effects on biodiversity.

CS is the process whereby the atmospheric CO; is absorbed and stored in carbon pools such as
above ground live biomass, soils, below biomass for a long-time (Villa and Bernal, 2018). CS in
wetlands results from high rates of deposition in organic matter and low decomposition rates (Pant
et al., 2003). To maintain and understand the atmospheric carbon dynamics, the sequestration of C
and its storage in large quantities, whether below or above ground in wetlands, is significant (Villa
and Bernal, 2018). The total quantity of carbon that wetland ecosystems can sequestrate at given
spatial and temporal scales is referred to as CS potential (Were et al., 2019). CS potential indicates
the maximum rate at which carbon is stored over a certain period. For example, the plant growth
rate and the maximum amount of carbon that can be accumulated in plants AGB and below-ground

biomass (BGB) (Were et al., 2019).
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Wetlands' CS potential is controlled by various factors such as vegetation, climate, anthropogenic
activities, as well as significant variations in the rate of transformation and decomposition of plant
material, which have caused significant complexities in the spatial distribution and composition of
carbon in wetlands (Villa and Bernal, 2018; Were et al., 2019; Salimi et al., 2021). Some of these
factors have severely put most wetlands under threat, for example, direct and indirect
anthropogenic factors such as deforestation, animal grazing, fires, and invasive alien species, to
mention a few (Mitchell, 2013). Due to the changing climate variables, such as increased
temperatures, erratic rainfall, and anthropogenic pressures, wetland vegetation communities have
been destroyed (Carrington et al., 2001: Kang et al., 2007; Moncrieff et al., 2015). Consequently,
these wetland alterations increase the chances of large amounts of carbon stocks being released
into the atmosphere. Therefore, CS is crucial for understanding the regional carbon cycle, especially

since it is a significant aspect of semi-arid environments.

2.5 Quantification of carbon stocks from biomass estimates

Vegetation biomass is linked to a variety of crucial elements such carbon stock quantification,
and peat formation (Sawadogo et al., 2010; Mutanga et al., 2012; Munyati et al., 2022). Quantifying
wetland AGB would allow for the identification and prediction of potential variations in AGB, which
is critical for developing climate change early warning systems (Wan et al., 2018; Li et al., 2021).
Furthermore, it has been highlighted that due to the dynamic nature of the AGB, continual and
frequent AGB observations are needed to quantify variations in carbon efficiently (Eastman et al.,
2013; Diouf et al., 2015; Shoko et al., 2016). Kumar and Mutanga (2018) stated that estimations in
the AGB vegetation still need to be fully documented, especially in African regions. As a result, there
are still questions concerning about their estimated temporal variations. Biomass is critical to
comprehending and calculating carbon stocks in plant communities, particularly grassland

vegetation.

Although comprehensive biomass estimates are essential for precise and reliable carbon
accounting, there are few reliable estimates of the carbon stock from dry biomass (Houghton et al.,
2009). The IPCC has then established guidelines to convert AGB to carbon stocks, assuming that

carbon concentrations are 50% of the AGB (Penman et al., 2003). Conversion of carbon stock is
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formulated as AC= AGB x CF, where AC = Total carbon content in the AGB; AGB = estimated AGB;
and CF = Carbon Fraction (Otukei and Emanuel, 2015; Behera et al., 2016). Research on the
guantification of carbon stocks has been chiefly done in converting biomass of forest ecosystems
(Barrett, 2014; Salas Macias et al., 2017; Tavasoli et al., 2019). For instance, Barret (2014) used a
carbon fraction of 0.50 to calculate carbon stock from AGB in the Tongass National Forest. The
results indicated that the forest stores large amounts of forest carbon, with an estimated 650 million
tons of carbon compared to other national forests in the United States of America. On the other
hand, both Tavasoli et al. (2019) and Oliveria et al. (2019) used the carbon fraction of 0.47 to
calculate the carbon stocks from dry biomass of forests in urban forests and Brazil's open savannahs,

respectively.

There has also been a growing interest in quantifying carbon stocks from biomass in wetlands
ecosystems however most studies focused of yearly carbon estimation(Villa and Bernal, 2018; Dai
et al., 2020; Dayathilake et al., 2020). Dai et al. (2020) estimated yearly CS of herbaceous vegetation
in Poyang wetland, China. Their study indicated that herbaceous wetland vegetation sequestrated
a total carbon amount of about 193-1221 g C m~2 year™’. Fewer studies have estimated the carbon
stock in the AGB of wetland vegetation across the seasons (Costa and Henry 2010; Lolu et al., 2019).
Lolu et al. (2019) investigated the seasonal carbon stock from the dry AGB of 12 wetland
macrophytes (i.e Epilobium hirsutum, Hippuris vulgaris, Lycopus europaeus, Menyanthes trifoliata,
Nymphoides peltatum, Phragmites australis, Ranunculus lingua, Myriophyllum spicatum,
Saggitraria sdfittifolia, Sparganium erectum, Trapa natans and Typha angustata) in the Hokersar
wetland. The results of this study indicated the macrophytes to have an average of 244.86 g C/m™
in the summer season and an average of 188.790 g C/m in the winter season. Costa and Henry
(2010) evaluated CS of aquatic macrophytes and documented lower carbon range of 114.3gC/m’

2 in summer compared to the range of 203 g C/m2 in winter in the lakes of Brazil.

Research on estimating carbon stocks between seasons from wetland vegetation biomass is still
lacking, particularly in African regions. Large-scale changes in vegetation cover, degradation of
biomass, and increasing climate change effects are occurring throughout Southern African regions,
with substantial implications on the functioning of the natural ecosystem (IPCC, 2014; King, 2014).

According to David et al. (2022), in Southern African regions this has resulted in many uncertainties
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regarding the rate of loss, regrowth in AGB and the carbon stocks estimations in the AGB are largely
undocumented. Consequently, temporally, and spatially investigated variations in distributions of
vegetative biomass can aid in conserving grasslands and wetlands and notably optimise research on
biomass estimation with remote sensing systems. This, in turn, helps improve and understand the

accuracy of carbon models, leading to more accurate future predictions of global climate change.

2.6 Methods for estimating AGB in wetlands

Section 2.6 provides a review on methods that are utilised for estimating AGB in wetlands based on
existing literature. The section first reviews the field based or traditional methods which are
categorised into destructive and non-destructive techniques. Secondly this section provides a
review on the role of different remote sensing datasets and indices derived from satellite images in

estimating the AGB of wetland vegetation.

2.6.1 Field-based methods

Traditional methods for field-based quantification of herbaceous AGB generally consist of
collecting and estimating vegetation biomass using conventional methods such as field surveys and
harvesting procedures for biomass assessments (Garcia et al., 2010; Melton et al., 2013). Field
surveys allow for the provision of high-quality point data (David et al., 2022). Harvesting is a
destructive technique that involves physically cutting and collecting vegetation in non-forested
wetlands (Lauck and Benscoter, 2015). Destructive methods have also been applied in wetland
vegetation AGB estimation. Cutting wet vegetative biomass is often done at individual sample plots
using the average of a number of sub-plots or a quadrant of a particular size. Destructive techniques
typically require intensive fieldwork, which is laborious and time-consuming (Lauck and Benscoter,
2015; Han et al., 2019). Also, the destructive sampling is spatially constrained and does not fully
describe the AGB variability across the landscape as some parts of the wetlands are inaccessible by

foot. However, these approaches still have value, and the collected data are used for field validation.

Estimating plant biomass in wetlands can also be done using non-destructive methods. For
example, non-destructive methods for estimating AGB involves developing models using allometric
equations based on the correlation between biomass and vegetation metrics such as diameter-at-

breast height (DBH) (Houghton et al., 2001; Chave et al., 2005). However, it is essential to note that
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allometric equations are suitable for some wetlands species, such as Carex and Phragmites, which
are large but not applicable for small species. The synergy between in-situ measurements and non-
destructive methods based on satellite data provides a solid foundation for a practical
understanding and analysis of results obtained from secondary data such as remote sensing images
(Stephenson et al., 2020). Despite the efficiency and importance of traditional methods, the
dynamic nature of wetlands in terms of water level, presence and growth of vegetation, and water-
inundated areas cause these habitats to change annually or inter-annually (Mitsch et al., 2013).
Wetlands are also hard to access in the field due to the presence of water, peat caps and other
hazards which make physical sampling difficult. Therefore, estimating plant AGB in wetlands
requires additional means to monitor the vast majority of wetlands distributed over large

geographical areas.

The role of remote sensing technology in estimating wetland AGB

Remote sensing is an act of acquiring information from a target object without being physically
in contact with it and the first multispectral remote sensing data was made available to the public
in the 1970s (Fussell et al., 1986). Over the years, there has been considerable improvement on the
use of satellite technology for estimating/predicting AGB in natural ecosystems because of the
accessibility of these images to the public at relatively low costs. Satellite imagery data for
monitoring and mapping wetlands can be acquired using different satellite platforms that are
categorised as either active or passive (Wu, 2017). Active sensors provide their own energy source
and acquire images at any time while passive sensors use the natural available energy from the sun
to measure the reflected electromagnetic radiations (Campbell and Wynne, 2011). For example,
images obtained from passive sensors are multispectral imagery, aerial photographs and
hyperspectral imagery and remote sensing images from active sensors include LiDAR and SAR data.
Several satellite remote sensors, with varying image acquisition features have been invented
offering improved ways for monitoring of herbaceous AGB in wetland ecosystems over seasonal and
long-term scales. These inevitable developments in remote sensing sensors offer better and finer
spectral, temporal, and spatial resolutions that make it feasible for mapping large-scale wetlands

dynamics (Lang et al., 2015). The following subsections will give more detailed information on the
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application of different remote sensing datasets in estimation of AGB more specifically for palustrine

wetlands in the Grassland Biome.

2.6.1.1 Estimation of wetland herbaceous AGB using optical remote sensing

Optical remote sensing technology has expanded in terms of applications due to exceptional
technological improvements in the specifications of these sensors (Sibanda et al., 2015). Optical
sensors make it feasible to obtain spectral data for AGB vegetation monitoring in different spectral
regions of the EMS, which enables the detection of vegetation biomass, two-dimensional (2D)
representation of vegetation, and its estimation within wetlands ecosystem (Gallant, 2015; Guo et
al., 2017). Optical remote sensing data is available from several sensors, such as IKONOS, Quickbird,
Worldview, Satellite Pour I'Observation de la Terre (SPOT), Sentinel series, Landsat, and the
Moderate Resolution Imaging Spectroradiometer (MODIS). These sensors vary according to their
spatial, radiometric, temporal, and spatial resolutions. This provides an opportunity to investigate
the capabilities of these sensors for earth observation applications, including estimating biomass in

wetlands and grasslands.

Multispectral data with coarse to moderate resolution, such as MODIS (250 m, 500 m, and 1000
m) and Landsat (30 m, 60 m) datasets, are currently freely available online. The space-based sensors
provide images with a repeated global coverage, which is necessary for continuous AGB assessment
at regional to global scale. These satellite data characteristics have resulted in numerous remote
sensing images gaining more popularity for regional AGB mapping (Mutanga et al., 2012;
Barrachina et al., 2015). Barrachina et al. (2015) used Landsat-5 Thematic Mapper (TM) to model
the AGB of pastures and obtained satisfactory results of AGB estimation with a coefficient of
determination (R?) of 0.76 and root mean square error (RMSE) of 95 g.m?2. Landsat 8 Operational
Land Imager (OLI) has nine bands that can be used to calculate vegetation AGB (Dube and Mutanga,
2015). Dube and Mutanga (2015) quantified the AGB of a forest plantation using Landsat 8 and
Landsat 7 datasets in the uMngeni catchment in the KwaZulu-Natal Province of South Africa. Their
results suggested that Landsat 8 performed better than Landsat 7 in estimating the AGB of E.
dunii species, obtaining accuracies of an R? of 0.71, RMSE of 10.66 t ha™ and mean of 6.26% for
Landsat 8 and R? of 0.68, RMSE of 11.81 t ha™!; and mean of 6.93% for Landsat 7.
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Previous studies, however, on vegetation biomass estimation with moderate-resolution images
reveal some gaps and shortcomings, such as the inability to measure the 3D structure of vegetation.
For instance, it has been argued that using optical satellite images such as Landsat TM and MODIS
may limit the quantification of AGB due to low to moderate spatial and spectral resolution in these
sensors (Dube and Mutanga, 2015; Shoko et al., 2016; Li et al., 2021). Furthermore, moderate-
resolution sensors are limited in the AGB estimation due to the unavailability of RE bands within
these sensors. According to the literature, the wavelengths of the RE region are sensitive to leaf
structure reflection (i.e., LAl and leaf angle distribution), reducing the saturation effect due to lower
absorption in this region (Cho and Skidmore, 2006; Mutanga et al., 2012). Thus, the RE region
provides more information on the characterisation of vegetation parameters and has proven to be
beneficial for AGB and vegetation structure estimation (Ramoelo et al., 2015; Naidoo et al., 2019;
Li et al., 2021). Therefore, one of the main aspects to consider when using remote sensing images
in evaluating vegetation AGB is their capability to extract biophysical vegetation characteristics such

as structure over space and time (Forkel et al., 2013).

The development of improved sensors (RapidEye, Sentinel-2 MSI, and Worldview) with
designated strategically-positioned spectral bands and frequent revisit times over the years have
improved the mapping and estimation of the vegetation biomass in grasslands and wetlands
(Sibanda et al., 2017; Li et al., 2021). The presence of RE bands in optical sensors such as Worldview
and RapidEye offers improved capabilities for precise and timely prediction of AGB in grasslands and
wetlands ecosystems at both local and regional scales. These sensors have shown outstanding
capabilities in mapping vegetation biomass in numerous studies (Ramoelo et al., 2012; Ramoelo et
al., 2015; Sibanda et al., 2017; Naidoo et al., 2019; Li et al., 2021). While RapidEye and Worldview
images are suitable for fine-scale monitoring and estimating teal AGB, they are very costly.
Moreover, this causes limitations in multi-temporal or seasonal assessments of biomass and hinders

exploring RE bands' ability for AGB estimation at regional scales.

ESA developed the Sentinel-2 MSI sensor system, which consists of two orbiting twin satellites,
Sentinel-2A (launched in 2015) and Sentinel-2B (launched in 2017). Sentinel-2 is an optical satellite
with 13 spectral bands operating at spatial resolutions of 10 m, 20 m, and 60 m, with frequent revisit

times of 5-7 days compared to the nine spectral bands of Landsat 8, which has a revisit time of 16
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days. Furthermore, the imagery is available free of charge providing the opportunity to utilise the
RE bands, which are not available within the Landsat and MODIS imagery; hence, this study sought
the use of Sentinel-2 imagery. Several contributions using Sentinel-2 images in estimating
vegetation AGB of wetlands and grasslands have been made in numerous studies (Ramoelo et al.,
2015; Sibanda et al., 2015; Naidoo et al., 2019; Li et al., 2021). For example, a study by Ramoelo et
al. (2015) investigated the use of the RE band of Sentinel-2 in assessing grass biophysical properties.
Li et al. (2021) used Sentinel-2A MSI images for modelling wetland vegetation AGB with ensemble
algorithms at accuracies of R = 0.84 and R? = 0.87. Despite the capabilities and significant accuracies
demonstrated by optical data, they have shorter wavelengths that result in loss of information
during cloudy and rainy weather and provide limited structural information (Gallant, 2015).
Additionally, water in wetlands mixes the spectral responses of semi- and full-submerged
vegetation. Therefore, the estimation of AGB in wetlands with dense vegetation using solely optical

datasets may be limited (Gallant, 2015).

Although optical remote sensing data have shown great capabilities in providing vegetation
canopy information, including AGB estimates in different environments, the canopy structure tends
to have significant differences between months and even across seasons. Powell et al. (2010) and
Zhu and Liu (2019) contend that seasonal optical images can potentially result in significant
variations in AGB estimates. However, the literature reveals that to date, previous quantification of
AGB across seasons has been done during the peak growing season in forested environments using
medium-resolution images like Landsat (Gasparri et al., 2010; Powell et al., 2010). On the other
hand, studies on quantifying the AGB of wetland vegetation between seasons are still lacking and
underrepresented. Some studies, for example, Gasparri et al. (2010) developed predictive models
by utilising an optical image obtained at one season to correlate to AGB from various seasons, while
Powell et al. (2010) estimated AGB of multiple years; however, using a single Landsat for each year.
Thus, these studies did not entirely explore the use of complete seasonal variation information from

multi-temporal optical remote sensing images obtained at different seasons.

