Leveraging Remotely Sensed Data and Machine Learning for Quantifying Soil

Organic Carbon Stocks in Woody-Encroached Areas of Bisley Nature Reserve

By

Sfundo Mthiyane

218030355

Submitted in the fulfilment of the academic requirements for the degree of

Master of Science in Environmental Sciences, in the College of Agriculture,

Engineering, and Science, University of KwaZulu-Natal

Pietermaritzburg, South Africa

November 2024



Abstract

Woody encroachment has emerged as a significant driver of land cover change in grasslands,
with profound effects on Soil Organic Carbon (SOC). SOC is an important indicator of soil
fertility, and thus crucial for grassland productivity. Previously, woody encroachment has been
reported as a primary source of SOC alteration in grasslands. However, there are still debates
and uncertainties on whether this phenomenon amplifies or reduces SOC sequestration.
Therefore, it is necessary to further evaluate SOC accumulation in grasslands affected by
proliferation of woody plants. Remote sensing offers freely available and cost-effective data
with improved spatial and spectral resolution to quantify SOC. In this regard, the current study
aimed to evaluate the role of remote sensing in quantifying the spatial variability of SOC across
a woody encroached Bisley Nature Reserve. The first objective focused on quantifying the
spatial variability of SOC stocks in both pristine and woody-encroached grasslands using
PlanetScope spectral bands and vegetation indices. At a depth of 0-30 cm, the study found that
landscapes dominated by woody encroachment exhibited higher SOC values compared to
pristine grasslands. Using Deep Neural Networks, a combination of PlanetScope spectral bands
and vegetation indices model achieved acceptable accuracy (R? = 0.64) for quantifying SOC
stocks at this depth. Interestingly, NDVI was the most important variable for estimating SOC
within woody encroached grassland. However, to fully understand the dynamics of SOC
accumulation and its vertical distribution across different soil depths, it was necessary to
expand the analysis. Hence the second objective extended the investigation by utilizing a
Random Forest algorithm and integrating additional remotely sensed data to model SOC stocks
at multiple soil depths (0-30 cm, 30-60 cm, and 60-100 cm). This approach provided a more
comprehensive view of SOC variability, revealing a higher concentration of SOC in the top 30
cm compared to deeper layers. By incorporating topographic variables, Synthetic Aperture
Radar (SAR), Sentinel-2, and PlanetScope data, the model produced higher accuracy for deeper
soil layers, with R? values of 0.76 at 60 cm and 0.79 at 100 cm. SAR data enhanced the model
by offering insights into subsurface conditions. These findings underscore the necessity of
investigating SOC at different depths to fully capture its spatial distribution and highlight the
potential of remote sensing and machine learning to improve SOC mapping accuracy across

woody-encroached grasslands.
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Abstract

Woody encroachment has emerged as a significant driver of land cover change in grasslands,
with profound effects on Soil Organic Carbon (SOC). SOC is an important indicator of soil
fertility, and thus crucial for grassland productivity. Previously, woody encroachment has been
reported as a primary source of SOC alteration in grasslands. However, there are still debates
and uncertainties on whether this phenomenon amplifies or reduces SOC sequestration.
Therefore, it is necessary to further evaluate SOC accumulation in grasslands affected by
proliferation of woody plants. Remote sensing offers freely available and cost-effective data
with improved spatial and spectral resolution to quantify SOC. In this regard, the current study
sought to evaluate the role of remote sensing in quantifying the spatial variability of SOC across
a woody encroached Bisley Nature Reserve. The first objective focused on quantifying the
spatial variability of SOC stocks in both pristine and woody-encroached grasslands using
PlanetScope spectral bands and vegetation indices. At a depth of 0-30 cm, the study found that
landscapes dominated by woody encroachment exhibited higher SOC values compared to
pristine grasslands. Using Deep Neural Networks, a combination of PlanetScope spectral bands
and vegetation indices model achieved acceptable accuracy (R? = 0.64) for quantifying SOC
stocks at this depth. Interestingly, NDVI was the most important variable for estimating SOC
within woody encroached grassland. However, to fully understand the dynamics of SOC
accumulation and its vertical distribution across different soil depths, it was necessary to
expand the analysis. Hence the second objective extended the investigation by utilizing a
Random Forest algorithm and integrating additional remotely sensed data to model SOC stocks
at multiple soil depths (0-30 cm, 30-60 cm, and 60-100 cm). This approach provided a more
comprehensive view of SOC variability, revealing a higher concentration of SOC in the top 30
cm compared to deeper layers. By incorporating topographic variables, Synthetic Aperture
Radar (SAR), Sentinel-2, and PlanetScope data, the model produced higher accuracy for deeper
soil layers, with R? values of 0.76 at 60 cm and 0.79 at 100 cm. SAR data enhanced the model
by offering insights into subsurface conditions. These findings underscore the necessity of
investigating SOC at different depths to fully capture its spatial distribution and highlight the
potential of remotely sensed data and machine learning to improve SOC mapping accuracy

across woody-encroached grasslands.

Keywords: Soil Organic Carbon (SOC); PlanetScope; Woody Encroachment; Grassland;
Machine Learning



Chapter One: General Introduction

1.1 Introduction

Soils are major reservoirs of terrestrial organic carbon, sequestrating approximately 1500 Pg
of global Soil Organic Carbon (SOC), equivalent to the sum total of the biotic pool of 600 Pg
and atmospheric pool of 750 Pg (McGrath & Zhang, 2003). Hence, a small alteration in SOC
pool can potentially influence the atmospheric carbon pool and thus contribute to climate
change and global warming (Lamichhane et al., 2019; Odebiri, Mutanga, & Odindi, 2022).
SOC stocks are largely stored in numerous terrestrial ecosystems around the globe, including
grasslands. Grassland soils are linked with high SOC sequestration triggered by high above
and below ground litter rate and decomposition (Jackson et al., 2007). SOC is a key indicator
of grassland fertility and quality, mitigating greenhouse gas emissions and promoting plant
productivity (Gerke, 2022a). Relatively, alteration of SOC is classified as soil degradation and
can have severe implications to grassland productivity. In grasslands, woody encroachment is
a documented major land-cover change that affect SOC distribution, particularly in tropic and
subtropical regions (Liu et al., 2011; O. W. Van Auken, 2009). In South Africa, woody
encroachment is prominent and affects approximately 10-20 million hectares of the terrestrial
ecosystems, about 70% being grasslands (Venter et al., 2021). Given the extent of woody
encroachment into South African grasslands, particularly within protected areas, there is
growing interest in understanding how this phenomenon can influence climate systems and

regional biogeochemical cycles through its impact on SOC stocks.

The dominance of woody encroachment has significantly contributed to the degradation of
grasslands, thus altering SOC distribution. Previous studies have discovered that woody
proliferation in grasslands often alters SOC stocks, however, there is no consensus regarding
whether woody encroachment amplify or reduce SOC concentration (Jackson et al., 2007;
Jackson et al., 2002; Li et al., 2016). Interestingly, according to Li et al. (2016),landscapes
dominated by woody encroachment tend to exhibit high SOC values compared to those
dominated by pristine grasses. In contrast, Qiu et al. (2012) and Coetsee et al. (2013)
established that areas exposed to woody encroachment are subjected to low SOC distribution
compared to undisturbed grasses. These inconsistencies clearly indicate a significant regional
variation in the influence of woody proliferation on SOC stocks (Li et al., 2016). Hence, the
extent at which woody encroachment affect SOC largely remains unclear. Although it is widely

believed that SOC is more concentrated at a depth of 30 cm, Lorenz and Lal (2005) notes that



there is a chance for improved sequestration of SOC in deeper soil depths within woody
encroached landscapes. Information on the dynamics of SOC accumulation in deeper soil
horizons is therefore necessary for better contextualization of the influence of woody

proliferation to grassland SOC.

As aforementioned, grasslands are one of the largest sequesters of SOC. Also, SOC is crucial
for grassland productivity and climate change mitigation (Odebiri, Mutanga, & Odindi, 2022).
Changes to SOC accumulation in grasslands can potentially affect carbon storage and
productivity. Due to the inconstancies in past literature regarding the extent at which woody
encroachment influence SOC, there is a need for comprehensive evaluation of SOC after
proliferation of woody plants. This information is crucial for accurate monitoring of SOC in
grasslands affected by woody encroachment. SOC records in grasslands are vital for tracking
vegetation productivity at an ecosystem level. Previously, studies evaluating SOC distribution
in deeper soils of woody encroached grasslands have largely utilized traditional methods that
include direct field measurements and wet soil analysis (Angelopoulou et al., 2019; Li et al.,
2016; Mureva et al., 2018). Unfortunately, traditional methods are costly, labour-intensive,
time-consuming and difficult to execute over large heterogeneous spatial extents. Therefore,
cost-efficient and reliable methods are needed for improved SOC monitoring. Remote sensing
is well established as a reproducible, rapid, efficient, and environmentally friendly means of
quantifying SOC within grasslands affected by woody encroachment (Odebiri et al., 2020;
Zhou et al., 2020). Due to cutting-edge spectral information associated with remotely sensed
data, there is potential for an improved quantification of SOC in grasslands affected by woody
proliferation (Bhunia et al., 2019; Odebiri, Mutanga, & Odindi, 2022). The improved spatial
resolution of these satellites minimizes challenges that are linked with mixed pixels, soil-
background interference, and shadow casting, all of which can potentially affect the accuracy
of SOC mapping in complex heterogeneous grasslands. Additionally, widely accessible
medium-resolution sensors, such as PlanetScope, with their finer spectral and spatial

resolutions, have a potential to estimate SOC in grasslands (Koparan, 2019).



PlanetScope is a high spatial resolution multispectral sensor with advanced sensing capabilities
that have not been fully explored for assessing SOC stocks accumulation within woody
encroached grasslands (Andreatta et al., 2022). The sensor is characterized by eight spectral
bands, including red-edge region of the electromagnetic spectrum. The region is highly
sensitive to vegetation biomass which in turn inform the distribution of SOC (Li et al., 2020;
Matiza et al., 2024). Additionally, PlanetScope acquires spectral data at a high (3m) spatial
resolution that is critical for quantifying SOC stocks at an ecosystem level. Spectral vegetation
indices derived from PlanetScope data promise to improve SOC modelling (Koparan, 2019;
Tan et al., 2023). However, the rich information of the sensor has not been fully explored when
estimating SOC accumulation across woody encroached grasslands. Furthermore, the
evaluation of SOC accumulation at deeper soil depths is necessary for improved understanding
of the implication of woody encroachment in grasslands. Consequently, the aforementioned
mentioned characteristics of PlanetScope imagery present an opportunity for further evaluation
of SOC assimilation at deeper soil horizons of a woody encroached grasslands. Therefore, the
current study aims at evaluating remote sensing applications for quantifying the spatial

variability of SOC across a woody encroached Bisley Nature Reserve.