Satellites with a longer revisit time (i.e., Landsat) often result in limitations in collecting enough
cloud-free images during the vegetation growing season. The temporal challenges cause significant

uncertainties during model parameterisation and could potentially increase biomass estimation
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errors. According to Zhu and Liu (2019), the benefits and shortcomings of seasonal AGB estimation
from optical images obtained at different seasons require further investigation. Given this need, a
knowledge gap exists regarding whether seasonally obtained optical datasets affect the accuracy of
AGB estimations and whether the AGB estimations vary between vegetation types. Consequently,
integration of Vis or biophysical variables (e.g., LAl) derived from sensors with better temporal
coverage (Sentinel-2) can reduce these data gaps and creates an opportunity to expand the
monitoring of wetland conditions and estimation of AGB in wetlands and grasslands at regional

scales.

2.6.1.1.1 Optical vegetation indices and estimation of AGB

The optical remote sensing technology for biomass estimation uses the spectral characteristics
of vegetation by integrating regions such as red, near-infrared (NIR) and RE into VIs for analysing
the correlation between biophysical parameters and these indices (Jin et al., 2014). In general, Vls
enhances vegetation photosynthetic activity by suppressing the soil, and atmospheric background
noise and, in turn, improves the estimation of the AGB in wetland and grasslands (Pia et al., 2007).
Due to the sensitivity of optical sensors for detecting wetland AGB, numerous ViIs has been
successfully used as key input variables to estimate grassland and wetland AGB in several studies
(Mutanga et al., 2012; Huang et al., 2016; Michez et al., 2019; Li et al., 2021). The Normalized
Difference Vegetation Index (NDVI) has proven to be a proxy of AGB of wetland vegetation in many
studies, attaining accuracy ranges of between R? = 0.31 to 0.84 (Adam and Mutanga, 2012; Mutanga
et al.,, 2012; Wan et al., 2018). Li et al. (2021) showed that the Green Normalized Difference
Vegetation Index (GNDVI) was among the most important Vs that were integrated into a random
forest model scenario to estimate AGB in palustrine wetlands and obtained an accuracy of R2 = 0.82
and RMSE = 135.91 g.m2. Nuthammachot et al. (2020) also found a strong correlation (R = 0.86)
between the Simple Ratio index and the AGB. Other studies have also investigated the correlation
between field-measured biomass and Enhanced Vegetation Index (EVI) to precisely estimate CS in
vegetation at a regional scale (Yang et al., 2009; Sjostrom et al., 2011).

However, the shortcomings of using Vls, such as the NDVI, is saturation in locations with dense
vegetation canopy (Mutanga and Skidmore, 2004, Adam et al., 2010; Hill, 2013; Li et al., 2016).

Therefore, it is vital to investigate the applicability of other additional spectral indices to improve
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vegetation biomass estimation, especially in wetland ecosystems with remote satellite data. Vls
derived from the NIR, narrow NIR and RE bands can yield higher accuracy of AGB estimation and
contribute to alleviating the saturation problem (Mutanga and Skidmore, 2004; Ramoelo et al.,
2015; Sibanda et al., 2015). A series of studies indicated a strong correlation between vegetation
biomass and indices derived from the RE and NIR regions exists (Sibanda et al., 2015; Naidoo et al.,
2019; Guerini et al., 2020; Li et al., 2021). Guerini et al. (2020) estimated biomass in natural
grasslands using five Vis derived from the Sentinel-2 dataset, and the models for biomass
estimations which incorporated the NDVIRE showed a strong relationship between grass biomass
and RE bands which improved accuracies from R? = 0.71 to 0.73 (Guerini et al., 2020). In Michez et
al. (2019), the spectral biomass model, which included the Green-Red Vegetation Index (GRVI),
GNDVI, and NDVIRE, showed improved accuracy with R? = 0.35 compared to Unmanned aerial
systems (UASs) sward height biomass model (R?= 0.23) when mapping and monitoring biomass in
pastures.

LAl is one of the most vital vegetation properties used to quantify the exchange of energy, carbon
and water between vegetation and the atmosphere (Darvishzadeh et al., 2019). LAl defines the
number of single-sided leaves per square metre of soil (Liang et al.,, 2015). LAl of vegetation
guantifies the plant canopy and gives more details on how much vegetation there is, delineating all
the active photosynthetic areas (Kamenova and Dimitrov, 2021). Furthermore, LAl is included as an
input in AGB models as a vegetation parameter because it is considered a strong proxy for biomass.
Dong et al. (2020) estimated the dry AGB of six crops using LAl derived from Landsat 8 and Sentinel-
2 datasets. The results of the study suggested that crop biomass derived from LAl of the Sentinel-2
dataset had higher accuracies (R? = 0.80, RMSE = 136.7 g/m? and the normalized RMSE (nRMSE) =
38.3%) than from the assimilation of LAl from Landsat OLI (R? = 0.68, RMSE = 191.0 g/m?, nRMSE =
53.5%). The significant contribution of LAl as an additional parameter in wetland AGB estimation
models is not fully documented. The inclusion of LAl in AGB estimates could significantly improve
the prediction of current and future wetland vegetation state and changes in vegetation canopy

structure and thus help monitor wetland functionality and health.



25

2.6.1.2 Utilisation of radar data for estimating AGB in palustrine wetlands

SAR is an active sensor that transmits electromagnetic radio signals and collects information by
recording backscattered signals from the target (Dabboor and Brisco, 2018). The total amount of
SAR-reflected signals is influenced by polarisation, wavelength, moisture, incident angle and various
land surface attributes, such as size, texture, and structure (Gallant, 2015; Sinha et al., 2015). SAR
sensors mainly obtain data in horizontal (H) or vertical (V) polarisations; and can function in dual
polarimetric mode (HH/HV, VH/VV or HH/VV) (i.e., Sentinel-1 and TerraSAR-X,) or in a full
polarimetric mode (HH/HV/VH/VV) (i.e., RADARSAT-2 and ALOS-2). The SAR-recorded
backscattering signals enable the provision of critical information on vegetation structure, including
AGB, soil moisture and smooth water surfaces in wetlands depending on the sensor wavelength,
incident angle and polarisation modes (Sinha et al., 2015; White et al., 2015). Sivasankar et al. (2019)
estimated the AGB in a forest environment in Meghalaya and the backscatter variables HH and HV
showed high accuracies with R? of 0.83 and 0.89, respectively while the combination of both HH and

HV backscatter coefficients improved the accuracy of AGB estimation to R? = 0.91.

SAR systems emit energy at longer wavelengths than optical systems and can collect information
from an object at any day or time without being affected by weather patterns (Sinha et al., 2015).
Most importantly, SAR sensor wavelengths play distinct roles in wetland AGB monitoring (Guo et
al., 2017; Dabboor and Brisco, 2018). For instance, the C-band and X-band have shorter wavelengths
of 5.6 cm and 3.1 cm, respectively, and were found suitable for monitoring non-forested wetlands,
preferably with herbaceous vegetation in Canada (Ghasemi et al., 2011). The L-band can penetrate
through vegetation cover. It is more significant in monitoring forested wetlands and soil moisture
because of their longer wavelength’s (~24 cm) penetration ability (Lang et al., 2008). Currently, only
a few L-band space-borne sensors are in operation, but access to this data is very limited because
of their cost (Lang et al., 2008). The other limitation of the L-band such as the ALOS PALSAR/ALOS-
2 sensor is that only a single mosaic image is made available yearly and free which limits seasonal
studies. Also, most SAR sensors (i.e., TerraSAR-X and RADARSAT-2) have limited surface coverage
(15 to 80 km), short life expectancy, longer revisit time of 11 to 46 days, very expensive and are not
freely available for the public (Chen et al., 2020). Therefore, these sensors are less suitable for

regional to global monitoring and reporting to global targets.
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In 2014, ESA introduced Sentinel-1, which operates as a constellation of Sentinel-1A and Sentinel-
1B and is the second most recent SAR sensor functioning with a C-band wavelength configuration
(the first being Radarsat) (Torres et al., 2012; Filipponi, 2019). Sentinel-1A mission acquires data at
different polarisations backscatter channels, for example, Vertical-Horizontal (VH), Vertical-Vertical
(VV) and Horizontal-Horizontal (HH). This mission has a shorter revisit time of 6 to 12 days at the
equator and a wide swath of approximately 250 km (Filipponi, 2019). Free and open access to C-
band SAR data from the Sentinel-1 platform has allowed the application of temporal information
from SAR data to efficiently map and monitor wetlands over larger spatial extents (Torres et al.,
2012; Nuthammachot et al., 2020). Apart from being freely available, Sentinel-1 C-band wavelength
is more suited to wetland herbaceous AGB estimation due to the low AGB ranges (i.e low risk of
signal saturation) compared to forested AGB ranges and the ability to penetrate clouds. For this
reason, Sentinel-1 SAR data can be used to monitor wetland vegetation biomass at a relatively

higher temporal resolution during optimal periods (Ghasemi et al., 2011).

2.6.1.3 Estimation of wetland AGB using SAR image texture measurements

Image texture (Haralick et al., 1973) is a significant parameter that can be used to find features
and a point of interest by increasing differentiation of spatial information independently of tone,
horizontal structure, and relativity of grey values in an image (Kuplich et al., 2005; Kelsey and Neff,
2014). Texture measurements have the potential to explain how pixels are spatially correlated and
to describe how vegetation structure varies, and this improves the estimation of AGB (Kelsey and
Neff, 2014; Dube and Mutanga, 2015). Furthermore, texture variables are derived from both optical
and radar images. The most basic image texture analysis methods are statistical methods which
effectively describe texture based on analysing the distribution of grey levels in images. Examples
of texture algorithms include sum and difference histograms (SADH), GLCMs, autocorrelation
function (ACF) and local binary pattern (LBP) (Lu and Batistella, 2005). GLCMs textures are the most
well-known and efficient statistical methods with strong texture analysis robustness (Argamosa et
al., 2018). The computation of GLCMs also involves selecting essential factors such as window size

or the number of image pixels considered in the analysis (Li et al., 2021).
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Most studies that have applied texture measurements in biomass estimation have focused more
on forest biomass using optical images (Kuplich et al., 2005; Kelsey and Neff, 2014; Dube and
Mutanga, 2015). Other studies that have employed texture analysis in the estimation of AGB using
SAR data concentrated more on the estimation of AGB in forest ecosystems (Kuplich et al., 2005;
Sarker et al., 2011; Cutler et al., 2012). Less attention has been given to the application of textures
in wetland AGB estimation (Li et al., 2021). SAR-derived textures can optimise the discrimination of
spatial information in vegetation independently of tone (i.e., backscatter), increasing the saturation
level and maximising the range of biomass estimated with SAR data (Kuplich et al., 2005). Sibanda
et al. (2017) investigated the capability of using texture metrics from WorldView-3 images to
estimate AGB of vegetation such as Eragrostis plana, Heteropogon contortus, Panicum maximum,
Setaria nigrirostrosis, Themeda triandra, and Tristachya leucothrix within the Grassland biome in
South Africa. This region was characterised by a subtropical climate of hot summers and cold
winters. The outcomes of the study showed that textures enhanced the estimation of grass AGB and
improved accuracy from an RMSE of 0.83 kg/m? to an RMSE of 0.35 kg/m?. Furthermore, the study
also indicated that using the combination of texture models and RE derivatives improved estimation

accuracy to an RMSE of 0.2 kg/m?.

Argamosa et al. (2018) derived texture derivatives from Sentinel-1 data to model AGB in
mangrove forests, and their results showed high model accuracy with an R?=0.79 and an RMSE =
0.44 Mg. The study proposed that the C-band of Sentinel-1 may be used to generate adequate AGB
models, and therefore more studies on C-band texture are still lacking (Argamosa et al., 2018). There
are no studies that have applied SAR textural features for estimating the AGB of palustrine wetland
vegetation. However, although Rajngewerc et al. (2022) investigated the classification of wetland
vegetation cover maps, multi-temporal C-band Sentinel-1 data GLCMs textures illustrated better
classifications with summer attaining improved kappa values between 9% and 22% while the
datasets for winter yielded improvements of up to 15%. Rajngewerc et al. (2022) highlighted that
textures could offer supplementary information, particularly in dates and locations with high
biomass, and winter was one of the most informative seasons in their findings. Mishra et al. (2019)
demonstrated that combining SAR and GLCM texture features could significantly improve the

classification of heterogeneous landscapes. Comparatively with the findings of Mishra et al. (2019)
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and Rajngewerc et al. (2022), it can be pointed out that multi-temporal SAR texture measurements
exhibit variations according to the phenological state of vegetation. Therefore, SAR textural features
may provide information that improves multi-temporal backscatter AGB estimates in wetlands

characterised by heterogeneous vegetation, such as palustrine wetlands.

2.6.1.4 Contribution of LiDAR data in estimating AGB of palustrine wetlands

LiDAR is a remote sensing system that uses a pulsed laser to obtain the distance between an
object and the sensor (Rapinel et al., 2015). The sensor can produce topographical information
about the earth’s surface and a 3D representation of vegetation structure in both woody and
herbaceous vegetation (Guo et al., 2017; Luo et al., 2017). For example, Fatoyinbo et al. (2018) the
authors estimated wetland AGB using an airborne LiDAR dataset and attained an R? of 0.88 and an
RMSE of 33%. Riegel et al. (2013) estimated carbon stocks of the AGB within Coastal Plain Wetland
characterised by numerous vegetation types (i.e., Baccharis halimifolia, Persea borbonia, Rhus
copallinum, Salix nigra and Taxodium distichum) using LiDAR. The study achieved R? values of 0.34
and 0.18 with RMSE of 0.14 Mg C/ha and 0.17 Mg C/ha, respectively (Riegel et al., 2013). Other
studies have also successfully used LiDAR for estimating wetland biomass (Luo et al., 2017; de

Almeida et al., 2019).

LiDAR data had higher estimation accuracy of R = 0.59, RMSE = 180.22 g/m? and relRMSE =
22.26% compared to the hyperspectral data accuracy of R?=0.48, RMSE = 200.98 g/m? and relRMSE
= 24.84% for estimation of AGB in a wetland (Luo et al., 2017). However, the combined datasets
achieved greater accuracies of R? = 0.65, RMSE = 167.55 g/m?and low relRMSE = 20.71% (Luo et al.,
2017). Another study that combined LiDAR and hyperspectral data for estimating AGB in the
Brazilian Amazon using different regression models showed higher accuracies of LiDAR with
R2=0.58, RMSE=67.6 Mg. ha™, relRMSE% =36%, while hyperspectral achieved R2=0.58,
RMSE = 68.1 Mg. ha™, relRMSE% = 36%, and both datasets had a more accurate AGB estimate of
R?=0.70, RMSE = 57.7 Mg. ha™!, relRMSE% = 31% (de Almeida et al., 2019). LiDAR data has shown
great capabilities for estimating biomass in forests, wetlands and grazing lands, with more

application being focused or predominant in forest AGB estimation (Li et al., 2021). Despite the high
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spatial resolution of LiDAR, it is expensive to acquire data using this type of sensor, suggesting its

limited application in monitoring spatial and temporal changes in wetlands environments.

2.6.1.5 Combination of optical, radar and ancillary data improve the estimation of AGB of

palustrine wetlands

Integration of SAR data and optical remotely sensed data provides an enhanced and reliable way
to estimate the physical characteristics of wetland vegetation, including the AGB values, which can
be quantified (Nuthammachot et al., 2019). For example, SAR backscatter signals can penetrate
through vegetation structures (Naidoo et al., 2016; 2019) while optical generated VI and the RE
bands enhanced the AGB estimates of wetland and terrestrial vegetation, reducing the saturation
problem of certain VIs in higher AGB and dense canopies (Mutanga et al., 2012; Ramoelo et al.,
2015; Sibanda et al.,, 2017). A complex nature characterises wetlands in terms of spatial and
temporal distribution, requiring accurate and reliable techniques such as image fusion of remote
sensing data. Backscatter, spectral reflectance, and derivatives (VIs and biophysical parameters)
could improve the estimation of wetland vegetation AGB (Naidoo et al., 2019; Nuthammachot et
al., 2020; David et al., 2022; Zhao et al., 2022).