1.2 Aims and Objectives

The overall aim of the research was to apply remote sensing techniques to quantify the spatial

distribution of SOC stocks across a woody-encroached grassland.
The following specific objectives were set:

e To quantify the spatial variability of SOC across a pristine and woody encroached
grassland using PlanetScope image data.

e To estimate soil organic carbon (SOC) at multiple depths (30 cm, 60 cm, and 100 cm)
in woody-encroached grasslands by integrating Sentinel-1 (S1), Sentinel-2 (S2),
PlanetScope (PS) satellite imagery, and topographic variable.

1.3 Significance of the Study

In grasslands, SOC is essential for stabilizing the structure of the soil, improving water holding
capacity, and a paramount indicator of soil fertility. Interestingly, soils with elevated SOC
amounts are associated with high nutrient enrichment and improved vegetation productivity.

Therefore, any alternation of SOC accumulation in grasslands could potentially affect the soil
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nutrient enrichment, thus affecting productivity. Woody encroachment is a well-documented
phenomenon affecting grassland vegetation. Notably, grasslands are degrading due to
proliferation of woody plants. Due to the debates that exist in the literature about the
implications of woody encroachment on SOC, there is a necessity for further assessment of
SOC after woody invasion. Also, employing remote sensing and machine learning techniques
can immensely improve our knowledge and understanding of SOC distribution in woody
encroached grasslands. Additionally, improved capabilities of remote sensing technology
promise to yield accurate and trustworthy results explaining SOC stocks distribution in
grasslands affected by woody invasion. This study will enhance our understanding on SOC
accumulation at deeper soil depths of a woody encroached grassland. It will provide critical
information about SOC distribution after woody encroachment, that can be utilized by
environmental managers to make informed decisions on the conservation of Bisley Nature

Reserve.

1.4 Description of Study Site
The study was conducted at Bisley Valley Nature Reserve (29° 39' 53" S; 30° 23' 32" E),

approximately 7.8 km Southwest of Pietermaritzburg Central Business District (Figure 1.1).
The reserve is approximately 3.5 km? and is covered by the Ngongoni Veld and Hinterland
Thornveld of the sub-escarpment savanna bioregion in KwaZulu-Natal (Kraai et al., 2023). The
nature reserve experiences an average annual precipitation of 694 mm, and hot summers and
mild winters with an average temperature of 26 °C and17 °C, respectively. The flora in the
reserve includes Vachellia nilotica and Vachellia sieberiana trees, along with common grasses
such as Eragrostus curvula and Panicum maximum (Ward et al., 2017). The nature reserve has
wildlife that includes zebra, giraffe, impala, and various bird species. The area’s terrain is
characterized by uneven topography with altitude ascending from 700 m to 830 m above sea
level and predominated by the dolerite rock type with some shale outcrops, especially in the
low-lying areas. The study area is characterized by a variety of soil types, namely Mispah,
Dundee, Glenrosa, Clovely, and Avalon (Jaganyi, 1998). Among these, Mispah soils
predominate, covering most of the landscape. Mispah soils are typically shallow and rocky,
often forming over hard rock or partially weathered material, which limits their effective depth
(Otto, 2019). This shallow depth contributes to low organic matter content, as the restricted
rooting zone constrains the accumulation and retention of organic residues (Rossouw, 2016;
Van Huyssteen et al., 2021). Furthermore, these soils exhibit moderate vulnerability to erosion,

particularly under improper land management or when protective vegetation cover is reduced
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(Biihmann et al., 2006). In contrast, the Dundee, Glenrosa, Clovely, and Avalon soils, although
present, are less extensive. They vary in their mineral composition, texture, and organic matter
content, potentially creating small-scale heterogeneity across the landscape (Gaston et al.,
1996; Moberly & Meyer, 1984). For instance, Glenrosa and Clovely soils often exhibit slightly
higher organic content and better drainage characteristics than Mispah soils, while Avalon soils
tend to be deeper and can support more robust vegetation under favourable conditions
(Zablotowicz et al., 2000). However, due to the prevalence of Mispah soils, the overall capacity
of the area to store and maintain soil organic carbon is limited, making soil organic carbon an
important indicator of land degradation or improvement in local land management. In the past
10 years, no formal management practices have been applied in the nature reserve to maintain
the grass dominance. The negligence of the reserve has favoured the dominance of woody
vegetation which has significantly altered the soil’s physical and chemical characteristics,
including SOC stock distribution. However, in the recent past, several control practices have
been adopted to minimize the dominance of woody vegetation in the reserve. Hence, whereas
most landscapes are dominated by woody vegetation, there are several pristine grassland

patches across the reserve.



Figure 1.1: Location of Bisley Nature Reserve in KwaZulu Natal Province of South Africa.

1.4 Structure of the Thesis

The dissertation includes four chapters. In chapter One a background, that outlines the aim,
main objectives, research questions, hypothesis and the significance of this research, is
outlined. Chapter Two is based on quantifying the spatial variability of Soil Organic Carbon
(SOC) across a woody encroached Bisley Nature Reserve using PlanetScope data. The study
highlights the robustness of remote sensing techniques in quantifying SOC variability within
woody encroached grasslands. The chapter compares SOC stocks variability between woody
encroached and pristine grassland patches within Bisley Nature Reserve. Chapter Three
focuses on evaluating the spatial distribution of SOC at different soil depths of woody
encroached grassland by integrating SAR, Sentinel 2 and PlanetScope data. Chapter Four is a
synthesis of the whole thesis that highlights important issues addressed by study, literature

gaps, findings of the research, closing remarks, and recommendations for future research.



Chapter Two: Quantifying the influence of woody encroachment on soil
organic carbon across Bisley Nature Reserve using PlanetScope data

This chapter is based on:

Mthiyane, S., Mutanga, O., & Matongera, T. N., Odindi, J. (Submitted for a book chapter).
Quantifying the influence of woody encroachment on soil organic carbon across Bisley Nature
Reserve using PlanetScope data.




Abstract

Globally, grasslands constitute one of the largest land ecosystems that sequestrate substantial
amounts of Soil Organic Carbon (SOC) and provide various ecological services such as
regulating the climate, improving water quality, and supporting biodiversity. Woody
encroachment has pronounced impacts on grassland ecosystems, exerting substantial influence
on their structure, ecological dynamics, and SOC distribution. To the best of our knowledge,
concerns and discrepancies about the influence of woody proliferation on SOC within protected
grasslands remain largely underexplored. Remote sensing offers cost-effective, time-efficient,
and environmentally friendly means to quantify SOC distribution and variability in grasslands.
Consequently, this study sought to quantify the spatial variability of SOC across a pristine and
woody encroached grassland using PlanetScope image data. Employing a stratified sampling
technique, 254 samples were collected, and the Loss-on-Ignition procedure adopted to
determine SOC. The PlanetScope spectral bands and derived vegetation indices were utilized
to quantify SOC variability between woody encroached and pristine grassland. The Deep
Neural Network (DNN) model was trained based on 10-fold cross-validation with SOC values
and 20 predictors. To improve the prediction accuracy of the model, hyper-parameter tuning
was employed. The findings indicate a higher concentration of SOC in woody encroached
vegetated areas compared to pristine grasslands. The DNN model produced acceptable
accuracies with Root Mean Square Error (RMSE) of 1.90 t/ha and R? value of 0.64. The study

provides a framework for continuous monitoring of SOC stocks in protected grasslands.

Keywords: Grassland, Woody Encroachment, Soil Organic Carbon, PlanetScope, Deep Neural
Network



2.1 Introduction

Grasslands comprise over 40% of the Earth's terrestrial ecosystems worldwide (Wang & Fang,
2009). As the predominant ecosystem in temperate regions (Loveland & Webb, 2003; Merino
et al., 2004), grasslands are essential for providing unique and significant ecological services,
such as reducing soil erosion, preserving biodiversity, and enhancing food production (Bugalho
& Abreu, 2008; Carlier et al., 2009). Furthermore, grasslands constitute one of the most
significant repositories of Soil Organic Carbon (SOC), crucial for providing various ecological
services such as regulating the climate, improving water quality, and supporting biodiversity
(Sommer & Bossio, 2014; Vagen & Winowiecki, 2013). In grasslands, SOC helps to improve
soil structure, retain water, and provide plant nutrients (Conant & Paustian, 2002; Gerke,
2022b); characteristics that are critical for increasing the resilience of soils towards droughts
and floods. In this regard, a decline in SOC can trigger a loss of soil quality and productivity.
The accumulation and loss of SOC in grasslands are primarily influenced by land cover
characteristics and change (Ratajczak et al., 2012; Wieczorkowski & Lehmann, 2022). Woody
proliferation is a natural phenomenon that has been dominant in several grassland ecosystems
across the globe for the past 200 years (Browning et al., 2008; Saintilan & Rogers, 2015).
According to Ratajczak et al. (2012) and Ge and Zou (2013), the proliferation of woody plants
is a key phenomenon causing landscape degradation and significantly affect the ecology, land

surface, and soil biophysical characteristics of grasslands.

Understanding the trade-offs and adverse influence of woody encroachment is important
because various natural grasslands across South Africa are degrading due to woody
proliferation (Ratajczak et al., 2012; O. W. Van Auken, 2009). Woody proliferation affects
about 15 million hectares of grasslands in South Africa (Mureva et al., 2018). The study by
Gartzia et al. (2014) notes that invasion of woody plants amplifies water and nutrient balance
changes at various spatial and temporal extents, which are primary resources for numerous
animal species thriving in grasslands. The study by Ratajczak et al. (2012) showed that the
proliferation of woody plants has a negative influence on species (grazers) abundance in
grassland ecosystems, particularly in areas receiving high precipitation. Their study observed
a decline in species richness and abundance in grasslands affected by woody proliferation.
According to Mochi et al. (2022), woody encroachment minimizes food source availability for
numerous grazers within the grassland. Although the productivity of herbivore biomass can be
maintained in areas influenced by woody proliferation, the herbivore assemblage re-structuring

causes intense changes in their average body size (Smit & Prins, 2015). Moreover, woody



proliferation reduces the amount of water available in the soil and promotes surface runoff,
which may potentially result in seasonal drought, consequently influencing grassland

productivity (Schreiner-McGraw et al., 2020).