Zhao et al. (2022) mapped the AGB of Phragmites australis, a wetland plant community in the
Momoge wetland, using a combination of Sentinel-1 and Sentinel-2 images. The study posited that
incorporating Sentinel-1 backscatter and 2 RE bands and radar features attained high accuracy of
89.13% when mapping Phragmites australis AGB. Although David et al. (2022) estimated AGB of
dryland forests in Southern Africa, their study demonstrated that combining Sentinel-1and Sentinel-
2 imagery increased accuracy, obtaining R? between 0.82 and 0.95 and RMSE of 0.45 Mg/ha and
0.25 Mg/ha. The integration of Sentinel-1 and Sentinel-2 for estimating the AGB was investigated
by Nuthammachot et al. (2019). The results indicated that synergistic use of the two sensors
improved accuracy to R?= 0.84 compared to individual sensors with Sentinel-1 and 2 attaining R? of
0.34 and 0.82, respectively. Thus, the integration of both sensors can provide additional information
that neither SAR nor optical data contains for sustainable monitoring of wetlands (Gosselin et al.,
2014). In Addition, the synergistic use of remote sensing images obtained at different times or

seasons holds great potential in attaining accurate mapping of wetlands and estimation of wetland
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AGB compared to the evaluation done using single-date remote sensing images (Sinha et al., 2015;

Mahdavi et al., 2017).

2.7 Remote sensing-based modelling techniques for estimating herbaceous AGB of wetlands.

This section gives a literature review on the remote sensing-based modelling techniques for
estimating herbaceous AGB of wetlands. These techniques are categorised into biophysical-
radiometric and empirical methods. The empirical techniques are further sub-divided into
parametric and non-parametric algorithms. The following subsection (subsection 2.7.1) first provide
a review on the types of biophysical methods and how they are used to estimate vegetation
properties such AGB. Furthermore, the section will provide a review on the different types of
empirical methods in subsection 2.7.2 and how they are incorporated with remote sensing data in

order to improve the prediction of AGB in wetland.

2.7.1 Biophysical radiometric data-driven techniques

The literature has illustrated that biophysical-radiometric methods have used radiative transfer
models (RTMs) to derive vegetation properties using physical principles (Verrelst et al., 2015). RTMs
rely on sensor spectral and backscatter reflectance from the earth's surface (Darvishzadeh et al.,
2008). The spectral reflectance attributes of vegetation provide vital information (as input variables)
for physical-radiometric modelling (Jin et al., 2018). RTMs can accurately predict vegetation bio-
geophysical parameters and canopy reflection (Darvishzadeh et al., 2008). However, extraction of
vegetation parameters such as the LAl using biophysical-radiometric models is complex and not
straightforward. As a result, LAl is calculated from canopy reflectance through the inversion of a
model (Verrelst et al., 2015). The inversion technique determines a set of canopy biophysical factors
from a set of spectral band reflectance so that the computed reflectance best match the remote

sensing reflectance (Quan et al., 2017).

Various studies have applied RTMs, such as the PROSAIL model, which is an integration of both
the PROSPECT model and SAIL model (Berger et al., 2018) in optical data to extract vegetation
properties like LAl in grasslands (Darvishzadeh et al., 2008; Atzberger and Richter, 2012;
Darvishzadeh et al., 2019; Schwieder et al., 2020). Also, RTMs have previously been used to retrieve

and predict AGB in grasslands attaining accuracies of between R? = 0.64 and RMSE = 42.67 gm~2 and
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R?=0.48 and RMSE =41.65 gm™ (Quan et al., 2017). The application of RTM in wetland macrophytes
and in extraction of vegetation biophysical parameter has been understudied due ill-posed nature
of physical-radiometric techniques (Kganyago et al., 2021), limitations to correction of water column
effect and complex parameterisation of RTMs for inland water application (Rowan et al., 2021;
Kravitz et al., 2021). RTM-based methods (i.e., PROSAIL models) are used because of their feasibility,
accuracy, and robustness in short or non-woody vegetation (Darvishzadeh et al., 2008; Berger et al.,
2018). Another RTM approach includes the Water Cloud Model (WCM), commonly used in
parametric models to explain the backscattered signal from the vegetation canopy in terms of
scattering mechanisms (Attema and Ulaby, 1978). The WCM has been extensively used in numerous
studies for woody forested AGB and stems volume retrieval (Svoray and Shoshany, 2002; Behera et
al., 2016; Santoro et al., 2021). Interestingly, WCM has been modified to an extended water cloud
model (EWCM) that demonstrated less reliance on field data to retrieve model parameters (Kumar
et al.,, 2019). However, biophysical-radiometric approaches are characterised by complex data
structures and may require intensive computation, for estimating vegetation properties,
parameterisation and collecting reflectance or backscatter information and settings (i.e., incidence

angle) in the field at the time of image acquisitions.

2.7.2 Empirical-statistical modelling techniques

The empirical approaches are statistical algorithms that employ predictor variables derived from
remote sensing images and field-measured data to estimate AGB. For instance, these remote
sensing predictor variables include Vls, spectral reflectance bands, and texture variables (Hall et al.,
1997; Darvishzadeh et al., 2011). These algorithms allow for the detection of the most relevant
remote sensing predictor variables to model AGB by correlating these variables with the field-
observed grassland AGB (Chen et al., 2009; Jin et al., 2014). The empirical algorithms for estimating
AGB with remote sensing are categorised as parametric and non-parametric (Verrelst et al., 2015).

The following subsections discuss these empirical-statistical algorithms in more detail.

2.7.2.1 Parametric algorithms

Parametric algorithms are defined as methods that use distributional assumptions because they

estimate the parameters of the distribution postulated for the data (Altman and Bland, 2009).
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Stepwise Multiple linear regression (SMLR) and simple linear regression are an example of
parametric methods that have been used to investigate the relationship between biomass and
remotely sensed predictor variables (Grant et al., 2013; Rigge et al., 2013). Parametric algorithms
are very easy to compute and have the ability produce satisfactory results in the estimation of
vegetation biophysical parameters (Verrelst et al., 2015). However, parametric models tend to have
difficulty in analysing high dimensionality and non-linear relationships of complex data between
remote sensing variables and AGB (Verrelst et al., 2015; Lu et al., 2016). Chen et al. (2009) used the
partial least regression algorithm to estimate AGB in grasslands of high vegetation cover with
hyperspectral data and NDVI and attained accuracies between R? = 0.26 and 0.27. Mutanga et al.
(2012) attained obtained an error of prediction of 0.5465 kg/m? when predicting the AGB of wetland
vegetation with SLMR. The parametric methods are associated with model overfitting and yield
lower accuracies when the sample size is small (Chen et al., 2009). Therefore, to improve the
accuracy of modelling AGB in grasslands and wetlands advanced and more robust algorithms need

to be implemented.

2.7.2.2 Non-parametric algorithms

Non-parametric methods are not based on the normal distributional assumptions of the data
(Altman and Bland, 2009). These models have the advantage of being able to solve complicated non-
linear patterns (Wan et al., 2018). Considering this, several efficient non-parametric machine-
learning algorithms have become dominant for biomass estimation in wetlands and grasslands
(Mutanga et al., 2012; Wan et al., 2018; Yang et al., 2018; Naidoo et al., 2019). Machine learning
techniques such as ANNs, RF and SVM are part of non-parametric techniques that can be integrated
with satellite data to estimate accurate AGB (Lu et al., 2016; Wan et al., 2018). Integrating non-
parametric methods and satellite data help understand the complex relationship among spectral

features and predict easily understood, interpreted, and visualised patterns.

For instance, Mutanga et al. (2012) showed that RF obtained reasonable estimation accuracies
of 0.441 RMSEP within high-density AGB in wetland vegetation composed of Cyperus papyrus L.,
Echinochloa pyramidalis, Phragmites australis and Thelypteris interrupta. Wan et al. (2018) used

SVM as regression method for modelling wetland AGB dominated by vegetation such as Carex
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cinerascen, Miscanthus sacchariflorus and Phalaris arundinacea. According to their study, the SVM
obtained a lowest error with a RMSE of 0.27 compared to simple linear regression method (RMSE =
0.31) and ANN (RMSE = 0.29) . However, the RF model was the overall best performing machine
learning algorithm with an RMSE of 0.25 (Wan et al., 2018). Although non-parametric algorithms
have shown significant results, they come with some drawbacks. Researchers have pointed out that
the computation of algorithms such as the SVM and ANN are time-consuming and require
considerable training data and extensive customisation compared to traditional parametric
approaches (Mas and Flores, 2008). Also, the accuracy of the estimated AGB may be lower if the
model hyper-parameters used are not adequately tuned (Mas and Flores, 2008). In addition, ANNs
are complicated algorithms not easily interpretable by humans as they may not reveal the internal
mechanism of the link between the dependent variables and the selected independent variables

(Mas and Flores, 2008; Lu et al., 2014; Verrelst et al., 2015).

When compared to parametric methods, ML methods are unaffected by the normal distribution
of data and are usable for large datasets from various sources (Barrett et al., 2014). For instance,
Xie et al. (2009) conducted a comparative study and used Landsat data and spectral bands as input
features to estimate grassland AGB using non-parametric ANNs and parametric MLR. According to
their outcomes, ANN models produced an accuracy of R?= 0.82 compared to MLR models with R?=
0.59. Li et al. (2021) investigated the capability of spectral and texture features derived from the
Sentinel-2 for modelling wetland grass AGB in Shengjin Lake using the RF algorithm. The results
indicated that the RF models had a robust and efficient performance with RMSE of 126.57 g-m?and
R? of 0.84. Furthermore, the RF technique has also proven insensitive to noise and has produced
satisfying results in several studies (Adam and Mutanga, 2012; Wan et al., 2018). Thus, non-
parametric algorithms show great potential in accurately estimating herbaceous AGB in wetlands
because they are very robust to missing values and model overfitting due to built-in variable
importance criteria and bootstrapping, such as in the case of the RF algorithm. The variable
importance criteria allows for selection of the predictor variable that yield to significantly higher and
accurate predictions. The parametric algorithms have obtained less accuracies, like RMSEP of 0.55
kg/m?, compared to the prediction of 0.44 kg/m? RF for grassland AGB estimation (Mutanga et al.,
2012).
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2.8 Conclusion

Chapter 2 presented the important overview of wetlands in the biodiversity and ecosystems. This
include its essential role to the carbon sequestration process among other categories. Also carbon
guantification arise in the vegetation biomass predictions. There are numerous methods that exist
for biomass estimation in wetlands. However, the unprecedented and non-destructive remote
sensing tools are ideal for large scale monitoring and assessments of wetland AGB. Therefore,
integrating satellite data with RTMs, parametric and non-parametric algorithms have been
successfully used for estimating AGB of wetlands. Hence, the following chapter provides the
detailed information about the nature of the study area, datasets and methodological framework

utilised for investigating research gaps associated with wetlands AGB in the current study.
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CHAPTER 3: DATA AND METHODS

This chapter provide a general description of the selected study area and provides insights on
why the area of interest was chosen. Secondly, the chapter gives a description of how the field data
and the remote sensing data was collected and used to estimate terrestrial and wetland carbon
from the AGB of palustrine wetland across the summer and winter seasons within the study area.
Chapter 3 describes the machine learning methods that were used for the estimation of the wetland
vegetation AGB, how the models were developed and validated, and how the developed models
were employed for mapping the teal carbon across the investigated seasons within the study area.
Therefore, the primary aim of this chapter is to provide a detailed explanation on the

methodological approach in which this research project was conducted in this study.

3.1 General description of the study area

Section 3.1 provides the information and description of the study area site. The section describe the
geographic setting of the study area, the type of vegetation that is found within the study site and
the climatic conditions of the area. Furthermore, a map which shows the location of the study area

in the catchment and within the Grassland Biome of South Africa is provided in this section.

3.1.1 Location and setting of the Tevredenpan study area

This study was conducted in Tevredenpan study area (26.2°S; 30.2°E) in the Grassland Biome of
the Mpumalanga Province in South Africa (Figure 1: A). Tevredenpan site is found in the northern
part of the Mpumalanga Lakes District (MLD) in the quaternary catchment W55A (Figure 1: B) (Van
Deventer, 2020). The total extent of the W55A catchment is approximately 68 870 ha. The area
experiences temperate weather with cold winters and warm summers, with mean annual rainfall of
600 to 800 mm (Middleton and Bailey, 2008) and a yearly mean annual evaporation of
approximately 1 600 —1 800 mm (Schulze, 1997). The elevation of the study area is between 1700 -
1820 m above sea level and the geology is predominantly composed of Vryheid formation which is
comparatively flat with coal mining taking place in the area. The MLD has wide range of different
wetland types, including 416 depressions, a number of valley bottom and seeps wetlands (Van

Deventer et al., 2020; 2022). Two river systems, the Mpuluzi River and Pearl stream, which are
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situated in the north and south of the research area, respectively, are fed by wetlands in the MLD

area (Naidoo et al., 2019).

The seeps wetlands and valley bottom wetlands found on hillslopes areas in the study area are
temporary and seasonally saturated due to seasonal changes (Naidoo et al., 2019; Van Deventer et
al., 2020). The western part of the study area consists of the largest depression (called Tevredenpan)
(Figure 1: C) which contains a floating peat cap that supports wetland grass growth (Grundling et
al., 2003). The accumulation or the presence of peat aids in regulating climate change by
sequestering atmospheric carbon and storing it in vegetation and soils (McLaughlin and Packalen,
2021). In addition, it shows strong seasonality between summer and the winter seasons, making
this part of the catchment a good case study for assessing teal carbon changes in palustrine
wetlands. Moreover, serious threats posed by extensive agricultural activities such crop production,
open cast coal mining applications, and cattle grazing have predominantly put wetlands in the area

under pressure (Burgoyne et al., 2000; McCarthy et al., 2007; Fourie et al., 2015).
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Figure 1: The map of the study area, indicating (A) extent of the Grassland Biome, within the
Provinces of South Africa and location of study area in the Mpumalanga province; (B) the location
of the study area in the northern part of the quaternary catchment (QC) W55A, considered the
Mpumalanga Lakes District (MLD) of South Africa; and a map (C) showing the wetland types from
the National Wetland Map version 5 (NWMD5) and field sampling points of the Tevredenpan study

area.

3.1.2 Vegetation communities in Tevredenpan study area

The vegetation type in the MLD catchment is described as the ‘Eastern Highveld Grassland Biome’
and is considered ‘hardly protected’ (Mucina and Rutherford, 2006). Wetlands in the catchment
consists or are dominated by a diverse range of sedge and grass species (Sieben et al., 2014;
Linstrom, 2015). The valley bottom wetlands within the area consists of prevalent patches of

vegetation communities such as the Carex acutiformis, Phragmites australis and Typha capensis
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(Naidoo et al., 2019; Van Deventer et al., 2022). The dense growth of Phragmites australis as well
as floating microphytes are also predominant in Tevredenpan depression which is the largest
depression in the study area (Grundling et al., 2003). Furthermore, the landscape of the
Tevredenpan study area is characterised by nine dominant vegetation communities, eight are found
in the wetland areas and one community within the terrestrial area (Table 1; Van Deventer et al.,

2022).

Table 1: Wetland vegetation communities observed in the Tevredenpan study area

Wetland vegetation communities Location
Aristida spp. (>50%) Wetland
Arundinella nepalensis (>50%) Wetland
Carex spp. (>70%) Wetland
Eragrostis plana and Themeda triandra Terrestrial
Grass-sedge communities Wetland
Juncus effusus (>50%) Wetland
Phragmites australis Wetland
Sedge dominant (>20%) Wetland
Wet-grass communities Wetland
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3.2 Methodological Framework

This section provides a flowchart (Figure 4) that summarises the methodological steps and processes
that were conducted and implemented for achieving the research questions, aim, and objectives of
this study. The framework involves remote sensing image acquisition, pre-processing of seasonal
images and analyses. The implemented framework uses the integration of remote sensing imagery
from two different seasons and field-measured biophysical parameters such as LAl into machine
learning algorithms to develop season-specific models of AGB of wetlands. Chapter 3 describes in
detail all the modelling procedures involved and summarised in this framework. The framework

summarises all the steps conducted from section 3.3 to section 3.9
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AGB of palustrine wetland vegetation in Tevredanpan study area between summer and winter

seasons of 2017.
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3.3 Data collection and Pre-processing methods

This section provide information about the field data sampling techniques, how the field data was
collected including dates on when the sampling of the AGB and LAl took place. Furthermore, section
3.3 also provide information on the acquisition of remote sensing datasets that were used for
estimating seasonal AGB. The characteristics and description of the remote sensing data used is also

provide in this section.

3.3.1 Field data

3.3.1.1 Herbaceous AGB sampling

Field sampling took place across the summer and winter seasons of 2017 in the Tevredenpan
study area. The summer visits were made in between 27 February 2017 and 2 March 2017 (Figure
2: A) and in winter they were made between 27 August 2017 and 1 September 2017 (Figure 2: B).
The 2017 primary field data for the MLD was acquired by the Council for Scientific and Industrial
Research (CSIR) (Naidoo et al., 2019; Van Deventer et al., 2020). Stratified random sampling method
was implemented for the collection of AGB. The location of the sample plots was chosen based on
homogeneity, dominant vegetation community as well as grass traits such as the canopy cover,
community composition and height. A total of 32 wet herbaceous AGB of wetland vegetation
samples were harvested for each season and from the collected samples, 26 samples were collected
in the wetland sections and six samples from the terrestrial section. The collected samples contained

the herbaceous grass AGB of wetland vegetation.

Sample plots of 6 m x 6 m were selected for sampling in both the summer and winter. In order
to cover the representative range of variation in the AGB within each plot, three 0.5 m x 0.5 m
guadrants were randomly positioned inside each plot of size 6 m x 6 m and the above ground
vegetation within the quadrat was clipped. A Differential Global Positioning System (DGPS) (Trimble
GEO 7X) with a horizontal error less than 50 cm was utilised to record the co-ordinates of the centre
point of each plot for the summer season. During the winter sampling campaign, the Garmin 62s
GPS was used again to locate the centre points of the sampling plots. The harvested AGB was later
weighed, recorded, and the mean value was calculated for the three quadrants to get the average

AGB for the entire plot. The AGB is a dry weight measure, thus the values of dry herbaceous AGB
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per plot were then derived by drying the wet herbaceous AGB for 48 hours at a temperature of 80°C

until the weight stabilised using an oven (Naidoo et al., 2019).

Figure 3: Collection of the AGB of wetland vegetation in the Tevredenpan study area,

indicating photographs of: (A) summer sampling and (B) winter sampling campaign.

3.3.1.2 Leaf Area Index sampling

To improve the AGB estimation accuracy, LAl was included as an additional input variable for
estimating wetland AGB. The collection of the LAl values also took place in summer and winter
during AGB sampling. The LAl Plant canopy Analyser (LiICOR LAI-2200C) was used to obtain observed
LAl field values within the three 0.5 m x 0.5 m quadrant sub-plots prior to AGB harvesting (Figure 3:
B). The LiCOR LAI-2200C measures the LAl from the vegetation canopy using the incoming light from
the sun, hence objects (i.e human shadow) that could affect the analyser’s optical sensor were
avoided during LAl measurements in the field. To obtain the LAl values, the quadrant was randomly
placed within the 6 m x 6 m plots in three locations and one measurement of the LAl was computed
per quadrant the, one reading above the canopy and two measurements below vegetation canopy
(Figure 3: A). The mean LAl value was calculated to represent an individual 0.5 m x 0.5 m quadrant.
The final LAl value at each plot was the average of all the three 0.5 m x 0.5 m quadrants. The LAI
measurements for the all the summer and winter points were recorded. LAl measurements were
taken in the same plots and subplots as the AGB measurements prior to harvesting of AGB.

Additionally, the LAl measurements were taken on a sunny day with a 25% sensor cap shroud to
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avoid sensor saturation. Acquisition time was between 9am and 3pm to maximise exposure to the

sun and the acquisition orientation was towards the sun to avoid the shadow effects.

Figure 4: Leaf Area Index collection, (A) recording of LAl values inside the quadrant, (B) depicts the

qguadrant and the LAI plant canopy analyser.

3.3.2 Remote sensing data acquisition

3.3.2.1 Acquisition of Sentinel radar images

The Sentinel-1 mission is a radar system that consists of two SAR satellite instruments (Sentinel-
1A and 1B) that are operating at the C-band wavelength (5.405 GHz), allowing for the acquisition of
imagery regardless of weather and illumination conditions (Torres et al., 2012). The bands of
Sentinel-1 backscatter are made up of different polarisation signals that can be transferred to and
retrieved from the targeted object (e.g., VV and VH). Sentinel-1 mission provide images every six to
12 days and have a large coverage of the land at about 250 km (Torres et al., 2012; Filipponi, 2019).
With its active phased array antenna, the Sentinel-1 sensor obtain images at four distinct imaging
modes with varying coverage and resolutions (Geudtner and Torres, 2012). For this study, high
resolution Sentinel-1A Ground Range Detected (GRD) images for both winter and summer season

were downloaded from the Alaska Satellite Facility website (https://search.asf.alaska.edu/#/). GRD

products are composed of detected, multi-looked and projected to ground range SAR data using the

WGS84 projection. The seasonal images were downloaded in an Interferometric Wide Swath (IW)
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imaging mode which is an operational mode over land and has a pixel spacing of 10 m x 10 m.
Additionally the images were acquired by taking into consideration the field sampling date (closest

to the sampling dates) (Table 2).

Table 2: Sentinel-1A sensor specifications including image IDs and acquisition dates of the seasonal

images
Downloaded Image IDs Acquisition data | Acquisition mode | Resolution | Polarisation
and Season (m)

S1A_IW_GRDH_1SDV_201701 25/01/2017 Interferometric 10x 10 Dual: VV+VH
25T163826_20170125T163851 | (Summer) Wide Swath (IW)

014990 _0187A3_5A1F

S1A_IW_GRDH_1SDV_201708 29/08/2017 Interferometric 10x 10 Dual: VV+VH
29T163834_20170829T163859 | (Winter) Wide Swath (IW)

018140 _01E793 5489

3.3.2.2 Sentinel-1A Pre-processing

Images of Sentinel-1A were pre-processed using the Sentinel Application Platform (SNAP)
software version 8.0 developed by ESA (Zuhlke et al., 2015; SNAP Development Team, 2016). The
pre-processing of these images included (1) radiometric calibration, (2) multi-looking (3) geometric
correction (i.e., terrain correction) and (4) speckle filtering. The following subsections describe each

of these steps in more detail.

3.3.2.2.1 Radiometric calibration of the radar images

Radiometric calibration is a method that is used for converting digital numbers (DN) to

radiometrically calibrated or normalised radar cross section sigma nought (Sigma0) (Filipponi, 2019;
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Braun and Veci, 2021). The Sentinel-1 GRD product already has the calibration equation information
included within the calibration vector in the product metadata and this enables the image pixel
values to be easily converted into sigma0 (Filipponi, 2019). Sentinel-1A images were radiometrically
calibrated using the Radiometric Calibration Function which is found under the Radar Menu. Under
the processing parameter tab, both the polarisations (VH and VV) were selected, and the output
bands were kept at default as sigma0. The SNAP software automatically identifies what type of input
products is opened and what corrections ought to be performed on the product by utilising the
metadata of the product as the corrections that are performed during image calibration are mission
specific based on the image’s metadata (Braun and Veci, 2021). The subsequent output product was
then kept in the native SNAP file format (BEAM-DIMAP). Radiometric calibrating of SAR images is
important for quantitative applications of SAR data as this aids in better comparison of images
obtained by the same sensor or different sensors (Braun and Veci, 2021). Thus, radiometric

correction was done for both the summer and winter seasonal images of Sentinel-1A.

3..2.2.2.2 Multi-looking pre-processing of the radar images

Multi-looking is an averaging process that increases SAR image quality and reduces random
noise, and this can be achieved by averaging the range and/or azimuth resolutions of the pixels thus
improving the radiometric resolution (Cantalloube and Nahum, 2000; Braun and Veci, 2021). The
multi-look process was performed to both the summer and winter Sentinel-1A images from the
Radar menu under SAR Utilities in SNAP software. Therefore, the final multi-looked output images
for this study had two range looks, two azimuth and the resulted mean ground range pixel or spatial

resolution was 20 m.

3.2.2.2.3 Geometric correction of the radar images

To geometrically correct or orthorectify the Sentinel-1 images for this study the Range Doppler
terrain correction was used (Small and Schubert, 2008). Range Doppler terrain correction is used to
mitigate distortions caused by topography, such as foreshortening and shadows (Filipponi, 2019;
Kumar, 2021). There are various other geometric correction algorithms on SNAP, however Range

Doppler terrain correction was selected because it is simpler and quicker to compute (Kumar, 2021).
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The images were acquired with the geometry of the sensor and the image pixels did not have the
correct geographical coordinates. The tool allows for finding the correct location of the pixel values
using a Digital Elevation Model (DEM) and also by changing the map projection (Filipponi, 2019).
Therefore, in the processing parameters dialog both bands (VH and VV) were selected and a high-
resolution DEM of the Shuttle Radar Topography Mission (SRTM 3 arc second) at 30 m pixel size was
selected (Argamosa et al.,, 2018). Furthermore, under the map projection window the Custom
Reference System (CRS) is by default set to the Universal Transverse Mercator (UTM) Zone 36 South
and spheroid/datum of the World Geodetic System of 1984 (WGS 84). All the other processing
parameters such the DEM resampling method and the input-output (I /O) Parameters tab was left
at default. The geometrically corrected output image was then saved as a raster file (GeoTiff

format).

3.2.2.2.4 Speckle filtering of the radar images

Speckle filtering is a procedure to increase image quality by reducing speckle but can result in
reduced detail and blurred images. A number of studies have conducted a review and compared
different speckle filters (Dong et al., 2000, Touzi et al., 2002; Lee et al.,, 2008; Rana and
Suryanarayana, 2019). The speckle removal on seasonal images of Sentinel-1 was performed on the
geometrically calibrated products in SNAP using the refined Lee filter (Argamosa et al., 2018). From
the Radar menu, the Single Product Speckle filter which is found under Speckle filter was selected
and under the processing dialog window, the Refined Lee speckle filter was then selected. The
Refined Lee filter averages the image while preserving edges. It has no parameters to set, while

others require the definition of a kernel size and other parameters.

3.3.2.3 Acquisition of the Sentinel-2 optical images

The Sentinel-2A MSI is an optical sensor which collects reflectance data from 13 spectral bands
ranging from the visible to the short-wave infrared (SWIR) bands (Drusch et al., 2012). The Sentinel-
2 mission provides two types of products: Level-1C which represents top of the atmosphere (TOA)
reflectance and Level-2A which represents Bottom of the atmosphere (BOA) reflectance. For this
study, two Sentinel-2A images for the summer (wet) and winter (dry) seasons were downloaded at

the Level-1C processing level because BOA products (i.e. Sentinel-2 Level-2A) were not available for
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website

(https://earthexplorer.usgs.gov/). The spatial and spectral characteristics of Sentinel-2A MSI sensor

are described in in Table 3.

Table 3: Characteristics and specifications of Sentinel-2A dataset with IDs of the acquired images

for the summer and winter season

Acquisition Image ID Spatial Spectral | Band Bandwidth Centre
date and resolution band ID name (nm) Wavelength
Season (m) (nm)
19/01/2017 S2A_MSIL1C_20170119T074231_ 10 | Band 2 Blue 66 492
(Summer,
wet) N0204_R092_T36JTS_20170119T075734
10 | Band 3 Red 36 560
10 | Band 4 Green 31 665
10 | Band 8 NIR 106 833
20 | Band 5 Red 15 705
edge 1
30/08/2017 S2A_MSIL1C_20170830T074611_ 20 | Band 6 Red 15 741
(Winter, dry) edge 2
N0205_R135_T36JTS_20170830T081246
20 | Band 7 Red 20 783
edge 3
20 | Band 8A Narrow 21 865
NIR
20 | Band 11 SWIR 91 1613.7
20 | Band 12 SWIR 175 2202.4
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60 | Band 1 Coastal 21 442
aerosol

60 | Band9 Water 20 945
vapour

60 | Band 10 SWIR- 31 1374
cirrus

3.3.2.4 Pre-processing of Sentinel-2A

The pre-processing of the selected Sentinel-2 images included (1) atmospheric correction, (2)
resampling of the images and (3) spatial and spectral bands sub-setting. All the pre-processing of
Sentinel-2A images was done in in SNAP software (SNAP Development Team, 2016) and the steps

are discussed in the following subsections.
3.2.2.4.1 Atmospheric correction of the Sentinel-2 optical images

Atmospheric correction is a technique that is used to correct and remove atmospheric effects
from raw remote sensing data in order to establish accurate surface reflectance values
(Themistocleous et al., 2008). The Sentinel-2A (Level-1C) images were converted from TOA to BOA
using Sen2cor (v280). From the Optical menu in SNAP, the Sen2Cor (v280) processor, found within
the Thematic Land Processor module, was selected. To run the algorithm, under the Sen2Cor popup
tab the input product in the 1/O Parameters for Sen2Cor was the original downloaded Level-1C
product, and in the Processing Parameters tab the resolution was changed to “ALL”. The

atmospheric correction was applied to both the summer and winter images of Sentinel-2A.
3.2.2.4.2 Resampling of the optical images

Resampling is method that is mostly used to change the spatial resolution of a satellite image by
changing the size of image pixels. In SNAP’s toolbar in the Raster menu, the resample module was
selected in order to open the Resampling operator in the Geometric Operation tool. The process of

resampling the downloaded optical images involved using the atmospherically corrected image as
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an input source product in the I/O Parameters. To get high spatial resolution for more accuracy in
the prediction of the AGB, under the processing parameter tab, the spectral band 2 with high spatial
resolution of 10m was used a reference band to define the geometric resolution of the final product.
All the spectral bands for the summer and winter images of Sentinel-2 were resampled to a 10 m

spatial resolution.
3.2.2.4.3 Spatial and Spectral band subset of the optical images

The subset function under the raster menu in SNAP allows to perform both spatial and spectral
resampling by excluding irrelevant data such as selecting only the region of interest (ROI) and
specific bands in order to reduce the volume of data. For focused research in this study, the spatial
and band subset process involved creating a box around the ROl in the spatial subset parameter and
in the spectral band sub-setting parameter tab only ten bands (band 2, band 3, band 4, band 5, band
6, band 7, band 8, band 8A, band 11, and band 12) out of the 13 acquired bands of Sentinel-2A were
selected for estimation of AGB (Naidoo et al., 2019; Li et al., 2021). The other three bands (bands 1,
9 and 10) were not selected for further analysis as they related to or are mostly used for water and
atmospheric elements (Li et al., 2021). The final resulting products for summer and winter images
were saved and exported as a raster file (GeoTiff format) for the purpose of extracting predictor

variables of AGB estimation of vegetation.

34 Remote sensing predictor variables for estimating seasonal AGB

Optical and SAR derived variables such as Vls, band ratios, reflectance bands, backscatter
polarisation variables and texture variables have indicated strong correlation with vegetation
biomass (Mutanga et al., 2012; Kelsey and Neff, 2014; Sibanda et al., 2017; Naidoo et al., 2019). The
following sub-sections describe (1) the generation of the predictor variable from Sentinel-1A and
Sentinel-2A imagery and (2) the processes that were undertaken for extracting the predictors in

order to estimate the herbaceous AGB.
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3.4.1 Generation of predictor variables

3.4.1.1 Calculation of predictor variables from Sentinel-1A imagery

For this study, predictor variables (textural metrics and SAR band ratio) were calculated from
Sentinel-1A imagery. Textural features represent the spatial arrangements of image colours or
intensities. In this study the efficiency of textures in estimating AGB of wetland vegetation for both
summer and winter was based on the GLCM measurement technique, which has strong adaptability
and robustness (Haralick et al., 1973). Thus, eight GLCM textural metrics (Haralick et al., 1973)
derived from Sentinel-1A imagery were employed: dissimilarity (DIS), mean (MEA), homogeneity
(HOM), variance (VAR), entropy (ENT), second angular moment (SAM), contrast (CON), and

correlation (COR) to differentiate textural variety (Table 4).