Studies reveal that a transition from a grass-dominated to a woody-dominated ecosystem may
potentially impact SOC sequestration (Li et al., 2016; Mureva et al., 2018). Jackson et al.
(2002) observed that the increase of woody plants significantly enhances the levels of soil
organic carbon (SOC) stocks in grassland areas, both regionally and globally. However, Li et
al. (2016) note that there are still uncertainties on the potential influence of woody proliferation
on SOC at local scales. Whereas Alberti et al. (2011) and Jackson et al. (2002) suggest that
woody encroachment increases the concentration of SOC stocks at an ecosystem level, others
(Mureva et al., 2018; Zhou et al., 2017) indicate that encroachment of woody plants reduces
SOC stocks in grasslands at a local scale. These inconsistencies can be linked to various
environmental factors that include historical land-use patterns and soil biophysical attributes
(Bahri et al., 2022). Furthermore, the proliferation of woody vegetation could amplify the
spatial heterogeneity of soil characteristics (Liu et al., 2011), complicating SOC monitoring in
grasslands. Consequently, there is a necessity for further evaluation of the relationship between
SOC stocks and woody encroachment at an ecosystem level. Additionally, it is essential to
create a reliable approach for measuring SOC stocks in localized grasslands. This is useful to
environmental managers in formulating effective environmental management strategies and

policies.

Historically, SOC monitoring relied primarily on conventional methods that includes wet soil
analysis, laboratory procedures, and field measurements (Angelopoulou et al., 2019; Mzinyane
etal., 2015; Odebiri et al., 2020). Although these methods offer good accuracy, drawbacks that
include time-consuming processes, intensive labour, and high costs make their adoption
challenging at large spatial extents (Bartholomeus et al., 2011; Hernandez-Clemente et al.,
2023; Wang et al., 2018; Xu & Zhai, 2023). Recognizing these shortcomings, there is need for
rapid, reliable and cost-effective strategies for quantifying and monitoring SOC in grasslands
(Eggleston et al., 2006; Odebiri et al., 2020). Hence, remote sensing technology has become a
reliable tool offering cost-effective, time-efficient, and environmentally friendly approaches to
assess SOC variability at various spatial extents (Guo et al., 2021; Odebiri, Mutanga, Odindi,
et al., 2022). Notably, new generation commercial sensors including WorldView series have
been extensively utilized for SOC monitoring in different ecological systems (Broderick et al.,

2015; Thaler et al., 2019). These sensors consist of unique band settings that are strategically
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positioned within the red-edge region crucial for improved vegetation spectral sensitivity
(Rapinel et al., 2014). Unfortunately, despite their robustness in quantifying SOC, these sensors
may not be appropriate for monitoring SOC stocks in developing regions such as Southern
Africa (Mngadi et al., 2021). This is because these sensors are associated with small swath
width, high acquisition cost and are not readily available (Matongera et al., 2017).
Consequently, SOC monitoring is still not clearly understood in many heterogeneous
landscapes, particularly in Sub-Saharan grasslands. These limitations have necessitated the
adoption of freely accessible multispectral sensors that provide improved spatial, spectral, and
temporal resolution characteristics, which are critical for accurately quantifying SOC (Bhunia
et al., 2019; Mutanga et al., 2016; Odebiri et al., 2020). These advancements promise to
revolutionize SOC monitoring, offering vital insights for sustainable land management

practices.

Global interest in remote sensing methods for SOC research has been sparked by new
innovations in reliable, open-source sensor technology, like the PlanetScope Multispectral
sensor (Tan et al., 2023; K. Wang et al., 2021). The sensor has gained popularity for mapping
and assessing SOC stocks due to its cutting-edge sensing properties (Andreatta et al., 2022; M.
H. Koparan et al., 2022; Marta, 2018). It consists eight spectral bands of the electromagnetic
spectrum including the red-edge regions that are particularly responsive to biophysical
characteristics of green vegetation (Frazier & Hemingway, 2021; Roy et al., 2021). According
to Odebiri et al. (2020), green biomass is a key indicator of SOC stocks as its accumulation is
highly affected by its litter and decomposition rate. Studies have utilized red-edge wavebands
to assess and predict SOC stocks at various landscapes (Castaldi et al., 2019; M. H. Koparan
et al., 2022; Xie et al., 2022). Furthermore, the PlanetScope satellite is characterized by an
exceptionally fine spatial resolution of 3 meters (Francini et al., 2020). The sensor’s finer pixel
size is valuable for capturing finer details, which is crucial for mapping the variability of SOC,
particularly at small spatial extents. While the characteristics of PlanetScope data to SOC
mapping are crucial, its heterogeneity and complexity call for a fast and reliable analytical
technique that can successfully quantify SOC stocks to various extents are adopted. To date,
Deep Learning (DL) techniques have gained popularity in numerous remote sensing studies
attributed to their ability to handle big and complex datasets (Abdar et al., 2021; Zhang et al.,
2019; Zhou et al., 2017). The DL models can automatically extract abstract and invariant
components from remotely sensed data, hence have been widely adopted to map complex non-

linear data, including SOC stocks (Zhang et al., 2019).
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Although numerous studies evaluating the influence of woody proliferation on SOC at a
national and regional scale have employed diverse remote sensing techniques, information
about the influence of this phenomenon on SOC at an ecosystem level is still lacking,
particularly in protected areas (Jackson et al., 2002; Odebiri et al., 2021). Moreover, literature
has revealed the success of spectral vegetation indices derived from the red-edge band region
of PlanetScope sensor in quantifying SOC stocks in complex landscapes. Previous studies
suggest that sensors with explicit spatial and spectral resolution may offer enhanced
information, essential for regular monitoring of SOC in grasslands affected by woody
proliferation (Tan et al., 2023). Therefore, the finer spatial and spectral characteristics,
including red-edge region of freely available PlanetScope are critical for SOC quantification
within woody encroached landscapes with limited spatial extent. Furthermore, current
uncertainties that exist in the literature about the influence of woody proliferation on SOC pool
advocates for further assessment of the relationship that exist between SOC and woody
encroachment. This can be achieved by assessing the variability of SOC stocks between pure
grasses and encroached grasslands. Therefore, this study sought to quantify the spatial
variability of SOC stocks between a pristine and woody encroached grassland using

PlanetScope spectral bands and vegetation indices.
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2.2 Materials and Methods

2.2.1 Field data collection

Soil samples were collected across the study area using a stratified random sampling approach
from September 21% and 23™, 2023 (during the spring season). Prior knowledge of the site
facilitated the delineation of two homogeneous strata, namely pristine grassland and woody-
encroached grassland (Figure 2.1). Within the woody-encroached stratum, 15 transects were
established, each measuring 110 m in length. Along each transect, eight sampling plots (5 m?
each) were marked at 10 m intervals, resulting in a total of 120 sampling plots in that stratum.
At each plot, soil samples were collected at a depth of 30 cm using a soil auger, following the
procedure recommended by Vagen and Winowiecki (2013). The same sampling protocol was
applied in the pristine grassland stratum, ensuring consistency in data collection. A Trimble
Handheld GPS with sub-meter accuracy was used to record the coordinates of each sampling
point for subsequent spatial analysis. In total, 240 soil samples were collected and transported

to the laboratory for further analysis of soil organic carbon and other relevant parameters.
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Figure 2.1: Imagery of a woody encroached (a) and pristine (b) grasslands in Bisley Nature
Reserve.

Furthermore, to clearly visualize encroached and pristine landscapes within Bisley Nature
Reserve, a supervised landcover classification was executed through Google Earth Engine
(GEE) platform. The study site was separated into three landcover classes namely, woody
encroached grassland, pristine grassland and other landcover classes that include buildings,
roads, water bodies and bare soils. A total of 65 presence locations were collected for each
landcover class using the Trimble Handheld GPS with sub-meter accuracy, 70% of the

collected points were used for training the model and 30% for testing.

2.2.2 Laboratory analysis

In the laboratory, the soil was air-dried for three days to eliminate excess water and sieved
through a 2-mm sieve. Subsequently, the samples were oven-dried at 105 °C for 24 hours
(Konen et al., 2002). Then, the soil samples were analysed to determine the SOC concentration.
The Loss-On-Ignition technique was adopted to determine SOC as described by Schulte and
Hopkins (1996). A muffle furnace (Model Exation 1200-30 L) was used to combust soil
samples at the temperature of 360 ~C for two hours. An estimation of the SOC percentage from
the Losson-On-Ignition method (SOCLOI) was calculated using equation 1 Schulte and
Hopkins (1996).

soil weight before ignition—soil weigh after ignition

SOCLOI = [ ] £100 .ooroii.. Equation (1)

soil weight before ignition

2.2.3 Image data acquisition and pre-processing

A PlanetScope Multispectral image of the area with less than 10% cloud cover was acquired
on the 1% of September 2023 from the Planet Labs Explorer (https://www.planet.com). The
study utilized one PlanetScope Ortho Scene product at Level 3B. Product Level 3B data are
geometrically corrected by sensor telemetry and scaled, orthorectified, projected, and modelled
to surface reflectance by the vender (ZiZala et al., 2019). Moreover, Planet offers two primary
radiometry options for PlanetScope scenes, i.e., visual, and analytic products. Analytic
products are available with the option for delivery as scaled top of atmosphere radiance or
surface reflectance and are highly recommended for modelling applications (Roy et al., 2021).
They consist of eight spectral bands namely, Coastal Blue (431-452 nm), Blue (465-515 nm),
Green 1 (513-549 nm), Green 2 (547-583 nm), Yellow (600-620 nm), Red (650-680 nm), Red-
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Edge (697-713 nm), and Near infrared (845-885 nm), with a spatial resolution of 3 m (Zhao &
Liu, 2022). The sensor covers the Red-Edge region of the electromagnetic spectrum, which is
critical for SOC stock monitoring (Andreatta et al., 2022). Moreover, PlanetScope is
characterized by a daily temporal resolution at nadir, which is essential for frequent monitoring
of the SOC, especially for localized landscapes (Shimizu et al., 2020). Subsequently, the
PlanetScope spectral bands, integrated with vegetation indices, were utilized as predictor

variables.

1.2.4 Image classification

Furthermore, PlanetScope image was utilized for conducting landcover classification. The
satellite images were classified using Random Forest classier. The RF is an ensemble learning
technique that quantifies a response variable through combining multiple decision trees.
According to Odebiri et al. (2020), the RF classifier is time efficient and requires less manual

intervention when compared to other classifiers such as Support Vector Machine.

2.2.5 Spectral vegetation indices

The study employed various spectral band combinations derived from PlanetScope imagery to
generate widely used spectral vegetation indices for the quantification of SOC, as outlined in
Table 2.1. Evidence from prior literature supports the utility of vegetation indices for enhancing
model performance in quantifying the accumulation of SOC across diverse landscapes
(Odebiri, Mutanga, & Odindi, 2022; Odebiri et al., 2020; K. Wang et al., 2021). Therefore, the
derived vegetation indices were integrated with corresponding spectral bands to develop an

optimized model for the accurate quantification of SOC.