To compute textures, the raster menu in SNAP’s toolbar was selected in order to open the GLCM
operator in the Image Analysis Operation tool, and the GLCMs textures were then derived using the
final pre-processed raster product of Sentinel-1A seasonal images as the source product in the I/0
parameter tab. Under the Processing parameter tab eight textures metrics were computed for both
the polarisations bands (VH and VV) of the Sentinel-1A image. The selection of a suitable processing
window size when deriving textural features is very crucial because using a larger window size may
results to loss of important texture information while a smaller processing window may result to
increased noise in the image pixel due to magnified image variations (Sarker and Nichol, 2011;
Kelsey and Neff, 2014). Therefore, textures metrics in this study were calculated on one processing
window size (9 x 9 pixels). The selected window size has been used in previous studies and have
proven to have high correlation with biomass (Sarker and Nichol, 2011; Kelsey and Neff, 2014;
Argamosa et al., 2018; Li et al., 2021). The polarisation ratio was used as a variable for modelling
AGB (Naidoo et al., 2019). To generate SAR band ratio raster (VH/VV) in this study, the band maths
tool in SNAP software was used to find the ratio between the dual-channel C-band SAR backscatter
coefficients of Sentinel-1A imagery (VV and VH). Therefore, the output products of the derived
textural metrics and the band ratio for both summer and winter were saved and exported as raster

files for subsequent analysis in the study.
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Table 4: Description and formulas of predictor variables derived from seasonal images of Sentinel-

1A imagery for modelling AGB of palustrine wetland vegetation.

ratio

Sensor Remote sensing Variable Formula/name Bands References
predictor variables used
Sentinel- DIS N-1
iP;ili—jl
1A Z AL VH, W
1,j=0
(Haralick et
N_
CON . al.,1973)
z iP; (i —j)
i,j=0
COR N-1 N-1
GLCM z i z Py — ity |/ ofaf
texture LJj=0 L
variables
ENT N1
z lPL,j lnPL-‘j
i,j=0
HOM N1
Y i1+ (=D
i,j=0
MEA N1
z P j
i,j=0
SAM N-1
Z iP;;*
i,j=0
VAR N-1
Z Py i(1— w)
i,j=0
Backscatter VH, VW
channels
SAR band B1/B2 VH/VV | (Englhart,2011)
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CON: Contrast; COR: Correlation; DIS: Dissimilarity; ENT: Entropy; HOM: Homogeneity; MEA: Mean;

SAM: Second Angular Moment; VAR: Variance; VH and VV: cross and co-polarisations.

3.4.1.2 Calculation of spectral metrics from Sentinel-2 imagery

The wavelengths of EMS regions (green, red, RE, and NIR) have significant impact on the accuracy
of AGB in wetland and grassland vegetation (Mutanga et al., 2012; Ramoelo et al., 2015; Li et al.,
2021). In this regard, VIs and spectral band ratios derived from these spectral regions has indicated
a correlation with the biomass of wetland vegetation and grasslands (Cho et al., 2007; Adam et al.,
2010, Mutanga et al., 2012). For this study, eight VIs which were known to correlate well with AGB
estimation, were calculated from the reflectance bands of Sentinel-2A. Four were traditional Vls
(GNDVI, GRVI, NDVI, and SR) and the other four VIs were RE-based VIs (NDVIre5, NDVIre6, NDVIre7,
SRre5). The traditional VIs were derived from three bands (B3, B4, B8) and the RE VIs from the NIR
band (B8) and three RE bands (B5, B6, B7) of Sentinel-2A using the raster calculator in Quantum GIS
(QGIS) version 3.18 (QGIS development Team, 2021). Thus, for this study Sentinel-2A variable for
the estimation of AGB of wetland vegetation included 10 reflectance bands and eight Vis (Table 5).
The calculated output products were saved and exported as raster files for extraction of modelling

dataset.

Table 5 : Description and formulas of predictor variables derived from seasonal images of Sentinel-

2A imagery for modelling AGB of palustrine wetland vegetation.

Sensor Remote sensing Variable Bands used References
predictor variables Formula/name

NDVIre5 (NIR — RE) (Band 8 — Band 5)
(NIR + RE) (Band 8 + band 5)

NDVire6 (NIR — RE) (Band 8 — Band 6) | (Gitelson and
(NIR + RE) (Band 8 + Band 6) Merzlyak 1994;

Fernandez-Manso et
RE Vs (NIR — RE) (Band 8 — Band 7) al., 2016)
NDVlire7 (NIR + RE) (Band 8 + Band 7) v
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SRre5 (NIR) (Band 8) (Sims and Gamon,
Sentinel- (RE) (band 5) 2002)
2A
Traditional GRVI (GREEN — RED) (Band 3 — Band 4) | (Tucker, 1979.
Vis (GREEN + RED) (Band 3 + Band 4) | Falkowski et al.,
2005; Motohka et al.,
2010)
NDVI (NIR — RED) (Band 8 — Band 4) | (Rouse et al., 1973;
(NIR + RED) (Band 8 + Band 4) | Tucker, 1979)
GNDVI (NIR — GREEN) (Band 8 — Band 3) | (Gitelson and

(NIR + GREEN) (Bamd 8 + Band 3) | Merzlyak, 1998)

SR (NIR) (Band 8) (Chen, 1996)
(RED) (Band 4)
Reflectance B2, B3, B4, B5, B6, B7, | (ESA, 2015)
bands B8, B8A, B11, B12

GNDVI: Green Normalized Difference Vegetation Index; GRVI: Green Red Vegetation Index; NDVI:
Normalized Difference Vegetation Index; NDVIre5: Normalized Difference Vegetation Index Red-
edge 1; NDVIre6: Normalized Difference Vegetation Index Red-edge 2; NDVIre7: Normalized
Difference Vegetation Index Red-edge 3; SR: Simple Ratio; SRre5: Simple Ratio Red-edge 1; and B;
Bands.

3.4.1.3 Estimation of LAl as a significant parameter for modelling herbaceous wetland AGB

In this study, Stepwise Multiple Linear Regression (SMLR) (Breaux, 1967) was used to find the
optimal model for predicting the LAl for the summer and winter season within the study area. For
estimating the regional LAl layer, three modelling scenarios (Table 6) derived from the combination
of the selected ten spectral bands, and eight Vs of Sentinel-2 (Table 5) were implemented in RStudio
(v4.0.3). The Akaike Information Criterion (AIC) through the ‘stepAlC’ function implemented in the
‘MASS’ package in RStudio (Ripley et al., 2013) was used for variable selection and the model with
lower AIC value was selected for modelling of LAI. The developed models were evaluated based on
k-10-fold cross-validation. A model consisting of a combination of the variables with the lowest

relative root-mean-square error (relRMSE) (Appendix A, Table Al) was selected for predicting the
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LAI. Thus, scenario 3 (combination of both spectral bands and VIs) was the best performing model
(Appendix A, Table Al) in both summer and winter season and was the used to predict the LAl with
the study area. The upscaling modelling process to derive the regional LAl in this study was done to
move from plot LAl measurements to a continuous regional layer for the mapping the AGB. LAl is a
well-known proxy of AGB and has shown to have significant improved biomass estimates biomass
(Van Wijk and Williams, 2005; Fan et al., 2009; Masemola et al., 2016; Naidoo et al., 2019) hence it

was considered as important parameter in this study.

Table 6: Modelling scenarios implemented in the Stepwise Multiple Linear Regression for
predicting Leaf Area Index, numbers in the brackets represent the total number of predictor

variables in each scenario

Summer Winter
Scenario 1: Spectral bands (10) Scenario 1: Spectral bands (10)
Scenario 2: Vls (8) Scenario 2: Vls (8)

Scenario 3: Spectral bands (10) + VIs (8) Scenario 3: Spectral bands (10) + VIs (8)

3.4.2 Extraction of the modelling dataset from the remote sensing predictor variables

To investigate the ability and attributes of Sentinel-1A GRD derived variables for estimating
seasonal AGB, this study selected Sentinel-1A derived variables included 16 GLCMs, VH and VV
backscatter channels, and VH/VV band ratio making a total of 38 input variables (19 per season
including the field measured LAIl). Sentinel-2 MSI predictor variables for wetland vegetation AGB
estimation in both summer and winter included ten reflectance bands and eight Vls totalling up to
38 variables (18 per season including field measured LAI). The raster layers of all the predictor
variables derived from both Sentinel-1A and Sentinel-2A were later imported into ArcMap version
10.4.1 (ESRI, 2016) for further analysis. The extract multi-values to point tool in ArcMap was used
and under the parameter tab, the shapefile with the centre co-ordinate of the biomass field sample

points was selected as the input point feature to extract pixel values of reflectance bands,
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backscatter values, VIs, ratios, and textures. The pixel values were exported and saved as excel file

and used as the modelling dataset for wetland vegetation AGB estimation in RStudio software.

3.5 Different modelling scenarios for estimating herbaceous AGB

To optimise the modelling of AGB of wetland vegetation, different predictor variables of both
Sentinel-1A and Sentinel-2A images for summer and winter were combined into modelling
scenarios. Four modelling scenarios in each season were tested in RF and SVR machine learning
algorithms to predict herbaceous AGB within the selected study area. All the modelling scenarios
included the LAI field measured values as an additional predictor variable. The first four scenarios
included the bands only for each season, namely the Summer Sentinel-1A (SS1), Winter Sentinel-1A
(WS1), Summer Sentinel-2A (SS2), and Winter Sentinel-2 (WS2). Therefore, the following modelling
scenarios (Table 7) were implemented in each season for the estimation of AGB using the algorithms

explained in the below section (3.5).

Table 7: Modelling scenarios implemented in summer and winter seasons for estimating

herbaceous AGB (all scenarios included LAI); Numbers in the brackets indicates total predictor

variables.

Scenario

(down) and | Sentinel-1A modelling scenarios Sentinel-2A modelling scenarios

Sensor

(across)

Seasons: Summer Winter Summer Winter

Scenario 1 GLCMs only (16) + | GLCMs only (16) + | Reflectance  bands | Reflectance  bands
LAI LAI (10) +LAl (10) +LAl

Scenario 2: Band ratio (1) + | Band ratio (1) + | Traditional VIs (4) | Traditional Vis (4)
Backscatter (2) + | Backscatter (2) + | +LAIl +LAl
LAI LAI

Scenario 3: Backscatter (2) + | Backscatter (2) + | RE indices (4) +LAl RE indices (4) +LAl
GLCMs only (16) + | GLCMs only (16) +
LAI LAI
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Scenario 4: Backscatter (2) + | Backscatter (2) + | Reflectance  bands | Reflectance  bands
band ratio (1) + | band ratio (1) + | (10) + RE indices (4) + | (10) + RE indices (4) +
GLCMs (16) + LAl GLCMs (16) + LAl Traditional VIs (4) | Traditional ViIs (4)
+LAl +LAI

3.6 Machine learning algorithms used for modelling seasonal herbaceous AGB

3.6.1 Random Forest

The RF algorithm, developed by Breiman (2001), is an efficient bagging-based ensemble learning
method which improves on the regression and classification tree (CART) by combining multiple
decision trees. The RF algorithm has been used for modelling AGB and analysing relationships
between remote sensing variables and AGB (Schwieder et al., 2018; Liet al., 2021) and for estimating
the AGB of wetland vegetation (Naidoo et al., 2019). RF is an approach with the advantages of
being insensitive to noise, overtraining and producing accurate and precise predictive results
(Mutanga et al., 2012). For this study, the RF algorithm was implemented using the “randomForest”
package (Liaw, 2015) in RStudio software (v4.0.3). To assess the significant influence of different
remote sensing variables and also to reduce the large number of predictor variables, the variable
importance selection was implemented in modelling scenarios that had more than ten input

predictor variables.

The VSURF function (Genuer et al.,, 2015) which is a RF-based important variable selection
function was implemented. The R package "vsurf" (Genuer et al., 2015) returns two subsets of
variables to address both regression and classification problems. The first subset is a subset
containing significant variables that includes some duplication while the second subset is smaller,
avoid duplications and subsequently corresponds more on the prediction variables. In order to train
the RF models, the study implemented the repeated k-fold cross validation to adjust
hyperparameters for more robust models. The k-fold cross validation is a method that is based on
splitting the observations into k folds of equal size (Richter et al., 2012). Therefore, to improve
robustness and model accuracy the study applied a repeated 10-fold cross validation resampling

method as a trainControl function (repeated twice). Furthermore, two important parameters were




57

optimised in the RF models: (i) ntree, the tree number contained in the RF model, and (ii) mtry, the
variable number used during node splitting of each tree. The selected value of ntree was set to a
default value of 500. Thus, the final optimal models used for prediction of the AGB of wetland
vegetation in the summer and winter season were selected where the value of the mtry had a

minimised error. Furthermore, the mtry values in the study ranged between 2 and 12.

3.6.2 Support Vector Regression

SVM algorithm is a supervised machine learning method that can solve both classification and
regression problems without considering the distribution of data (Cortes and Vapnik, 1995). The
SVM method makes use of a high dimensional space, and it fundamentally converts the non-linear
regression problems into linear form using kernel functions (Cortes and Vapnik, 1995). In this study,
SVM was used as a regression method (SVR) to estimate herbaceous AGB for both the winter and
summer season using the package “e1071” (Karatzoglou et al., 2006) which contains the SVM
function in RStudio software (version 4.0.3). The SVR models employed Radial Basis Function (RBF)
Kernel because it is efficient and at the same time it associated with fewer numeral difficulties such
as computational time compared to other SVM kernels such as linear and polynomial kernels (Wan
et al., 2018). To select the most significant predictor variables for training the SVR models, the
recursive feature elimination (RFE) (Chen et al., 2007) was implemented in each modelling scenario
that had more than ten predictors as input variables to reduce the large number of predictor

variables and improve model performance.

RFE employs a backward selection process to find the optimal predictor features. It builds a
model based on each attribute and then assesses the relative importance of each component inside
the model (Guyon et al., 2002; Chen et al., 2007). The characteristics are then iteratively ranked in
order of relevance, with the least important feature(s) being removed based on model assessment
metrics (e.g., RMSE). RFE is effective at identifying important characteristics or variables that can be
used to predict the target variable from a training dataset. To find the optimal values for tuning the
SVR model, significant hyperparameters are required such as cost and sigma and these can be
optimised using methods such as the gradient descent (Keerthi et al., 2007), grid search (Hsu et al.,

2003), and meta-heuristics algorithms (Blum and Roli, 2003; Talbi, 2009). In this study, a grid search
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function was then applied in each modelling scenario to tune the models by searching the optimal
values for cost and sigma. The grid-search strategy is a viable method for hyper-parameter tuning
as it exhaustively considers all possible parameter combinations and selects the pair of parameters
with the lowest out-of-the-bag error (Kganyago et al., 2021). Therefore, the optimal trained model
that was used to predict the target variable (herbaceous AGB) was trained using important variables
selected by RFE and it was selected where cost had minimised error (RMSE), and sigma was kept

constant at a default value.

3.7 Validating model accuracy

The accuracies of predictive models for both summer and winter models of RF and SVR were
evaluated using three statistical “goodness-of-fit” measures recommended by Richter et al. (2012).
These measures are the coefficient of determination or R? (Equation 1), the root mean square error
or RMSE (Equation 2) and the relative root-mean square error (relRMSE, (Equation 3)). These
equations are often used in the literature to assess accuracy of predictive models when estimating
vegetation biophysical parameters (Richter et al., 2012; Naidoo et al., 2019; Kganyago et al., 2021;
Li et al., 2021). R? is a statical measure with values ranging between 0 and 1 and it indicates the
amount of variability explained by the predictive model, the RMSE indicates the magnitude of error
in the units of the target variable and relRMSE is a dimensionless index expressed as percentage and
it is suitable for comparisons between different variables or ranges (Richter et al., 2012). The
resulting accuracies were recorded, and the optimal model was selected where the reRMSE was
minimised. To facilitate comparison of model accuracies between different variables, the model
accuracy is regarded as either excellent (RRMSE<10%), good (10%<RRMSE<20%), fair
(20%<RRMSE<30%) or inadequate (RRMSE>30%) (Jamieson et al., 1991; Heinemann et al. 2012).
The lower relRMSE the better the model’s performance (Li et al., 2021) and more stable the
replicability of the model. The evaluation of the accuracy was applied to both SVR and RF seasonal
models in R statistical software.
i=1(zi = 2)?

Yz - z)?

R*? = 1-

Equation 1: Coefficient of determination (Richter et al., 2012)
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n

1
RMSE = %Z(Z,\l — Zl')z

i=1

Equation 2: Root mean square error (Richter et al., 2012)

RMSE
relRMSE = T

i

Equation 3: Relative root mean square error (Richter et al., 2012)

where Z; and Zi indicates the observed and predicted AGB values in the i plot sample
respectively, Z; denotes the mean of the observed AGB values, and n indicates the total number of

samples (in the validation dataset).

3.8 Mapping of seasonal teal carbon

The seasonal maps of the AGB of wetland vegetation were created using the raster layers of the
selected important variables of the optimal model per season. The LAI raster layer was used in the
AGB mapping since it was one of the most important variables in all scenarios. The layers were
stacked for the mapping procedure in R statistical software using packages: ‘modelMap’ (Freeman
et al., 2018), ‘raster’ (Hijmans et al., 2015) and ‘rgdal’ (Bivand et al., 2015) and the most accurate
modelling algorithm (i.e. RF or SVR). The scale for mapping both the summer and winter AGB was
20 m considering the resolution of Sentinel-1A image. The AGB maps for the summer and winter
season were then converted into carbon stock maps by assuming that carbon is composed of 50%
of the AGB content on average (Chave et al., 2005). A Scaling Factor (SF) of 0.5 was applied to the

resulting estimated AGB raster map in ArcGIS (version 10.4.1) to convert it to carbon stock using
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equation 4. The equation has been proven to be efficient in converting the AGB to carbon stock
(Otukei and Emanuel, 2015; Behera et al.,, 2016; Shen et al., 2020). Therefore, the conversion

equation is given as:

C=AGB x SF

Equation 4: Conversion of the wetland AGB to carbon stock (Penman et al., 2003)

Where: C= Carbon stock (g C/m? DM), AGB=above ground biomass (g/m?), and SF=0.5.
3.9 Assessment of seasonal variations in carbon stocks between the summer and winter

3.9.1 Statistical significance between summer and winter using the National Wetland Map

version 5 boundaries.

In order to assess the seasonal variations in the amount of carbon stored within the AGB in the
selected study area, the points were stratified into wetland hydrogeomorphic (HGM) types and
terrestrial systems to distinguish between teal and green carbon. The stratification of points was
done based on the NWM5 wetland polygons (Van Deventer et al., 2020). All the points outside the
NWMD5 polygons were considered to be terrestrial points, while points falling within or inside the
polygons were considered wetlands. The Random Points Inside Layer Bounds tool found under
Research Tools in QGIS (v3.18) used to generate random points inside the HGM layers. Therefore,
both the terrestrial and wetland layers in this study had 176 random points each. The points were
generated for both the summer and winter seasons to facilitate a comparative analysis between the
two investigated seasons. Additionally, the generated random points were used to extract
estimated carbon values for each season from the estimated carbon maps using the extract multi-

values to points tool in ArcMap for seasonal variation analysis.

Statistical measures of variability such as mean, standard deviation (SD) and coefficient of
variation (COV%) computed in RStudio software was used to assess seasonal differences in the
extracted carbon values of wetlands and terrestrial areas across the summer and winter seasons.

The COV is an amount of relative variability that shows how values are distributed in a dataset
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relative to the mean. It is calculated as the ratio of the standard deviation to the mean. Independent
unpaired Welch T-test was also computed at 95% confidence interval to ascertain if values are
statistically different between summer and winter seasons and between the HGM types (terrestrial-
wetland). Also, to visualise the seasonal variability of carbon, a box and whisker plot was plotted in

R software.

3.9.2 Seasonal differences in carbon across wetland vegetation communities in the

Tevredenpan study area

Vegetation in wetlands plays a crucial role in storing carbon either in the AGB and subsequently
facilitates the process of carbon sequestration. Seasonal variations were further determined
between the vegetation types found in the study site. The classification boundaries of wetland
vegetation communities of Van Deventer et al. (2022) were used for the Tevredenpan study area.
Thus, for this study, nine wetland vegetation communities were considered for analysis of seasonal
variations namely, Aristida spp., Arundinella nepalensis, Carex spp., grass-sedge, Eragrostis plana,
Juncus effuses, Phragmites australis, Sedge dominant, Themeda triandra and Wet-grass. The
shapefiles of each vegetation type were used to generate random points in QGIS using the Random
Points Inside Layer Bounds tool in QGIS. For each vegetation type, 76 random points were generated
inside the boundary layers using the Random Points Inside Layer Bounds tool in QGIS (v3.18). The
outputs were exported as point shapefiles for further comparative analysis. The points shapefiles
for each wetland vegetation type were later used to extract carbon values from the estimated
carbon maps of the summer and winter seasons, respectively, in ArcMap using the Spatial Analyst
tool “extract multi-values to points”. Additionally, a t-test was computed to determine if the
variation in carbon stock were statistically significant between the summer and winter. The t-test
was computed for each wetland vegetation type in RStudio software. Statistical significance was

tested at a confidence interval of 95%.

3.10 Conclusion

Chapter 3 emphasised the important background and features of Tevredenpan study area
description with its associated vegetation communities. The vegetation communities varied from

Aristida spp., Arundinella nepalensis, Carex spp., grass-sedge, Eragrostis plana, Juncus effuses,
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Phragmites australis, Sedge dominant, Themeda triandra and Wet-grass. This study used wet
summer and dry winter in-situ herbaceous biomass with Sentinel-1 and sentinel-2 derived variables
for wetland biomass estimation. The GLCM textures, backscatter channels, SAR band ratio,
reflectance bands, both RE and traditional VIs were used as predictor variables in the current study.
The remote sensing derived predictor variables were grouped into different modelling scenarios to
estimate AGB of wetland vegetation Accordingly, LAl was the significant parameter for the
modelling of herbaceous wetland AGB. The above applications were necessary to improve
monitoring procedures of wetland AGB carbon distribution protection. However, in the following
chapter, the study explain the results in detail and discuss the meaning of the findings for estimation

of herbaceous wetland AGB.
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CHAPTER 4: RESULTS AND ANALYSIS

This chapter provides the results of the research project in relation to the methods used in this
study. It first highlights the significant predictor variables and their influence towards the estimation
of wetland vegetation AGB and teal carbon. Secondly it provides the accuracies of all the modelling
scenarios obtained using different machine learning algorithms as well as the optical and SAR
sensors. A detailed representation and observations on the spatial distribution of the predicted teal
carbon maps are documented. Furthermore, the chapter also provides a statistical analysis on
variations or differences that observed between the investigated seasons within the selected study
area of interest. The results presented in this chapter addressed the aim, objectives, and the

research questions of this study.

4.1 Variable importance in Sentinel-1A and Sentinel-2A predictors

The results in Tables 8 and 9 illustrate the varying influence of predictor variables derived from
Sentinel-1 and Sentinel-2 imagery, respectively, coupled with different modelling scenarios that had
more than ten input variables for estimating AGB of wetland vegetation across the summer and
winter seasons. The results in both Tables 8 and 9, indicate that the selection of important variables
by VSURF and RFE was not entirely consistent in both the RF and SVR models throughout the
investigated seasons. According to Table 8, for Sentinel-1 models in both summer and winter, the
LAl appeared in all the models (RF and SVR) indicating that it was one of the most important AGB
predictor variable. VH backscatter and the textures derived from VH (vhMEAN and vhVariance) also
appeared to have influence when AGB of wetland vegetation within the study area in both seasons.
Comparatively, VV only indicated to be more important for prediction of herbaceous AGB during
the winter season in Scenario 3 and Scenario 4. Additionally, when observing the trend of input
variables in Scenario 4 (Backscatter, band ratio, GLCMs, and LAl), the ratio between VH and VV didn’t
appear to be an important predictor in the estimation of both summer and winter herbaceous AGB

in the study.
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Table 8: Variable importance of RF and SVR models with more than 10 input predictor variables

derived from Sentinel-1 imagery.

Ss1 Ws1
Sentinel-1
RF_VSURF SVR_RFE RF_VSURF SVR_RFE
Scenario 1: GLCMs (16) LAI, vhMEAN LAI, vhMEAN, vhVariance, LAI LAI, vhMEAN,
+LAl vhVariance vhVariance,
vwMEAN,
vvVariance
Scenario 3: Backscatter (2) | LAI, vhMEAN, LAI, vhMEAN, VH, LAl, VH, LAI,
+ GLCMs only (16) +LAI VH vhVariance vhVariance vhVariance,
vhMEAN, VV
Scenario 4: Backscatter (2) | LAI, vhMEAN, LAI, vhVariance, VH, LAl, VH, LAI,
+ Band ratio (1) + GLCMs vhVariance, VH | vaAMEAN, VH, vhVariance vhVariance,
(16) +LAl vvCorrelat vhMEAN, VV

SS1: Summer Sentinel-1; WS1: Winter Sentinel-1

When examining the influence of input variables in Table 9 in Sentinel-2 modelling scenarios for

both summer and winter, the LAl showed to be the most important predictor variable in Scenario 1

and Scenario 4 across the summer and winter seasons. In both the RF and SVR models, the RE bands

(B5, B6), the red (B4) and green (B3) were selected as most important AGB predictors compared to

other input bands (B2, B7, B8, B8A, B11 and B12) for the summer season. However, in the winter

season the SWIR band (B12) was the only important reflectance band for estimating the AGB of

wetland vegetation than other bands. Moreover, it is worth noting that traditional indices such as

NDVI and SR were important variables when incorporating all the variables in RF and SVR (Scenario

4) for both the winter and summer. Vis derived from the RE region (NDVIre5, SRre5) appeared to be

important predictors of the AGB of wetland vegetation.
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Table 9: Variable importance of RF and SVR models with more than 10 input predictor variables

derived from Sentinel-2A.

SS2 WS2
Implementation of variable
importance Sentinel-2 RF_VSURF SVR_RFE RF_VSURF SVR_RFE
Scenario 1: Reflectance LAI, B4, B3, B6, B8 LAI, B4, B5, B3, B7 | LAI, B12 LAI, B12
bands (10) +LAl
Scenario 4: Reflectance LAI, SR, NDVI, B4, LAI, SR, B8, NDVI, LAI, NDVI, LAI, SR, B12,
bands (10) + RE indices (4) + | B3, GNDVI, B5 B5, B4 SRre5, SRre5, NDVI,
Traditional VIs (4) +LAl NDVIre5, B12 NDVIre5

SS2: Summer Sentinel-2; WS2: Winter Sentinel-2

4.2 Accuracy of modelling scenarios for predicting wetland AGB for the summer and winter

season

The results in Table 10 presented the statistical description of four modelling scenarios for
estimation of the AGB of palustrine wetland vegetation for both summer and winter seasons and
for Sentinel-1 and Sentinel-2 comparisons using the RF and SVR algorithms, respectively. When
comparing the results obtained by different Sentinel-1 modelling scenarios for the summer,
Scenario 3 which incorporated GLCMS textures, backscatter channel, and LAl was the best
performing model for estimating the AGB of wetland vegetation with a R?= 0.735, RMSE = 39.848
g-m2, relRMSE = 17.286% compared to Scenario 1 which attained R?2=0.709, RMSE = 40.919 g:-m,
and relRMSE = 17.538%, Scenario 2 (R?= 0.699, RMSE = 44.005 g-m2, relRMSE = 17.546%), and
Scenario 4 (R?=0.697, RMSE = 44.278 g-m2, relRMSE = 17.796%) for the same season. However, the
difference between the models was minimal when considering the relRMSE. For the winter season,
a combination of GLCMs and LAI in Scenario 1 yielded higher accuracy in estimating AGB (R?= 0.785,
RMSE = 67.582 g-m2, relRMSE = 20.885%) than the combination of backscatter channels and GLCMs
(R?=0.805, RMSE = 67.063 g'-m, relRMSE = 21.371%), or that of band ratio and backscatter (R? =
0.736, RMSE = 72.944 g-m, relIRMSE = 21.53 %), and when all the variables (backscatter channels,
band ratio, GLCMs, and LAI ) were combined (R?=0.777, RMSE = 68.778 g-m2, relRMSE = 21.774%).
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Incorporation of all the variables (spectral bands, traditional Vis and RE VIs) of the Sentinel-2
models, yield higher accuracies for estimating wetland vegetation AGB in the summer with an
accuracy of R?=0.753, RMSE = 52.856 g-m, relRMSE = 20.009%, compared to individual spectral
bands ( R?= 0.644, RMSE = 67.063 g-m2, relRMSE = 19.610 %) or VIs (R?= 0.665, RMSE = 52.865 g-m"
2, relRMSE = 22.051%) for the same season (Table 10). Similarly, the estimation of AGB in winter also
improved when all the variables (spectral bands, traditional VIs, and RE VIs) were combined (R? =
0.749, RMSE = 69.634 g-m2, relRMSE = 21.248%) compared to the use of traditional VIs (R?= 0.658,
RMSE = 76.079 g'-m2, relRMSE = 24.512%) or reflectance bands. However, the difference between
the combination of all the variables (reflectance bands, traditional Vis, and RE VIs) was minimal in
both the summer and winter models (Scenario 4) in comparison to the accuracy obtained by

scenario 3 (RE bands).

It is worth noting that in terms of algorithm performance when looking at the predicted model
validation accuracy of the relRMSE, the results suggest that RF models performed better than SVR.
This can be attributed to the fact that the relRMSE of the SVR scenarios is twice the RF obtained
relRMSE values. Furthermore, when examining the overall performance of the sensors or that of
the best performing models in terms of the lowest relRMSE, the SAR C-band obtained high
accuracies when looking at the results in the summer (relRMSE = 17.286%) compared to the optical
sensor (relRMSE= 20.009%) for the same season. Similar trend of results is evident in winter,
Sentinel-1 illustrated a better performance (relRMSE = 20.885%) when compared to Sentinel-2
(reRMSE = 21.248%) in estimating AGB within the Tevredenpan study site. Thus, the combination
of SAR GLCMs, C-band backscatter and LAI (Scenario 3) was applied for mapping summer AGB while

in winter Scenario 1 (SAR GLCMs textures and LAI) was used for mapping winter AGB.
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Table 10: RF and SVR model accuracies of Sentinel-1 and Sentinel-2 derived modelling scenarios for estimation of wetland AGB with 10-fold cross

validation across summer and winter.

Summer Winter
Sentinel-1A RF SVR RF SVR
All scenarios (LAI R? RMSE relRMSE (%) R? RMSE relRMSE R? RMSE relRMSE R? RMSE relRMSE
included) (g.m?) (g.m?) (%) (g.m?) (%) (g.m?) (%)
Scenario 1: GLCMs 0.709 40.919 17.538 0.723 46.861 38.328 0.785 67.582 20.885 0.795 64.209 35.206
Scenario 2: Band ratio + 0.699 44.005 17.546 0.716 44,794 36.568 0.736 72.944 21.53 0.763 64.953 39.682
Backscatter
Scenario 3: GCLMs + 0.735 39.848 17.286 0.708 44,188 36.753 0.805 67.063 21.371 0.852 59.887 33.287
Backscatter
Scenario 4: GLCMs+ 0.697 44.278 17.796 0.726 44.294 36.719 0.777 68.778 21.774 0.773 65.442 37.773
backscatter+ band ratio
Sentinel-2A RF SVR RF SVR
All scenarios (LAI R? RMSE relRMSE R? RMSE relRMSE R? RMSE relRMSE R? RMSE relRMSE
included) (g-m™) (%) (g.m™) (%) (g.m?) (%) (s.m?) (%)
Scenario 1: Reflectance 0.644 52.856 19.610 0.651 51.071 37.891 0.671 78.961 21.293 0.644 73.267 40.726
bands
Scenario 2: Traditional 0.665 52.865 22.051 0.643 48.890 38.674 0.658 76.079 24.512 0.691 68.911 46.198
Vlis
Scenario 3: RE Vis 0.629 50.352 21.918 0.702 52.937 41.983 0.673 67.798 22.663 0.640 69.775 43.839
Scenario 4: Reflectance 0.753 49.269 20.009 0.652 50.595 40.374 0.749 69.634 21.248 0.768 65.699 38.447

bands traditional Vis +RE
Vls
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To analyse the modelling accuracy, the scatterplots illustrated in Figure 5 (A-D) below were
constructed based on the performance of RF and SVR models to find correlation between the
observed and predicted AGB in relation to the line of best fit in the study area. An estimation from
the RF models showed the best agreement along the 1:1 line compared to the SVR models. The
goodness of fit was measured and found to be 0.735 and 0.726 for the RF and SVR models in
summer, respectively. However, for the winter season the SVR model showed a strong correlation

between the observed and predicted wetland vegetation AGB obtaining a R? = 0.852.
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Figure 5: Seasonal accuracies of observed versus predicted AGB density scatterplots across seasons using the RF and SVR models after 10-fold cross

validation. (A) RF summer model ; (B) SVR summer model; (C) RF winter model; (D) SVR winter model and dotted blue line=1:1 trend line.
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4.3 Spatial patterns in carbon of AGB of wetland vegetation in Tevredenpan

In this study, carbon maps within the selected study area were generated by converting the AGB
maps into carbon using a factor of 0.50. Figure 6 and Figure 7 shows the spatial patterns of the
estimated wetlands and terrestrial carbon stock in the Tevredenpan study area. The spatial
distribution trends of terrestrial and wetland carbon varied across the summer (Figure 6) and winter
(Figure 8) indicating patterns of low to high carbon ranges throughout the study area. In both the
summer and winter carbon maps, the green areas exhibit high carbon content rangesi.e. 190 g C/m"
2DM to 300 g C/m2 stored in the AGB of wetland and terrestrial vegetation. The yellow areas
illustrated moderate carbon stocks that ranged between 160 g C/m2 DM and 190 g C/m followed
by the brown zones which had relatively lower wetland and terrestrial carbon stock below 160 g

C/m DM per pixel compared to the above mentioned green and yellow areas.