Table 2.1: Spectral indices derived from PlanetScope and their formulae.

Indices Formulae References
(NIR-RED)/(NIR+RED) (Rouse et al., 1974)

Normalized Difference Vegetation Index

(NDVI)

Enhance Vegetation Index (EVI) 2.5*((NIR-RED)/(NIR+6*RED- (Huete et al., 1999)
7.5BLUE+1))

Modified Soil Adjusted Vegetation Index 2*((NIR+1- (Qietal., 1994)

(MSAVI) (2 * NIR +)2 — 8(NIR — RED))/2

Green Normalized Difference Vegetation (NIR-GREEN)/(NIR+GREEN) (Ahamed et al., 2011)

Index (GNDVI)

Coloration Index (CI) (RED - BLUE)/RED (Escadafal et al., 1994)
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Photosynthetic Vigour Ratio (PVR)
Greenness Index (GI)

Anthocyanin Reflectance Index (ARI)
Transformed Vegetation Index (TVI)

Renormalized  Difference
Index (RDVI)

Vegetation

Enhanced Vegetation Index 2 (EVI 2)

Chlorophyll Index Green (CIG)

Simple Ratio Red/NIR Ratio Vegetation
Index (SRRE)

Blue Normalized Difference Vegetation
Index (BNDVI)

Plant Pigment Ratio (PPR)

Infrared Percentage Vegetation Index
(IPVI)

Log Ratio (LogR)

Modified Normalized Difference
Vegetation Index (MNDVI)

Normalized Difference Red-Edge
(NDRE)

Adjusted Vegetation Index (SAVI)

GREEN — RED/GREEN + RED
GREEN/RED
(1/GREEN) — (1/RED_EDGE)

J(NDVI) + 0.5

(NIR-RED)/(NIR+RED)"*
2.4*(NIR — RED)/(NIR+RED+1)
(NIR/GREEN) —1

RED/NIR
(NIR-BLUE)/(NIR+BLUE)

(GREEN - BLUE)/ (GREEN + BLUE)

[((NIR/NIR + RED)/2) *(NDVI + 1)]

Log (NIR/RED)

(NIR-Red)/(NIR+Red—2*Blue)
(NIR — REDEDGE)/ (NIR + REDEDGE)

(NIR — Red)/ (NIR+ Red + L) *(1+L)

(Metternicht, 2003)
(Main et al., 2011)
(Gitelson et al., 2001)
(Hunt Jr et al., 2011)

(Ehammer et al., 2010)

(Miura et al., 2008)

(Ahamed et al., 2011)

(Bannari et al., 1995)

(Hancock & Dougherty, 2007)

(Metternicht, 2003)

(Kooistra et al., 2003)

(Henrich et al., 2011)

(Huete et al., 1997)

(Barnes et al., 2000)

(Ahamed et al., 2011)

2.2.6 Deep Neural Networks (DNN)

Recently, DNN has gained popularity in modelling and predicting SOC distribution in various

ecosystems ascribed to the model’s ability to explain complex relationships that exist between

explanatory and target variables (Garcia-Martinez et al., 2020; Odebiri, Mutanga, & Odindi,

2022). DNN model is a collection of multiple neurons placed in a specific sequence of

numerous layers (Montavon et al., 2018; Odebiri, Mutanga, & Odindi, 2022). Neurons from

one layer are linked to the next layer up to the final estimated neuron. In essence, neurons

receive activations from the previous layer (Larochelle et al., 2009). The layers that contain a

network of neurons produce a complex nonlinear mapping from the input to the output using

backpropagation (Montavon et al., 2018). Additionally, to avoid model overfitting, the dropout

regularization technique can be applied to hidden layers. An example of the DNN architecture

is shown in Figure 2.2.
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Figure 2.2: A graphical example of Deep Neural Network (DNN) architecture.

The python programming language was used to develop the DNN model. A combination of 14
vegetation indices and eight PlanetScope spectral bands were used as input variables to build
the model. The input variables were separated into ten even parts and used for training and
testing the model. To yield the best output for the model, the hyperparameter tuning technique,
where hyperparameters were randomly optimized repeatedly until the best results were

achieved was adopted. A summary of hyper-parameters used to develop the model is presented

in Table 2.2.
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Table 2.2: Deep Neural Networks (DNN) defined hyper-parameters.

Algorithm Hyper-parameters Parameter Parameter Description
as used
DNN Hidden Layer 2 Number of hidden layers
Node Size 100 Number of nodes (neurons) in the
hidden layer
Network weight normal Initialized weights of the layers
initialization from input to output
Learning rate 0.001 Adjust the weights of the network
Dropout regularization 0.5 Neurons randomly dropped during

training to reduce overfitting

Epochs 80 Number of training iteration

2.2.7 Feature selection

Generally, regression analysis is challenged by multicollinearity, which is a statistical
phenomenon in which two or more predictors are moderately or highly correlated. Hence, it is
advisable that the model is developed using the least correlated predictors (Ismail & Mutanga,
2010; Odebiri et al., 2020). To counteract the challenge of multicollinearity, a Pearson
correlation test was executed. Therefore, one predictor between two highly correlated predictor
was removed from the input dataset using the method suggested by Behnamian et al. (2017).
The predictor variables that have proven in the past research to be the best predictors for SOC

stocks, particularly in grasslands, were selected for predicting SOC distribution.

2.2.8 Model evaluation metrics

To evaluate the DNN model, three commonly used metrics namely, coefficient of determination
(R?), Root Mean Squared Error (RMSE), and Lin’s Concordance Correlation Coefficient
(LCCC) were reported. RMSE demonstrates the difference between the observed and estimated
SOC values. The coefficient of determination measures the performance of the model in
estimating the SOC and ranges between 0 and 100%, while LCCC reports on how well
bivariate pairs of the observed SOC conform to predicted SOC values (King & Chinchilli,
2001; Odebiri, Mutanga, & Odindi, 2022). These metrics can be expressed as;
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Where X, and X, represent the measured and predicted SOC values, while n signify the total

number of observations. Furthermore, Go and G, are the respective variance of the observed

and predicted value, while 0’ signifies the averages of the measured and predicted SOC.

Additionally, 10-fold cross-validation was used to ensure that each dataset was used at least
once to avoid bias for DNN algorithms. The best-fitted model normally produces a higher R?
and LCCC, and a lower RMSE. Hence, the performance of the model was identified using the
three-accuracy metrics. Furthermore, variable importance ranking was executed using the
relative variable importance and SHapely Additive exPlanations (SHAP), respectively, to
identify the most significant predictors of SOC. A digital SOC map of the study area was
developed using the best predictor variables derived from the DNN model.

Furthermore, the accuracy assessment for landcover classification was conducted within the
GEE and the confusion matrix method adopted. The model employed the overall accuracy,
producer's accuracy, and user's accuracy to evaluate RF classifier. Accuracy assessment was
executed by comparing training dataset with testing dataset as suggested by Nasiri et al. (2022)
and Mahdianpari et al. (2020).
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Figure 2.3: Summary of procedures followed in quantifying SOC.

2.2.9 Statistical analysis

The Statistical Package for the Social Science (SPSS version 28.0) software was utilized to
perform a paired t-test to investigate the level of significance of SOC distribution between
pristine and woody encroached grassland. The measures of central tendency, particularly mode,
mean, maximum, minimum, standard deviation and standard error, were executed using SPSS.
Microsoft excel was utilized to investigate the Coefficient of Variation (CV), skewness, and
kurtosis for woody and pristine grassland. Also, a box and whisker plot were executed on

Microsoft excel.
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2.3 Results

2.3.1 Descriptive statistics

Table 2.3 shows the descriptive statistics for both pristine and woody encroached grasslands.
The paired t -test between woody and pristine grassland (p = 0.05) indicate that there is a
significant difference in SOC distribution between the two sites. In addition, for pristine
grassland, data showed strong negative skewness (-0.75) and kurtosis (1.34), satisfying the
normality rule (Hair Jr et al., 2021), while woody encroached grassland SOC data indicated a
strong positive skewness (0.75) and kurtosis (1.33). Moreover, the CV for pristine and woody
encroached grassland was 11.89%. The CV value suggests that there was a variation between

pristine and encroached grasslands (Figure 2.4).

Table 2.3: Descriptive statistics of the dataset.

Landcover Minimum Maximum Mean Value Standard Standard error

Value (%) Value (%) (%) deviation (%) (%)

Pristine 3.6 94 6.6 1.46 0.19
Grassland

Woody 2.4 13.1 7.56 2.76 0.31
Encroached

Grassland

1

Level of Encroachment

B Woody Encroached O Pristine
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Figure 2.4: The distribution of SOC between a pristine and woody encroached grassland.

According to the Pearson correlation test, all spectral bands exhibited high correlation values,
between 0.9 and 1 (Figure 2.5). The Red-edge band was utilized for building the DNN model.
Moreover, all the vegetation indices that exhibited high correlation values were removed.
Therefore, only twenty vegetation indices were used to build the best model as detailed in Table

2.1.

Figure 2.5: Pearson correlation test of predictor variables.

2.3.2 Evaluation and performance of model

The DNN model performed well in quantifying SOC across a woody encroached grassland,
with an R? value of 63.78, and an RMSE of 1.901 t/ha. Figure 2.6 illustrates the correlation
between the observed and predicted SOC derived from DNN model. Furthermore, the train and
test dataset showed a good model fit and generation with training data exhibiting an R? value

of 67,02, RMSE of 1.36 t/ha, and LCCC value of 90.67, while testing data exhibited an R?
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value of 63.78, RMSE of 1.91 t/ha, and LCC of 80.60. Moreover, Table 2.4 explains the

performance of RF classifier.
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Figure 2.6: Relationship between predicted and measured SOC using Deep Neural Network
(DNN).

Table 2.4: The accuracy assessment of RF classifier.

Classifier Overall accuracy  Producer Kappa Consumer
(%) accuracy (%) accuracy (%)  accuracy (%)
RF 0.95 0.88 0.92 0.96

2.3.3 Variable importance assessment of model
The results in Figure 2.7 illustrate the importance and contribution of each predictor variables

using SHapely Additive exPlanations (SHAP) for DNN. The best three explanatory variables
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for the DNN model were NDVI, MSAVI and TVI while LogR, EVI and PPR were the least
important variables. The Figure further indicate that NDRE and MNDVI exhibited similar

contributions towards quantifying SOC.

Figure 2.7: Importance ranking of variables used for quantifying SOC within Bisley Nature
Reserve.