Along the seasonal seep wetlands i.e. D-2 moderate ranges of carbon stock between 160 — 180
g C/m2 DM were evident in the summer season in Figure 6, whereas during winter season in Figure
8 the seasonal or temporal seep wetlands (E-2) illustrated lower ranges of carbon <160 g C/m™2DM.
In the south-western part of the study site, a high-density range between 205 to 280 g C/m2 DM of
teal carbon was observed over the Tevredenpan depression in D-1 during summer and similar high
ranges were also evident in the same depression in E-1 during the winter season (Figure 7). The
Tevredenpan is mostly dominated by a dense growth of Phragmites australis species which contains
a floating peat cap. The agricultural fields (D-4) also showed high ranges of carbon ranging from
190 to 220 g C/m2DM in summer. However, the amount of carbon in the AGB gradually decreased
and the range was <160 g C/m2 DM) over the agricultural fields (E-4) during the winter season.
Moreover, the channelled valley-bottom wetland in the northern eastern part of the study area
showed high range of teal carbon values in both the summer (Figure 6, D-3) and winter season
(Figure 8, E-3). The Phragmites australis and Typha capensis species prevail along these channels i.e.

D-1 and E-3.
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Figure 6: Spatial distribution of estimated teal carbon across the summer season of 2017 in

Tevredenpan study area.
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Figure 7: Spatial pattern of the predicted wetland teal carbon across the winter season of 2017 in

the Tevredenpan study area

4.4 Seasonal variations in estimated carbon stocks in the Tevredenpan study area

In Figure 8 and Table 11, the predicted teal carbon of wetlands between the seasons, illustrated
highest carbon stock in summer than in the winter season within the study site. The estimated
carbon stock in wetland areas in the Tevredenpan study area ranged from 33.460 g C/m™2 DM to
109.100 g C/m™% DM, with a standard deviation (SD) of 20.066 g C/m2 DM for the summer season
(Figure 8, Table 11). For the winter season, teal carbon stock in the study area varied from 38.630 g
C/m2 DM to 98.539 g C/m™ DM, with a SD of 20.672 g C/m2 DM (Figure 8, Table 11). The mean teal

carbon (i.e. wetland grass and sedges) values were significantly high in the summer i.e. 78.288 g
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C/m=2 DM than in the winter season i.e. 58.599 g C/m2 DM. When looking at the green carbon (i.e.
terrestrial grasses), Tevredenpan study area depicted high range of green carbon in the summer
season compared to the winter season in Figure 8 and Table 11. These carbon values ranged
between 31.310 g C/m™? DM and 112.650 g C/m2 DM in summer with a mean of 76.767 g C/m2 DM
and SD of 21.490 g C/m2 DM. However, in the winter season the range of green carbon was between
39.596 g C/m? DM to 96.611 g C/m2 DM with a mean and SD of 57.250 g C/m™ DM and 18.602 g

C/m2 DM, respectively.

Although the green carbon was slightly greateri.e. 112.650 g C/m=than the teal carbon (109.100
g C/m? DM) in summer (Figure 8), mean values in Table 11 between the teal carbon and green
carbon showed no significant difference (<2% difference, p > 0.05) in summer. Similar pattern of
results was evident in winter between the mean carbon values of terrestrial and wetland indicating
no significant difference for this season (<1% difference, p > 0.05) (Table 11). However, wetlands
contained a marginal higher carbon content of 98.539 g C/m2 DM than terrestrial i.e. 96.611 g C/m"
2 DM for this season (Figure 8). High coefficient of variation (COV %) of carbon stock in the terrestrial
area (27.994%) reflects a substantial spatial variability, showing the heterogeneity of the carbon in
the study area when compared to the teal carbon (COV = 25.630%) in summer (Table 11). Contrary,
in the winter season high COV in wetland teal carbon (35.278%) illustrated the high degree of
variation to the mean in carbon stock while lower variability was observed in the estimated green

carbon (32.494%) (Table 11).

Table 11: Descriptive statistical table with variations in predicted carbon maps across summer and
winter season in Tevredenpan study site. COV= co-efficient of variation, SD= standard deviation,

N= total number of random points per season, min =minimum, and max= maximum.

Season HGM Type N Min Mean (g C/m2) Max SD cov p-value
Summer Wetland 175 33.460 78.288 109.100 20.066 25.630 0.4941
Terrestrial 175 31.310 76.767 112.650 21.490 27.994
Winter Wetland 175 38.630 58.599 98.539 20.672 35.278 0.5236

Terrestrial 175 39.596 57.250 96.611 18.602 32.494




75

Type - Terrestrial E Wetland

100 1

75+

Carbon stock (g C/m-2 DM)

504

summer winter
Season

Figure 8: Seasonal variations in the predicted teal carbon for Tevredenpan study area across the

summer and winter seasons for the year 2017.

The means in groups (Group one: summer-winter) illustrated higher mean of carbon stocks
(77.527 g C/m=2) in summer when compared to the means in groups for the winter season (57.918
g C/m=2). Thus, significant statistical difference (p < 0.05) between the summer and winter season
was observed when looking at the mean in groups of the estimated carbon of both terrestrial and

wetland across the seasons in Group one (Table 12).

Table 12: Statistical differences in mean in groups across the seasons for the year 2017 in the

Tevredanpan.
Differences in groups Means in groups (g C/m™3) p-value < 0.05
One: Summer - Winter Summer: 77.527 Yes

Winter: 57.918
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According to Table 13 the analysis of carbon stock in the vegetation communities found within
the Tevredenpan study area varied between the summer and winter season. The results indicated
that all the wetland vegetation communities of the study area had high mean values of carbon in
the summer season compared to the winter season (Table 13). For example, Juncus effusus a
wetland species contained high carbon content in the AGB with a mean of 86.690 g C/m? DM in
summer and a mean of 70.355 g C/m™? DM in the winter season. Similarly, terrestrial vegetation
community i.e. Eragrostis spp. and Themeda spp. had high mean carbon content of 72.275 g C/m™~
DM in the AGB during the summer season while in winter it was lower 57.148 g C/m2 DM indicating
a statistical significance between the two seasons ( p < 0.05). Therefore, at 95% confidence interval
the carbon stock in the wetland vegetation types illustrated to be significantly different between
the summer and winter in all the nine vegetation communities of the Tevredenpan study site (p <

0.05).

Table 13: Seasonal differences in the estimated carbon between wetland vegetation communities

of the Tevredenpan study area; n represents the number of random points.

. Means in groups (g C/m3) p-value <
Vegetation type .
& P N Location Summer | Winter 0.05
Arundinella nepa/ensis 76 Wetland 74.432 55.662 Yes
Aristida spp. 76 Wetland 75.964 59.203 Yes
Carex spp. 76 Wetland 84.978 60.074 Yes
Eragrostis spp. and 76 Terrestrial 72.275 57.148 Yes
Themeda spp.
Grass-sedge 76 Wetland 79.631 63.079 Yes
communities
Juncus effusus 76 Wetland 86.690 70.355 Yes
Phragmites australis 76 Wetland 75.290 58.904 Yes
Sedge dominant 76 Wetland 72.123 60.128 Yes

Wet-grass community 76 Wetland 74.621 57.523 Yes
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4.5 Conclusion

The study showed the feasibility of integrating satellite dataset and non-parametric algorithms for
seasonal AGB of wetland vegetation estimation. In general, RF outperformed the SVR algorithm for
estimating seasonal AGB of wetland vegetation with lower relRMSE. The variations in the spatial
pattern of the predicted wetland teal carbon between winter and summer season were expected
due to different climate variability. Despite, the overall high values of the predicted carbon stocks
in most vegetation communities of the study area in summer than winter, vegetation abundance
contributed to the observed seasonal variations. The next chapter focus is to provide justification of

the current study findings and link the findings with existing literature.
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CHAPTER 5: DISCUSSION

This study aimed to assess seasonal variations in carbon derived from the AGB of palustrine
wetland vegetation across the summer and winter seasons in the Grassland Biome of Mpumalanga,
South Africa. The study integrated different remote sensing variables derived from the Sentinel-1A
and Sentinel-2A imagery and arranged them into modelling scenarios for predicting wetland AGB
using RF and SVR algorithms. The study showed the seasonal variation of carbon stock and its
distribution across the summer and winter and within the wetland vegetation communities in the
Tevredenpan study area. Machine learning algorithms implemented in this study illustrated a
varying performance of important input variables selected, with the RF algorithm yielding a better
performance for predicting AGB. Assessing seasonal variations using Sentinel-1 and Sentinel-2
seasonal datasets and their derivatives could help to know how wetland vegetation influences CS

and how it varies between seasons.

5.1 Selection of important variables for estimating wetland herbaceous AGB

The results of important variable selection in Sentinel-1 variables showed that VH polarisation
was a more prominent predictor variable than VV polarisation (Table 8). The importance of VH in
mapping and estimated AGB are consistent in previous studies ( Sinha et al., 2015; Castillo et al.,
2017; Crabbe et al., 2019). Castillo et al. (2017) demonstrated that the cross-polarisation (VH) was
more efficient in estimating the AGB of mangroves than that of the VV co-polarisation. In a grassland
environment, Crabbe et al. (2019) observed that VH backscatter yielded better estimates of pasture
AGB (R? = 0.71) than VV co-polarisation band. These observations may be due to the fact that VH
backscatter results from volumetric scattering, which is more evident in vegetation which displays
volumetric architecture (e.g., grasses) than in co-polarised backscatter which is often affected by
surface roughness (Laurin et al., 2018). This study found that GLCMs textures of VH, particularly the
vhMEAN and VhVariance were important predictor variables for modelling AGB of wetland

vegetation within the grasslands. Selection of important textural features for biomass estimation



79

however may differ based on the window size utilised, spectral wavelengths, and different

vegetation types.

In line with the finding of this study, the importance of SAR-based GLCMs texture variables as
important predictor variables for estimating AGB is also evident in previous studies though they
estimated AGB in forested environments (Zhao et al., 2016; Argamosa et al., 2018; Chen et al., 2018).
For example, Argamosa et al. (2018) demonstrated that VH textures (Variance and contrast)
calculated from 9 x 9 window size were selected as important predictors for mangrove AGB
estimation, significantly improving model performance (R?> = 0.79). Application of SAR textural
features in retrieving AGB of wetland and grassland vegetation is poorly documented in the
literature. However, some studies applied SAR textures in the classification of wetland vegetation,
the results demonstrated improved classification of wetland vegetation between summer (9% to
22%) and winter (up to 15%) (Rajngewerc et al., 2022) and also that of heterogeneous wetland
terrains (Mishra et al., 2019). Therefore, C-Band Sentinel-1 data GLCMs textures are significant
variables for wetland AGB estimation due to their ability to provide and characterise vegetation

structure required for precise AGB models.

Analysis of important predictor variables for Sentinel-2 derived variables in this study showed
that bands centred around the 704- 782 nm (RE), 665nm (red), 833 nm (NIR), and 559 nm (green)
spectral regions were selected as necessary for predicting biomass, particularly during the summer
season. The selected bands in this study B4, B3, B6, B5, B7 and B8 (Table 9) fall within the
wavelengths of EMS regions that have previously been found to strongly link or relate to the biomass
of wetland and grassland vegetation by numerous studies (Mutanga et al., 2012; Ramoelo et al.,
2015; Sibanda et al., 2015; Li et al., 2021). Interestingly both the RF and SVR importance variable
selection demonstrated that the SWIR band (2202 nm) was the most critical spectral band compared
to other bands in winter. These findings are supported by Ramoelo and Cho (2014), who state that
the SWIR region is a significant wavelength for estimating biomass in the dry or winter season
because the vegetation is photosynthetically inactive and dead. Similar findings were presented by

Xu et al. (2014), who found a correlation between the Normalized Difference Water Index (NDWI)
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derived from the SWIR and dead vegetation cover. The use of SWIR band (B12) as a prominent input
variable for modelling winter AGB in this study thus further confirms the significant influence of the

SWIR region in AGB modelling, particularly in the dry season.

ViIs reduces the soil background and environment noise effect and overcome the saturation
problem when estimating biomass (Mutanga and Skidmore, 2004; Adam et al., 2014). In this study,
traditional VIs (GNDVI, NDVI, SR) and RE VIs (NDVIre5, SRre5) were among the important selected
spectral indices for estimating the AGB of wetland vegetation across the summer and winter seasons
(Table 9). Previous studies have proved that the VIs calculated from the NIR, red, and red-edge
bands significantly yield greater accuracies for estimation of wetland and grassland AGB (Ramoelo
et al., 2015; Sibanda et al., 2016; Naidoo et al., 2019; Li et al., 2021). LAl illustrated to be the most
important variable amongst Sentinel-1A and Sentinel-2A predictor variables in all the investigated
seasons. Earlier studies have also documented the significance of LAl in modelling the AGB (Van
Wijk and Williams, 2005; Fan et al., 2009; Masemola et al., 2016; Naidoo et al., 2019). The LAl is a
good indicator of vegetation status and a strong proxy of biomass because it greatly influences the
spectral reflectance of vegetation canopies and therefore has a crucial role in vegetation ecosystem
processes (Darvishzadeh et al., 2008). Thus, LAl is a good indicator of growth and productivity in the

vegetation of grasslands and wetlands and has improved the estimation of AGB for this study.

5.2 Performance of Sentinel-1 and Sentinel-2 AGB modelling scenarios across summer and

winter

For this study, the accuracy of Sentinel-1 and Sentinel-2 seasonal modelling scenarios (Table 10)
revealed that a combination of SAR GLCMs texture variables and backscatter performed better in
predicting summer wetland AGB (R? = 0.735, RMSE = 39.848 g-m™ and relRMSE = 17.286%) than a
combination of reflectance bands, Vls and RE bands (R?>=0.753, RMSE= 49.268 g:-m and relRMSE =
20.009%). SAR-derived scenarios obtained higher accuracies across the winter regardless of the
incorporation of GLCMs only (R? = 0.785, 67.582 g-m™, 20.885%) compared to the combination of
reflectance bands, Vls and RE bands of optical data (R?=0.749, RMSE = 69.634 g-m2 and relRMSE =

21.248%). These results suggest that the SAR C-band variable had a stronger correlation with the
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herbaceous AGB of palustrine in our study compared to modelling scenarios of the optical sensor.
The findings of this study are in contrast to the results obtained by earlier studies (Naidoo et al.,
2019; Nuthammachot et al., 2020). Nuthammachot et al. (2020) found that Sentinel-1 variables
obtained lower accuracy (R? = 0.34) compared to Sentinel-2 variables (R? = 0.82) in a forest
environment. However, studies documented that SAR C-band is saturated in high biomass areas
such as forests and could attain lower AGB accuracies (Imhoff et al., 1995; Huang et al., 2018). As
such C-band is more suitable for monitoring low herbaceous vegetation (Ghasemi et al., 2011), as

in the case of this study.