2.3.4 Spatial distribution of SOC
Figure 2.8 (a) depicts the distribution of SOC stocks in both woody encroached and pristine
landscapes, respectively, within the Bisley Nature Reserve, while Figure 2.8 (b) explains

different land cover classes within the study area. According to Figure 2.8 (a), woody
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encroached landscapes are dominated by medium and high concentrations of SOC, while low
concentrations of SOC stocks were observed to be dominant in pristine grasslands.
Furthermore, SOC concentration is observed to be higher along the river channels which are
located across the central parts of the reserve. The map further reveals that woody encroached
landscapes located central, West and South of the reserve are dominated by high concentration
of SOC. The SOC spatial distribution maps clearly reveal that there is a noticeable variability
of SOC distribution between pristine and woody encroached landscapes. For instance, the
distribution of SOC is generally higher across woody encroached grasslands in comparison to

pristine grasslands which exhibited low SOC concentrations.
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Figure 2.8: The spatial distribution of SOC for Deep Neural Network (DNN)(a.) and landcover classification map (b.) using PlanetScope MSI

data.
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2.4 Discussion

This chapter quantified the spatial variability of SOC stocks between a pristine and woody
encroached grassland using PlanetScope’s spectral bands and vegetation indices. The chapter
examined the impact of woody vegetation proliferation on SOC stocks within grasslands using
the DNN model. The findings show that woody encroached areas have a high concentration of
SOC stock compared to pristine grasslands (Figure 2.8 a). A two-sample t-test confirmed this
difference (p < 0.05), indicating a statistically significant increase in SOC stock under woody
encroachment. According to Fantappi¢ et al. (2010) and Rasse et al. (2005), SOC accumulation
is highly influenced by the surface litter and root biomass. Therefore, areas with high litter
biomass are expected to exhibit high SOC concentrations. The study by Yang et al. (2021)
established SOC to be concentrated in areas with high shrub encroachment compared to pure
grasslands, and suggested that woody encroached landscapes are associated with high mean
litter and root biomass. As a result, SOC distribution is expected to be more in grasslands with
a proliferation of woody vegetation compared to pure grasslands (Figure 2.3). Similarly,
Odebiri et al. (2020) established that SOC stock is commonly concentrated in areas with higher

vegetation biomass compared to areas with less vegetation cover.

Our findings further shows that woody encroached grassland has the highest maximum
percentage of SOC (13.1%) when compared to pristine grassland (9.4%) (Figure 2.3). Several
regional studies corroborate our observations that woody encroachment often increases SOC.
For instance, in semi-arid savannas of Africa, Sankaran et al. (2004) and Barger et al. (2011)
reported that shrub invasion can elevate carbon sequestration by increasing both above- and
belowground biomass, particularly under intermediate rainfall regimes where woody species
thrive without outcompeting herbaceous vegetation entirely. This is consistent with the notion
that the additional litter and root inputs from woody plants augment organic matter
accumulation, enhancing soil carbon pools. In the southwestern United States, mesquite
(Prosopis spp.) and other shrubs have encroached into grasslands over the past century, leading
to a restructuring of ecosystems and shifts in SOC dynamics (Barger et al., 2011; Jackson et
al., 2002). Similar to our findings, these studies demonstrated that SOC content tends to
increase under shrub canopies compared to adjacent grass-dominated areas, primarily due to
greater litterfall and more extensive root systems. However, it is also noted that the net effect
of woody encroachment on ecosystem SOC can vary with precipitation gradient, soil type, and

management history (Scott et al., 2006).

27



Interestingly, in some arid systems where woody species have replaced perennial grasses
entirely, reduced herbaceous cover can lead to soil erosion, partially offsetting gains in SOC
(Eldridge & Soliveres, 2015). Likewise, in Australian rangelands, Eldridge et al. (2011)
reported that shrub encroachment can increase SOC in the topsoil layer, although the magnitude
of this effect depends on grazing intensity, fire regimes, and other land-use pressures. Where
woody encroachment is managed or occurs alongside moderate grazing, the combination of
woody litter input and reduced soil disturbance often promotes organic matter accumulation.
Furthermore, Li et al. (2016) reported that in semi-arid and humid regions, leguminous shrubs
encroachment in grasslands have greatly amplified SOC pool, while non-legumes have shown
to have less impact on SOC stocks, particularly in topsoil. The overall consensus across various
regional studies, including those from African savannas, the southwestern United States, and
Australian rangelands, is that woody encroachment can enhance SOC stocks, at least in the

upper soil layers, by adding substantial organic inputs from litterfall and belowground biomass.

Woody encroached areas are also associated with high soil metabolism due to high litter fall
and dead matter accumulation, which increases the concentration of SOC (Mayer et al., 2020;
Odebiri et al., 2020). Consequently, forested regions possess elevated levels of SOC in
comparison to pristine grasslands. Furthermore, areas with high soil moisture exhibit high
vegetation biomass (Lozano-Parra et al., 2018; Ruiz-Sinoga et al., 2011). Hence, areas with
high soil moisture are associated with high SOC compared to dry areas. Figure 2.8 reveals that
areas along the river channels have high concentrations of SOC. This aligns with the findings
of Evans et al. (2011), which indicate a robust positive correlation between SOC and soil
moisture. However, the study by Kerr and Ochsner (2020) noted that the correlation between
SOC and soil moisture can vary depending on other soil characteristics including soil
temperature, inter-site vegetation variability, and soil physical attributes. According to Chen et
al. (2016), soil moisture promotes vegetation growth, productivity, and decomposition, which
enhance SOC sequestration. The dominant soil types in this study area are Mispah, Dundee,
Glenrosa, Clovely, and Avalon soils. These soils were dry and shallow, thus explaining low
SOC distribution across the grassland. However, the results presented by the current study may
not be conclusive because all the soil samples were obtained at a depth of 30 cm. According to
Zhou et al. (2017), there is a significant different between SOC located in topsoil and SOC in
deeper layers of the soil profile. Therefore, it is recommended that further investigations about

the spatial variability of SOC in woody encroached grasslands be done, considering the depth.
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The DNN model produced acceptable accuracy (R? = 0.64) for quantifying SOC stocks. This
is consistent with Odebiri, Mutanga and Odindi (2022) who sought to compare the performance
of the DL approach with commonly used classical models in SOC stock mapping. Their study
established that the DNN model outcompete classical models when estimating SOC stocks.
According to K. Wang et al. (2021), DL approaches commonly outperform classical models
when dealing with large and complicated datasets. Unlike other classical models, the DL
models can read and understand intricate relationships between many ecological parameters
and utilize feature representations that are solely acquired from the data (Odebiri, Mutanga, &
Odindi, 2022). Additionally, the DNN model is characterized by many interconnected hidden
layers and neurons that enable the model to extract numerous representative characteristics
from the input dataset. The results of the current study were influenced by the attributes of the
nature reserve and non-linearity of the dataset. The field data was collected from a localized
encroached grassland and the dataset used to build the DNN model was complex. As a result,

the DNN was the best model for quantifying SOC stocks across a woody encroached grassland.

Among the PlanetScope-derived vegetation indices, the most important index was NDVI.
According to Odebiri et al. (2020), there is a high correlation between SOC and NDVI, hence
the index is the most important variable when estimating SOC, particularly within vegetated
landscape. The NDVI can better minimize the influence of topography and possess a good
classification capability when dealing with heterogenous landscapes (Barati et al., 2011; Zhang
et al., 2019). The study by Yang et al. (2020) notes that NDVT can also be utilized as a primary
determinant of vegetation health, which will automatically inform the spatial distribution of
SOC in grassland ecosystems. Spectral indices including MSAVI, TVI and CI were also ranked
high by the model when quantifying SOC. Yet, PPR, EVI and LogR had less significant
contribution to the DNN model. The spectral bands of PlanetScope were combined with
derived spectral vegetation indices to build the best model for quantifying SOC stocks.
Previous literature suggests that red-edge spectral bands are the most valuable for quantifying
SOC stocks (Andreatta et al., 2022; Mngadi et al., 2021; Odebiri et al., 2020). The red-edge
wavelength regions of PlanetScope imagery provide important reflectance information,
essential for accurate SOC mapping. These regions, being highly sensitive to vegetation
characteristics, offer reliable means to assess SOC distribution. The sensor's remarkable spatial
resolution of three meters contributes significantly to the wealth of information available for

SOC quantification at an ecosystem level.
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While few studies have endeavoured to quantify SOC using the spectral information of
PlanetScope, especially in the Sub-Saharan African, noteworthy contributions have been made.
For instance M. H. Koparan et al. (2022) explored the capability of PlanetScope imagery in
estimating and mapping SOC stocks. Their findings concluded that models built from
PlanetScope-derived data exhibited excellent accuracies compared to models from other
multispectral sensors. Additionally, it is advisable to conduct further investigations into the
utilization of PlanetScope imagery bands rather than red-edge regions, particularly in the
context of SOC mapping studies. The outcomes of the current study hold practical significance
for the uMsunduzi Municipality on insights into SOC distribution within Bisley Nature
Reserve. Additionally, nature reserve managers and indeed similar invaded landscapes can

benefit from this study's insights for continuous monitoring of SOC stock.
1.5 Conclusion

The proliferation of woody plants in grassland ecosystems alters the SOC stock cycle. This
study employed a remote sensing algorithm (DNN) and PlanetScope MSI data to quantify the
spatial variability of SOC within a woody encroached and pristine grassland. The chapter
established that areas exposed to woody encroachment exhibit high SOC concentration. The
DNN model produced acceptable accuracy when quantifying the spatial variability of SOC
within woody encroached grasslands at a localized scale. Utilizing the SHAP technique, the
study identified the most crucial predictor variables for SOC estimation. Notably, NDVI,
MSAVI, TVI, and CI emerged as the most significant variables. The developed model is a cost-
effective and time-efficient tool for monitoring SOC in both pristine and encroached
grasslands. It is recommended that future studies explore the distribution of SOC in areas
experiencing woody proliferation. Furthermore, the impact of bioclimatic, soil depth, and
topographic residuals on SOC should be investigated using remotely derived information,

particularly within woody encroached grasslands.
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Chapter Three: Modelling Soil Organic Carbon at Multiple Depths in
Woody Encroached Grasslands Using Integrated Remotely Sensed and
Physical Variables Data

This chapter is based on:

Mthiyane, S., Mutanga, O., & Matongera, T.N., Odindji, J. (Published). Modelling Soil Organic

Carbon at Multiple Depths in Woody Encroached Grasslands Using Integrated Remotely

Sensed Data. Environmental Monitoring and Assessment, Manuscript ID: 2dc1b69d-576e-
437c-a310-9ed2cdad840b v1.0.
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Abstract