Consistently with the successful application of SAR in retrieving wetland AGB in grasslands for
the present study, studies of Wang et al. (2019) and Crabbe et al. (2019) have also demonstrated
the suitability of using Sentinel-1 datasets in estimating AGB in grasslands. Furthermore, previous
comparative studies that found Sentinel-1 to perform better than Sentinel-2 stated that the
inclusion of SAR GLCMs textural information improved the modelling of AGB (Chen et al., 2018;
Navarro et al., 2019). However, some studies found that the optical derived models performed
better than SAR modelling data for modelling AGB (Zhao et al., 2016; Forkuor et al., 2020). Fourker
et al. (2020) reckoned that the poor performance of Sentinel-1 to Sentinel-2 in their study could be
influenced by the exclusion of textural features. Consequently, the performance of remote sensing
sensors in estimating AGB vary with different regional factors such as climate, vegetation types, and

landscape.

The high penetration capability of SAR as a result of enhanced backscatter or double bounce
scattering between water, emergent, and flooded vegetation in wetlands allows for extensive
information extraction of the structural parameters of plants not contained within the spectral
signature of vegetation to improve biomass estimation (Dabboor and Brisco, 2019). This supports
the better performance of SAR-derived modelling scenarios for estimating AGB of palustrine
wetlands compared to the performance of optical modelling scenarios in this study. Integrating SAR
texture variables and SAR backscatter in models retrieves crucial structural information, decreases

the influence of environmental background to some extent, and subsequently improves the
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capability of the models for measuring the AGB of palustrine wetlands. However, the potential to
track the seasonal dynamics of grassland and wetland vegetation with Sentinel-1 and Sentinel-2
derived variables is not fully known. Our results also demonstrated that the Sentinel-1 backscatter
data (under all-weather conditions) and Sentinel-2 data can track the seasonality of carbon changes

in the AGB of wetland vegetation in grasslands.

5.3 Machine learning algorithms in modelling seasonal AGB of wetland vegetation

Comparative analysis between the machine learning algorithms in this study showed that the RF
model performed better (relRMSE = 17.286%) than the SVR machine learning algorithm (relRMSE =
36.719%) (Table 10). RF modelling approach is very robust, has variable importance selection,
minimises overfitting, multi-collinearity, and has been implemented independently of the data
distribution (Mutanga et al. 2012). The lower accuracies with the SVR may be associated with the
absence of a basic method to optimise and tune the model hyperparameters (Cherkassky and Ma
2004; Siegmann and Jarmer, 2015; Wan et al., 2018). The findings of Chen et al. (2018) however
posited that SVR performed better than RF and ANN in forest AGB estimation which contradicts the
findings of this study. Comparative analysis in some previous studies discovered that the there was

no significant difference between the SVR and RF machine learning algorithms (Adam et al., 2014).

The improved performance of results in RF in this study agrees with previous studies in wetland
AGB estimation ( Wan et al., 2018; Naidoo et al., 2019) and in forest biomass retrieval (Chen et al.,
2019). Wan et al. (2018) indicated that the RF was the best-performing machine learning algorithm
with an RMSE of 250 g m ~2 than SVR (RMSE = 270 g m ~2) for modelling the AGB of a wetland.
Naidoo et al. (2019) successfully demonstrated the robustness of the RF algorithm in estimating
palustrine wetland herbaceous AGB. However, the previous studies of Wan et al. (2018) and Naidoo
et al. (2019) did not apply or assess the performance of these machine learning algorithms at
different seasons (i.e. wet and dry seasons). Therefore, the results of this study further revealed
that machine learning algorithms have the capacity to identify non-linear relations between

relevant biophysical parameters and satellite-based predictor variables of different seasons
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5.4 Spatial mapping of seasonal carbon changes from the AGB in palustrine wetland

The predicted carbon maps of terrestrial and wetland vegetation had a range of carbon stock
between 30 g C/m2 DM to 300 g C/m2 DM across the seasons (Figures 6 and 7) . The seasonal seep
wetlands demonstrated moderate ranges of carbon stock (160 — 180 g C/m™2 DM) in the summer
season. In contrast, during the winter season, lower ranges of carbon (<160 g C/m2 DM) were
evident in these wetlands. Salimi et al. (2021) state that during the winter season, monitoring may
yield different results in ephemeral/temporal wetlands, and the dynamics of nutrient cycles and
carbon dynamics from wetlands may vary. The influence or presence of vegetation communities
such as the Phragmites australis and Typha capensis in the Tevredenpan study site resulted in high
spatial patterns of carbon stock along the valley-bottom wetlands and depression in both summer
and winter. Naidoo et al. (2019) also reported that the Tevredenpan study sites illustrated signs of
cattle grazing along the seasonal and temporal valley-bottom and seeps wetlands. However, the
inundation and saturation in seasons prohibit cattle from moving around through certain wetland
types; thus macrophytes like Phragmites australis are less likely to experience grazing. Hence the
high accumulation of carbon in these wetland types. Literature also indicates that these wetland
vegetation types tend to store large quantities of biomass or carbon (Mutanga et al., 2012; Lolu et

al., 2019).

5.5 Seasonal variation in carbon stock between the summer and winter season

The assessment of seasonal variations using the NWMS5 polygons to extract the predicted carbon
stock values from the predicted maps indicated differences between the terrestrial and wetland
carbon. The results illustrated that the green carbon was slightly greater (112.650 g C/m2) than the
teal carbon (109.100 g C/m™2 DM) in summer, and during the winter season, wetlands contained a
marginal higher teal carbon content of 98.539 g C/m™2 DM than green carbon i.e. 96.611 g C/m™
DM. The results indicated slightly higher carbon in terrestrial areas in summer compared to winter,
which could be associated with the impacts of fires in grasslands during the winter. The current

study did not evaluate the impact of fire and Naidoo et al. (2019) indicated that the Tevredanpan

study area did not illustrate any apparent effects of fires. Disturbances from activities such as fires,
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agriculture practices, and cattle ranging affect the composition of vegetation and decreases the
AGB, resulting in low carbon in the above-ground vegetation (Matayaya et al., 2017). Furthermore,
though the grazing pressure component was also not evaluated in this study, in summer the grass
is in abundance, and during the winter plant growth is significantly reduced because vegetation is
photosynthetically inactive (Ramoelo and Cho, 2014); so there is less grass available and the little
grass that is available is heavily grazed, this could affect the process of carbon sequestration by the

AGB vegetation.

The findings of this study indicated that there were no significant differences (p > 0.05) between
terrestrial and wetland carbon in the summer and that for the winter season in this study (Table 11).
Thus, wetlands have great potential for maintaining expected ranges of AGB carbon stock
comparable to terrestrial vegetation. The findings of this study also suggested that overall carbon
differences in seasons were statistically significant (p < 0.05), with means of green and teal carbon
illustrating higher mean of carbon stocks (77.527 g C/m? DM) in summer than mean of teal and
green carbon for the winter season (57.918 g C/m2 DM). These results are consistent and
comparable to previous studies that have also recorded high mean carbon stock values in summer
compared to the winter season (Costa and Henry 2010; Lolu et al., 2019). Lolu et al. (2019) found
that the above ground carbon stock in wetland macrophytes in Hokersar wetland , to have an
average of 244.86 g C/m2 in the summer season and an average of 188.790 g C/m in the winter
season. In contrast, Costa and Henry (2010) documented a carbon range of 114.3 g C/m2 in summer
to 203 g C/m in winter in the lakes of Brazil. Therefore, based on the varying results of this study
as well as of the previous studies, the primary productivity of wetland ecosystems differs due to the
influence of geographic setting or location, climate condition, and the type of vegetation.
Furthermore, at different seasons the natural ecosystems undergo seasonal changes due to their
natural cycles (UN, 2017). Hence the observed significant differences in the results of carbon stocks

between summer and winter.

This study also illustrated that wetland vegetation communities within the Tevredenpan study

area contained significant carbon content in summer compared to the winter (Table 13), indicating
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significant variation between the summer and winter season (p < 0.05). This study further revealed
that the taller, evergreen, and sturdier species (i.e., Juncus effusus) were significant sinks of AGB
carbon storing about 70.355 g C/m™2 DM in winter to 86.690 g C/m™2 DM in summer. These results
have been observed by other studies in the literature (Tang et al., 2011; Gagnon et al., 2012; Means
et al., 2016). The range of carbon stock in the AGB of Juncus effusus in this study however is lower
compared to the findings of Means et al. (2016), who found that the same species in a created
wetland contained 703 g C/m? of above ground carbon. Some earlier studies implied that climatic
conditions during the growing season or wet season may enhance photosynthetic rate in vegetation
species and results in increased AGB in grasslands (Piao et al., 2003; Piao et al., 2008; Zeng et al.,
2019). Hence the high carbon content in the AGB vegetation of wetland during summer in this study.
Due to vegetation dying out and being photosynthetically inactive in winter, this could explain the
low mean carbon stocks observed during winter compared to the summer in our study. Therefore,
the carbon content and balance of wetlands is likely to fluctuate significantly because of factors such
as climate and land-use practices that alter water-table dynamics, temperatures, and vegetation
communities. Furthermore, the addition of BGB however, which was not quantified in this study
would have likely displayed a more complete view on the overall biomass stored in all the palustrine
wetland vegetation species. Assessment of seasonal carbon changes in various natural ecosystems
is therefore a crucial factor for the development of sustainable climate change strategies, protection

of wetlands and better understanding of CS.
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CHAPTER 6: CONCLUSION

This chapter provides a summary of the current study key findings and shows the importance of
remote sensing techniques in temporal monitoring of palustrine wetland ecosystems at regional
scales in arid and semi-arid areas. The chapter provides the limitations of the current study and
further proposes recommendations in order to improve on the seasonal monitoring of AGB of
wetland vegetation. The recommendations and key findings stipulated in this chapter could help in
understanding the role of wetland particularly vegetated wetland in the changing climate to

facilitate conservation and monitoring of these ecosystems.

6.1 General summary and conclusion

Wetland ecosystems are essential for providing ecosystem services related to global climate
change (Were et al.,, 2019). However, intensive water extraction for agriculture, deforestation,
industrial expansion, reservoir construction, increasing sea levels and altered climate patterns are
threats to wetlands. (Schmitt and Brisco, 2013; Salimi et al., 2021). Furthermore, the impacts of
anthropogenic pressures and global climatic changes are projected to result in changes in the
functioning and integrity of most ecosystems. Biomass of wetland vegetation is a significant
component of wetland vegetation that plays a crucial role in CS. Due to the dynamic nature of
wetlands, assessment of temporal changes and estimating carbon stock in the AGB can aid in
conserving grasslands and wetlands and notably help to understand the carbon changes in wetland
vegetation leading to more accurate future predictions of global climate change. This study aimed
to use seasonal derived AGB of palustrine herbaceous vegetation to determine the differences in
teal carbon, using active and passive remote sensing data across the summer and winter seasons.
The current study investigated three objectives to address specific research questions. The
objectives of the study were to : (i) Derive and test different season-specific modelling scenarios
from Sentinel-1 and Sentinel-2 imagery to assess the optimal model for estimating AGB of palustrine
wetland vegetation for the summer and winter seasons, (ii) Assess the performance of RF and SVR

algorithms in predicting seasonal AGB of palustrine wetland vegetation, (iii) Map the spatial



87

distribution of wetland vegetation carbon stock for the summer and winter seasons and, (iv) Assess
the seasonal variations and if there is a statistical difference in teal carbon derived from wetland

herbaceous AGB in the summer and winter seasons for the year 2017.

To address and answer the current study research questions and objectives, this study integrated
machine learning techniques, i.e. RF and SVR, with different combinations of predictor variables
from Sentinel-1A GRD and Sentinel-2A MSI imagery, to assess and map seasonal variations in teal
carbon derived from the herbaceous AGB of palustrine wetland. The study was carried out in the
Tevredenpan study area in the Grassland biome of the Mpumalanga province, South Africa. The
results of the investigated objectives of the study showed that palustrine wetland vegetation plays
a significant role in storing carbon in the AGB. However, the amount of carbon stored in the above-
ground wetland vegetation significantly differs between seasons and across wetland vegetation
communities. This study highlighted that summer had significantly high values of carbon stored in
the AGB of wetland vegetation. Furthermore, inclusion of the dry season in AGB monitoring studies
could provide a substantial understanding of the seasonal functioning of the AGB of wetland and

grassland vegetation and its role in CS at a regional scale.

The predicted carbon maps illustrated significant differences in the spatial distribution of green
and teal carbon across the summer and winter seasons. These seasonal differences could be linked
to the grassland vegetation communities' sensitivity to seasonality and land utilisation for
agriculture, grazing, mining, and grass fires. This study further illustrated the importance of a hybrid
methodological approach for enhancing the estimation, mapping and monitoring of AGB of wetland
vegetation. Incorporating texture measurements derived from SAR improved the estimation of
wetland AGB in this study. Sentinel-1 SAR C-band performed better in estimating herbaceous AGB
of palustrine wetlands than Sentinel-2 due to the volumetric information from the VH polarisation
and capability of penetrating through vegetation canopy structures. Furthermore, the results
revealed that the RF regression machine algorithm offers better modelling performance compared
to the SVR algorithm in prediction models and therefore is potentially a good contender for seasonal

teal AGB estimates. Therefore, the results of the current study have imperative contributions for
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the long-term monitoring of wetlands functioning in arid and semi-arid regions in response to

climate change

6.2 Limitations of the study

Despite the satisfactory modelling accuracies achieved in this study, the number of samples
collected could have influenced the accuracy of the predictive models. According to Korhonen et al.
(2017) and Morais et al. (2021) one of the general problems that affects the accuracy of predictive
biomass models is the limited number of field-collected sample points that are used for model
validation and calibration. Furthermore, the integration of LAl raster layers which were derived
using the stepwise multiple linear regression into the models for mapping AGB could have
influenced the mapping of wetland and terrestrial carbon spatial distribution across the studied
seasons. These algorithms are associated with model overfitting and yield lower accuracies when
the sample size is small (Chen et al., 2009). Furthermore, empirical models are seldom transferrable.
For example, there is minimal to no chance for these models to effectively work elsewhere or be in

a different site — without additional field measurements from that particular site.

6.3 Recommendations for future research

The RF algorithm yielded better results compared to the SVR model and was able to identify non-
linear relations between AGB and predictor variables of different seasons in this study. However,
the current study recommends that these seasonal models should be tested in a different location
and environment to further validate the model transferability of machine learning techniques as
well as their prediction accuracy. The current study only tested a single window (9 x 9) when
extracting the SAR GLCM features and this may have influenced the accuracy of the results in the
AGB models. Larger window size may omit significant information while smaller window size may
result to pixel noise (Sarker and Nichol, 2011; Kelsey and Neff, 2014). Thus, current study
recommends that future studies should use or test multiple moving window sizes for calculating the
GLCMs feature in order to determine if there are significant improvements in seasonal AGB

accuracies. Future studies should explore the combination of RTMs and ensemble algorithms for
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mapping LAI at different seasons to improve the accuracy of LAl maps to be integrated in biomass
mapping. Potential future work should also evaluate other approaches for tuning hyper-parameters
of machine learning algorithms especially in SVR models to improve prediction accuracy. Further
investigation on the influence of vegetation heterogeneity in the canopy (Dang et al., 2019; Li et al.,
2019) particularly in smaller wetlands needs to be considered for estimating the AGB of wetland
vegetation in grasslands. Although individual sensors had good performance in this study, the
synergy of multiple remote sensing data or the combination of predictor variables for different
seasons from both optical and radar should also be explored in future work to determine if there
are significant improvements in the differences of seasonal above ground carbon stock of palustrine

wetland vegetation.
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Table A1: Modelling accuracies for estimation of the LAl as an additional parameter in modelling

AGB of palustrine wetland vegetation.

Modelling scenarios Summer Winter
(down) and Season
(across)

R? RMSE (m?.m" | relRMSE % R2 | RMSE relRMSE

) (m>m?) | (%)

Scenario 1: Spectral 0.611 1.509 23.024 | 0.740 1.237 26.892
bands only
Scenario 2: VIs only 0.422 1.674 28.454 | 0.764 1.253 23.904
Scenario 3: Bands + Vls 0.611 1.687 21.339 | 0.770 1.272 19.581
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