Woody plants encroachment into grasslands has considerable hydrological and biogeochemical
consequences to grassland soils that include altering the Soil Organic Carbon (SOC) pool. In
this regard, continuous SOC stock assessment and evaluation at deeper soil depths of woody
encroached grasslands is essential for informed management and monitoring of the
phenomenon. Due to high litter biomass and deep root structures, woody encroached
landscapes have been suggested to alter the accumulation of SOC at deeper soil layers,
however, the level at which woody encroachment sequester SOC within localized protected
grasslands is still poorly understood. Recently, driven by improved spatial and spectral data
characteristics and availability of cost-effective and environmentally friendly data, remote
sensing techniques and approaches have gained traction in SOC analysis. Hence, the objective
of this study was to estimate SOC at various depths (30 cm, 60 cm, and 100 cm) in a woody-
encroached grassland by integrating Sentinel-1 (S1), Sentinel-2 (S2), PlanetScope (PS) satellite
imagery, and topographic variables. SOC was quantified from 360 field-collected soil samples
using the loss-On-Ignition (LOI) method and spatial distribution of SOC across the Bisley
Nature Reserve modelled using the Random Forest (RF) algorithm. Results show that the
fusion of topographic variables, Synthetic Aperture Radar (SAR), and PlanetScope data
effectively modelled SOC stocks at all investigated soil depths, with high R? values of 0.79 and
RMSE of 0.254 t/ha. The distribution of SOC was established to be high at 30 cm compared to
60 cm and 100 cm depths. Notably, the horizontal reception (VH), Slope, Topographic
Weightiness Index (TWI), Band 11 and vertical reception (VV) were optimal predictors of SOC
in woody encroached landscapes. These findings underscore the value of fused spectral data
with topographic variables and the RF model for precise SOC modelling in woody encroached
ecosystems. This study's insights are pivotal for designing cost and labour effective assessment
and monitoring methodology for effective management and monitoring of SOC in woody

encroached environments.

Keywords: Woody Encroachment, Soil Organic Carbon, Random Forest, Remote Sensing.
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3.1 Introduction

Globally, the conversion of mesic grasslands into woody dominated ecosystems has increased
substantially in the past century (Ratajczak et al., 2012; O. W. Van Auken, 2009). The
commonly documented drivers of woody proliferation are fire suppression, overgrazing,
nutrients availability, climate change and global carbon dioxide enrichment (Kgosikoma &
Mogotsi, 2013; Ratajczak et al., 2012). Encroachment of woody plant into grasslands has
considerable hydrological and biogeochemical consequences to grassland soils (Honda &
Durigan, 2016; Stevens et al., 2017). It reduces the quantity of productive grazing landscapes
for wild herbivores and livestock (Aweto, 2024; Ding & Eldridge, 2024; Pinheiro et al., 2022)
and reduces the frequency and intensity of grazing and fire, which are key factors maintaining
grassland diversity (Ratajczak et al., 2012; Smit & Prins, 2015) A study by McKinley et al.
(2008) notes that woody proliferation have pronounced impact on below ground nitrogen and
carbon pools in grasslands, while (Belay & Kebede, 2010; Liu et al., 2011; Mureva et al.,
2018) note that woody encroachment impact Soil Organic Carbon (SOC), particularly at an
ecosystem level. Alberti et al. (2011), (Chiti et al., 2017) and Zhou et al. (2017) note that woody
encroachment substantially alters the spatial pattern and variability of surficial SOC stocks.
However, to date, there is a dearth in literature that has adopted remotely sensed datasets and
approaches to establish the distribution of SOC at deeper soil depths, particularly within woody

encroached grasslands.

A study by Zhou et al. (2017) quantified SOC at 120 cm depth and established a high
concentration in woody invaded areas compared to pristine grasses. Their study also observed
an increase in SOC at deeper soil layers, particularly in woody dominated landscapes.
According to Rumpel and Kgel-Knabner (2011), SOC concentration is expected to be higher
in deeper soils of woody vegetated landscapes due to higher root litter and decomposition.
However, most studies that have investigated SOC in deeper soils of woody encroached
grasslands have typically utilized traditional methods that rely on field-based observation that
are expensive, labour intensive and time consuming (Blaser et al., 2014; Mureva et al., 2018).
Advancements in satellite technology and data storage have tremendously revolutionized SOC
stocks modelling over the last few decades. Remotely sensed data are pivotal tool for SOC
modelling SOC as they offer cost effective, labour-efficient and time saving data (Odebiri et
al., 2021). Hence, the availability of remotely sensed data promise to revolutionize SOC
quantification in deeper soil depths of woody invaded grasslands (Liu et al., 2011; Odebiri et
al., 2024; Zhou et al., 2017).
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Previous studies investigating the influence of woody invasion on SOC distribution have
primarily used multispectral optical sensors including Landsat Mission and MODIS (Venter et
al., 2021). However, these sensors are limited by their vulnerability to atmospheric interference
leading to decreased accuracy when quantifying SOC in deeper soil layers. Consequently,
Synthetic Aperture Radar (SAR) technology has gained traction for monitoring SOC stocks
due to its ability to provide weather independent and vegetation sensitive images that are
crucial for quantifying SOC in woody invaded landscapes. The European Space Agency (ESA)
provides many freely available remotely sensed data with improved spatial resolution. The
noticeable advantages of SAR data include the improved spatial and spectral resolutions that
can best capture soil-vegetation relationship, making them a feasible and attractive option for
quantifying SOC stocks (Zhou et al., 2020). These unique features are important for robust
quantification of SOC stocks at deeper soil depths. Additionally, SAR images are not restricted
to the visible and infrared portions of the electromagnetic spectrum but possess radar sensors
that can be utilized to detect SOC distribution within vegetated landscapes. Also, S2 provides
images with thirteen bands that cover the visible near infra-red to short wave infra-red spectral
range that is paramount for SOC estimation. Studies by Yang and Guo (2019) and Morais et al.
(2023) have reported on the capability of SAR data in modelling SOC stocks in grasslands at

different soil layers.

Regardless of these advantages, the capability of SAR data for modelling SOC within woody
encroached grasslands has not been fully explored. This is because areas with small
geographical extents require images with exceptionally high spatial resolutions, such as
PlanetScope (PS) multispectral sensor characterized by 3 m spatial resolution (M. Koparan et
al., 2022; Koparan, 2019). Previous literature shows that a combination of SAR, S2 and PS
data is useful in improving the detection of above ground biomass, which eventually informs
SOC distribution in deeper soils. According to Koparan (2019), local mapping of SOC stocks
requires images which finer spatial resolution, such as PS. However, the sensor is only limited
to eight bands, and commonly affected by atmospheric interference, hence image scenes might
not always be available. Therefore, combining SAR and S2 spectral information with PS data
can potentially produce better results when estimating SOC within localized landscapes

affected by proliferation of woody plants.

Recently, Machine Learning (ML) algorithms have become popular for quantifying
relationships between SOC and remotely sensed data (Odebiri et al., 2021; Yang et al., 2021;

Zhou et al., 2020). Previous literature has proven the value of Random Forest (RF) regression
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model to quantify the distribution of SOC stocks within localized heterogeneous ecosystems
(Grimm et al., 2008; Pouladi et al., 2019), including woody encroached landscapes (Venter et
al., 2021). RF estimates a response variable based on a series of explanatory variable through
building a set of regression trees and averaging the outcome. The outcome of all individual
trees is averaged to make a single prediction. RF is easy to implement, and can handle a
significant amount of training dataset (Odebiri et al., 2020). Furthermore, RF has an ability to
model non-linear relationships by using both continuous and categorical predictor variables,
which is fundamental for precise quantification of SOC in woody encroached landscapes. To
further improve the accuracy of the RF model, it is fundamental to include topographic factors
as one of the predictors of SOC. Environmental factors, such as slope, elevation and
topographic wetness index, can be combined with remotely sensed data to best model the

accumulation of SOC stocks in sub-surface soils (Zhou et al., 2020).

Most studies investigating the implication of woody invasion to SOC accumulation have been
conducted on surface soils at a depth of 0-30 cm, particularly in grasslands (Liu et al., 2011;
Throop & Archer, 2008). Fewer studies have sought to evaluate the accumulation of SOC at
deeper soil depth of woody encroached grasslands using remotely sensed data. According to
Odebiri et al. (2024), deeper soils (>30 cm) sequestrate more than half of the total SOC pool.
Hence, it is imperative that the extent at which woody encroachment affect SOC is assessed.
The lack of comprehensive and conclusive information on the influence of woody proliferation
on SOC stocks present an opportunity for further assessment of the phenomenon, particularly
in localized grasslands. Consequently, the objective of this study was to estimate soil organic
carbon (SOC) at various depths (30 cm, 60 cm, and 100 cm) in a woody-encroached grassland
by integrating Sentinel-1 (S1), Sentinel-2 (S2), PlanetScope (PS) satellite imagery, and
topographic variables. The study coupled RF, remotely sensed data and topographic variables
to model SOC distribution at different soil depths of Bisley Nature Reserve affected by a
proliferation of woody vegetation on a grassland. The study also evaluated the spatial

distribution of SOC from a wood encroached to a pristine grassland.
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3.2 Materials and Methods

3.2.1 Field Data Collection
Field sampling was conducted at Bisley Nature Reserve between the 18th and 20th of March

2024. The study employed a purposive sampling strategy to establish three transects that were
622 m long measured from a pristine grassland to a woody encroached grassland. This was
done to clearly visualize the transition of vegetation biomass from pristine grassland to woody
encroached grassland. At each transect, a total of 40 plots (15m? each) were established. Within
each plot, 1x1 metre square quadrant was placed every 15 m, and three soil samples collected
per quadrant at different soil depths. As a result, a total of 40 soil samples were collected for
each depth (30 cm, 60 cm and 100 cm) using a handheld MAC AFRIC 68 CC EARTH Auger
Drill. Additionally, utilizing the Trimble Handheld Global Positioning System with a sub meter
accuracy, Global Positioning System (GPS) locations for each plot were recorded. A total of

360 soil samples were collected and subsequently dispatched to the laboratory for analysis.

3.2.2 Laboratory Analysis

The soil samples were air dried for three days on trays to remove excess moisture. Samples
were then sieved through a 2mm sieve and oven dried for 24 hours at 105 °C before analysis.
For SOC determination, 1 g of soil were added to glass beakers, placed in a muffle furnace at
360 °C for 2 hours, cooled in desiccators at room temperature, and weighted. SOC was
measured as the difference between soil mass before ignition and soil mass after ignition,
divided by the soil mass before ignition (Schulte & Hopkins, 1996). All calculated values were

tabled in Excel for statistical analysis.

3.2.3 Image Acquisition and Preprocessing

A combination of radar (SAR), S2 and PS satellite images were used in this study. The spatial
and spectral information of each sensor is presented in Table 3.1. PS MSI level-3B imagery
used in this research was captured on the 8" of March 2024 and acquired from Planet website

(https://www.planet.com/markets/education-and-research/) on the 4™ of March 2024 with 5%

cloud cover. No image preprocessing was employed for PS imagery as it is supplied
atmospherically and radiometrically corrected. PS is characterized by high spatial resolution
(3m) and red-edge band that is critical for SOC monitoring, especially in deeper layers of the

soil profile (Matiza et al., 2024).
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Table 3.1: Spectral and spatial information of PS, S2 and SAR data.

PlanetScope Sentinel 1  Sentinel 2

Resolution 3m 10 m 10 m, 30 m & 60 m

Band type Coastal Blue (431-452 C-band Bl (443 nm), B2 (490 nm), B3
nm) (VH) (560 nm), B4 (665 nm), B5 (705
Blue (465-515 nm) nm), B6 (740 nm), B7 (783 nm),
Green [ (513-549 nm) B8 (842 nm), B8a (865 nm), B9
Green II (547-583 nm) (940 nm), B10 (1375 nm), Bll
Yellow (600-620 nm) (1610 nm), B12 (2190 nm)

Red (650-680 nm)
Red edge (697-713 nm)
Near-Infrared (845-885

nm)

SAR data used for quantifying SOC captured on the 05™ of March 2024 was downloaded from
ESA (https://dataspace.copernicus.eu/) on the 15" of April 2024. SAR products include both

Sentinel-1A and Sentinel-1B. According to Geudtner et al. (2014), Sentinel-1A operate in four
unique imaging modes which provide C-band with different resolutions. SAR technology is a
type of radar that is utilized to build two- or three-dimensional reconstructions of features,
including landscapes. This is an active sensor that sends pulses of energy and reads information
from the energy reflected by the target object. The sensor provides continuous images that are
not affected by clouds, smoke, and haze. SAR offers dual polarisation capability with vertical
transmission and either horizontal reception (VH) or vertical reception (VV), and rapid product
delivery (Torres et al., 2017). These attributes are critical for continuous monitoring of earth
phenomena, including SOC stocks. The Ground Range Detected (GRD) format S1 image of
interferometric wide swath mode was pre-processed with ESA’s Sentinel-1 Toolbox in the
software SNAP (version 6.4.5). To focus on the study location’s pristine and woody encroached
grasses, the data was split into sub-swaths. The image size was also reduced to better processing
efficiency. S1 processing routine also incorporated thermal noise removal, Range-Doppler

Terrain Correction and geocoding.

S2 image (Level 2B) captured on 15™ of April 2024 was downloaded from the Copernicus open

access hub (https://dataspace.copernicus.cu/) on the 18™ of April 2024. The sensor’s image is

characterized by 13 spectral bands with unique spatial resolutions (Table 3.1). S2 bands range
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from visible light and near infrared to short-wave infrared. Due to these spectral characteristics,
S2 data has an ability to effectively quantify SOC within heterogenous landscapes (Castaldi et
al., 2019). S2 image was atmospherically corrected using Sen2Cor processor (V.2.5.5) plugin
in SNAP (version 6.4.5) software. The image was resampled to 10m to maintain the key

attributes of S2 data to maximum extent.

3.2.4 Remotely Sensed Spectral Vegetation Indices

Through different band combinations from S1, S2, and PS images, relevant spectral vegetation
indices were generated. Previous studies suggest that spectral vegetation indices are paramount
predictors of SOC distribution because SOC cannot be directly learned through modelling
techniques (Odebiri, Mutanga, & Odindi, 2022; Shafizadeh-Moghadam et al., 2022; Zhou et
al., 2020). X. Wang et al. (2021) notes that there is a pronounced relationship between
vegetation indices and SOC stocks. As a result, five popularly utilized spectral vegetation
indices that have been proven to best predict SOC distribution, were generated from PS, S1

and S2, together with spectral bands and used to predict SOC distribution (Table 3.2).

Table 3.2: S1 & S2 derived spectral vegetation indices.

Satellite Index Formula Reference

S2 Normalized Difference (B8-B4)/(B8+B4) (Rouse et al., 1974)
Vegetation Index
(NDVI)
Green Normalized (B9-B3)/(B9+B3) (Ahamed et al., 2011)
Difference Vegetation
Index (GNDVI)
Red-Edge 1 (Red-Edge/Red) (Cloutis et al., 1996)
Modified Soil 29+1- (Wu et al., 2007)
Adjusted  Vegetation 1*(y/(29 * B1)? — 8(B9 — B5))/2
Index (MSAVI)

S1 Radar Vegetation (8*VH)/ (HH + VV +2*VH) (Kim et al., 2011)
Index (RVI)

3.2.5 Topographic Variables

Literature shows that there is an association between topographic factors and SOC distribution
(Tuetal., 2018; Yu et al., 2020; Zhou et al., 2020). These include Slope, Aspect, Elevation and
Topographic Wetness Index (TWI). Topographic variables were extracted from a SRTM Digital
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Elevation Model (DEM) image with 30 m spatial resolution acquired from Earth Explore online
platform. Using ArcGIS pro (version 3.0), topographic covariates residuals were extracted and
later combined with spectral bands and vegetation indices to quantity SOC distribution in

different soil layers.

3.2.6 Modelling Approach

Each observation in our statistical analysis included spectral band values, spectral vegetation
indices, and SOC measurements at the plot level that were taken from the relevant plot locations
in PS, SAR and S2 images, and topographic variables. The study employed regression analysis
to determine relationship between predictor variables and the field measured SOC.
Additionally, using Microsoft Excel and IBM SPPS (version 29), a ¢-test was executed to
determine the level of significance between SOC located at the depth of 0-30 cm, 30-60 cm,
and 60-100 cm.

3.2.7 Random Forest Regression Model

The RF algorithm, a non-parametric tree-based machine learning approach, has gained
popularity in monitoring and predicting various environmental parameters (Mngadi et al.,
2021; Odebiri et al., 2020). As highlighted by Nabiollahi et al. (2019) and Sreenivas et al.
(2014), a distinctive feature of RF is its ability to handle both small and large datasets, making
it easy to comprehend and implement. The algorithm initiates by generating a range of
bootstrap samples from the original dataset and then randomly samples different predictors
during the training phase. Each bootstrap creates a regression tree, and the algorithm selects
the best split among numerous variables (Singh et al., 2017). Notably, it constructs multiple
uncorrelated trees for training, utilizing a random subset comprising two-thirds of all samples,
while leaving one-third for validation. Crucially, the optimization of node-size, mtry, and ntree
is essential for achieving optimal predictive performance. The Root Mean Square Error
(RMSE) of the training datasets was used to optimize the m¢ry and ntree in order to determine

the optimal RF model for quantifying the distribution of SOC (Table 3.3).

Table 3.3: Random Forest (RF) defined hyper-parameters.

Hyper- Parameter as used Parameter Description
Algorithm  parameters
RF Mtry 25 Number of input variables
Ntree 41 Number of trees
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Node size 1 Number of observations

Random State 42 Possible combinations of the
dataset

3.2.8 Predictor Variable Selection

Literature suggests that as the number of input variables increase, RF becomes more complex
(Odebiri et al., 2020). For RF model, it is advisable to use a smaller number of predictors to
minimize complexity and chances of multicollinearity. Therefore, to prevent multicollinearity,
a Pearson correlation test was executed. As a results, one predictor between two highly
correlated predictor was eliminated from the input datasets using Out-Of-Bag (OOB) method
suggested by Behnamian et al. (2017) . The OOB error rate method is commonly used for
eliminating all the input variables with less or no contribution towards the accuracy of the
model. The backward elimination method was adopted until the best number of predictors was
obtained. Consequently, a total of twenty optimal predictor variables were utilized to generate

the final digital SOC distribution map at all selected depths.

3.2.9 Accuracy Assessment

Using a 70-30 holdout validation technique, the RF model's efficacy in measuring SOC in a
woody encroached landscape was evaluated. The total input dataset (N = 120) was separated
into 70% (n = 84) for training and 30% (n = 36) for testing the datasets. To reduce the
probability of sampling bias, a 10-fold cross validation was adopted. The Root Mean Square
Error (RMSE) and R? were presented in order to evaluate the model's overall performance.
RMSE report the difference that exist between the observed and estimated SOC values. The
R?, always between 0 to 100 %, indicate the percentage of the response variable variation that
is described by the model. Additionally, the significance of each predictor variable to the
overall performance of the RF model was assessed using Shapely Additive Explanations

(SHAP)
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3.3 Results

3.3.1 Summary Statistics
The summary statistics describing the predicted SOC data at different soil depths are reported

in Table 4. SOC data for the three soil depths indicated a normal distribution. The SOC stock
varied between 0.037 and 0.095 g in the three soil layers. The Coefficient of Variation (CV)
was noted to be low for all the soils depths (< 17 %). Results show that the distribution of
sample values were negatively skewed for both 30 cm and 100 cm and positively skewed for
60 cm (Table 3.4). The results further show that SOC distribution decreased with increasing

soil depths and is mostly concentrated at the 30 cm depth (Figure 3.1).

Table 3.4: Basic statistics of SOC at different soil depths.

Depth  Minimum Mean Maximum Standard Standard Skewness CV Kurtosis

(cm) (2) (2) (2) deviation Error (%)

0-30 0.057 0.077  0.095 f)g())09 0.002 0.309 11,69 -0.158
30-60  0.046 0.061 0.069 0.006 0.001 -1.231 9,84  1.269
60-100  0.037 0.049 0.061 0.008 0.002 0.302 16,33 -1.330

41



Figure 3.1: Soil Organic Carbon distribution at three different soil depths (30 cm, 60 cm &
100 cm).

3.3.2 Horizontal distribution of SOC
The Figure 3.2 shows the distribution of SOC stock at horizontal distance from the boundary,

a centre between pristine and woody encroached landscape, towards either woody encroached
or pristine grassland for all the investigated soil depths. Figure 3.2 (a), suggest that the amount
of SOC increases from the boundary towards the centre of a woody encroached landscape and
decreases from the centre toward the edges of the encroached landscape. A similar trend is
observed when moving from the boundary towards the centre of a pristine landscape, however,
SOC continue to increase towards the edges (Figure 3.2.a). For Figure 3.2 (b), SOC distribution
decreases from the boundary to the centre of the pristine grassland and further decrease toward
the edges. These results demonstrate the spatial variability of SOC stocks between a woody

encroached and pristine grassland.
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Figure 3.2: The horizontal distribution of SOC from the boundary towards centre of Woody
encroached or pristine landscape. (a) SOC distribution at the depth of 30 cm, (b) 60 cm, and
(c) 100 cm.

3.3.3 Evaluation and Performance of Model

The Random Forest (RF) model, utilizing spectral vegetation indices and satellite bands,
demonstrated strong performance in modelling the spatial distribution of soil organic carbon
(SOC) in deeper soil depths of woody-encroached Bisley Nature Reserve exhibiting R? of 0.79
and RMSE of 0.254 t/ha. Figure 3.3 presents the correlation between the predicted and
observed SOC values as modelled by the RF algorithm.

Figure 3.3: Scatterplot of measured verses predicted SOC values at 0-100 cm depth.

3.3.4 Variable Importance Ranking

Figure 3.4 illustrates the importance and contribution of each predictor variable towards the
performance of RF model in quantifying SOC distribution at the depth of 0-100 cm. The Figure
reveals that VH, Band 11, and Slope were among the top three of the most important variables
for predicting SOC in deep soils of a woody encroached grassland. A closer look at Figure 3.3
shows that VH had the highest contribution while NDVI had the smallest importance and

contribution toward the performance of the RF model.
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Figure 3.4: Variable importance ranking for SOC across a woody encroached grassland at 0-
100 cm.

3.3.5 Spatial Estimation of SOC

Figure 3.5 (a) shows SOC accumulation across a woody encroached grassland, while Figure
3.5 (b) illustrate different landcover classes located at the study site. A closer look at the maps
shows that SOC is predominantly located in central and western parts of the grassland for all
the soil depths highly invaded by woody vegetation. Furthermore, landscapes located at the
southern and northem parts of the grasslands are dominated by low SOC stocks concentration,
and these areas are mostly dominated by grasses. The study clearly shows that SOC 1is
concentrated in areas dominated by woody vegetation, compared to areas under the dominance
of grasses for all the investigated soil depths. The maps depict that there is minimal variation

of SOC distribution for all the investigated soil depths.
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3.4 Discussion

This study used RF and remotely sensed data to model SOC distribution at different soil depths
of Bisley Nature Reserve affected by woody proliferation. Our statistical analysis revealed that
there is noteworthy variation in SOC distribution between the investigated soil depths. Figure
3.2 shows a strong resemblance of SOC stock noted at the depth of 30 cm and low accumulation
observed at the depth of 100 cm. This finding is consistent with Zhou et al. (2017) who
observed high SOC concentration in the 0-15 cm depth increment, and minimal alteration of
SOC in deep soils after woody encroachment. According to Zhou et al. (2018), plant roots and
root exudates have pronounced impact on SOC distribution because most organic matter in the
soil is derived from the root turnover, while Perry (1989) notes that roots of large trees are well
entrenched and tougher than immature trees, preventing root turnover in deeper soils. Notably,
the bedrock in study area is near the surface, thus restricting root distribution in deeper soils,
reducing SOC sequestration (Angst et al., 2018; Kirfel et al., 2019). Furthermore, in terms of
SOC stabilization, the results presented by the current study are a response to woody plants
that are relatively young (<100 years)(Kraai et al., 2023). According to Hibbard et al. (2003),
it takes more than 200 years for SOC to reach stabilization in deeper soils after woody
encroachment. Correspondingly, Zhou et al. (2017) notes that a strong SOC resemblance is
expected in deeper soils after at least 400 years of woody invasion. For this reason, most woody
trees in the study area have not undergone root decay, thus reducing root turnover at deeper
soil depths. Hence, SOC accumulation is more amplified in topsoil compared to deeper soils
(Yang et al., 2023). Moreover, deeper roots are associated with endurance and gradual turnover

compared to roots closer to the surface.

The RF regression analysis revealed that there is a strong resemblance of SOC distribution in
woody encroached landscapes compared to landscapes dominated by pristine grasses (Figure
3.5). This is because woody encroached areas are dominated by significant litter
decomposition, which inform SOC accumulation (McGrath & Zhang, 2003; Odebiri, Mutanga,
& Odindi, 2022; Zhou et al., 2017). The study also reveals that SOC stocks intensely dominated
the central parts of woody vegetated landscapes and declined toward the edges dominated by
pure grasses (Figure 3.2 and Figure 3.5). Similarly, the study by (Zhou et al., 2018) established
that woody vegetation near the centre is usually older than those closer to the edges, thus
explaining the high amount of SOC in the centre of a woody encroached landscape compared

to the edges. Previous studies suggest that the establishment of woody vegetation in a grassland
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greatly amplifies the distribution of SOC pool, suggesting an interconnected relationship
between woody encroachment and SOC stocks (Daryanto et al., 2013; Liu et al., 2011). The
translocation of SOC and nutrient particles via fluvial, aeolian, and animal transport processes
from grass dominated landscapes to areas dominated by woody encroachment, substantially
amplifies nutrient and SOC accumulation in woody invaded landscapes (Liu et al., 2011; Okin

et al., 2009).

The results also revealed that VH band had the highest importance and contribution in the
performance of the RF model (Figure 3.4). VH polarization is more sensitive to vegetation
density and structural changes and is not affected by weather or clouds (Luo et al., 2024). Even
though the frequency of backscattered radar signal of S1 sensor is not a direct measure of
vegetation, the backscatter detected in VH band is directly linked to the above ground
vegetation (Duarte et al., 2024). Therefore, VH cross polarization band provide crucial
information about the physiological state and changes of above ground biomass which relate
to the accumulation of SOC stocks. The study by Santos et al. (2023) also discovered VH
polarization to be the most important variable explaining SOC distribution for RF model since
it has the ability to penetrate the ground. Additionally, topographic derivatives, slope and TWI,
were among the most significant input residuals for detecting the concentration of SOC at
deeper soil depth, across a woody encroached grassland. Similarly, Zhou et al. (2020) observed
that topographic variables obtained high accuracy compared to S1 and S2 data when estimating
SOC pool. The study by Barbosa et al. (2014) suggest that slope is the key determinant of
vegetation density and thus explaining SOC pool. According to Tziachris et al. (2019), toe-
slope positions are associated with high SOC concentration, due to high vegetation biomass,
compared to mid-slopes, and thus explains the robustness of the slope in explaining SOC

distribution.

The integration of topographic variables, S1, PlanetScope and SAR data performed well in
modelling the horizontal and vertical accumulation of SOC pool across the study area (Table
3.4). The current study concludes that combining SAR and PlanetScope with topographic
factors improves the prediction of SOC within a woody encroached grassland. Moreover, the
study indicates that the use of RF regression model, based on combined remotely sensed input
variables provide a reliable and effective methodology for modelling SOC in woody
encroached ecosystems (R? of 0.79 and RMSE of 0.254). The results demonstrated the ability
of RF to select the best input variable for producing SOC distribution maps (Figure 3.5). One

of the shortcomings of RF regression algorithm is failure to deal with complicated and

47



heterogeneous data (Odebiri et al., 2020). However, the current study utilized less complicated
dataset with few predictor variables, thus explaining the success of RF model in predicting

SOC.

Our results have revealed more concentration of SOC in woody encroached landscapes
compared to grass-dominated landscapes (Figure 3.5). Previous literature has revealed that
SOC stocks promote productivity and stability in grasslands and is crucial for climate change
mitigation (Conant, 2010; Ghosh & Mahanta, 2014; Tessema et al., 2020). However, its role
on reducing and degrading grasslands has not been well documented, particularly after woody
plants encroachment. O. Van Auken (2009) and Wolkovich et al. (2010) note that due to
increased soil fertility and SOC enrichment in woody encroached landscapes, the dominance
of woody plants is most likely while grasses degrades. Hence, its adverse impact on grasses
overrides its positive impacts. Additionally, the study has established more concentration of
SOC stocks in central parts of the reserve, hence priority should be given to these landscapes

for effective management of the reserve and reduction of woody invasion.

3.5 Conclusion

We used topographic factors, PlanetScope and SAR data to quantify the accumulation of SOC
in Bisley Nature Reserve using ML techniques. The study established that integration of
spectral information with vegetation indices provide valuable information for monitoring SOC
distribution in woody encroached grasslands. RF model performed well in predicting SOC in
the study area, e.g. exhibiting R? of 79.0 and RMSE of 0.254 t/ha. A strong resemblance of
SOC was observed as a depth of 30 cm compared to both 60 cm and 100 cm. Furthermore,
SOC was established to be more concentrated in the central parts of the nature reserve and
decreased towards the edges. We conclude that freely and accessible SAR and PlanetScope
data and topographic factors provide more opportunities to quantify SOC stocks in grasslands.
The study is beneficial to reserve managers and policymakers to make informed decisions on
managing and conserving the nature reserve. The methodology presented in this study is a cost
effective and time efficient procedure of monitoring SOC distribution across woody
encroached grasslands. We, however, suggest that future studies explore the combination of
bioclimatic variables with remotely sensed data to model SOC stocks in woody encroached

landscapes.
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Chapter Four: The Synthesis

4.1 Introduction

The primary focus of this study was to apply remote sensing techniques to quantify the spatial
distribution of SOC stocks across a woody-encroached grassland. This chapter reviews aims
and objectives established in the introduction section (Chapter One) against conclusions. The
chapter also contextualize the major conclusions and recommends potential opportunities for

future research.

4.2 Objectives Reviewed

4.2.1 First Objective:

Quantifying the influence of woody encroachment on soil organic carbon across Bisley

Nature Reserve using PlanetScope data

The shift from a grass- to a woody-dominated ecosystem has an influence on the accumulation
of SOC in grassland. The advancement in remote sensing technology promises to revolutionize
SOC monitoring particularly in grasslands affected by woody encroachment (Honda &
Durigan, 2016; Liu et al., 2011). Therefore, PlanetScope spectral bands and vegetation indices,
and DNN model were combined to evaluate the spatial variability of SOC between a woody
encroached and pristine landscape of Bisley Nature Reserve. Based on the findings of this
study, SOC was noted to be more concentrated in areas dominated by woody vegetation
compared to landscapes dominated by pristine grasses. The strong resemblance of SOC in
areas dominated by woody encroachment is associated with high litter biomass and
decomposition that inform SOC accumulation (Fantappi¢ et al., 2010). The DNN model and
PlanetScope spectral information yielded acceptable accuracies with RMSE of 1.90 t/ha and
R? value of 0.64. The performance of DNN model can be credited to the unique capability of
the model to read complex interrelationships between different environmental variances
(Odebiri, Mutanga, & Odindi, 2022). Therefore, the combination of DNN model and
PlanetScope data, with improved spatial resolution (3m) and includes red-edge band, provide
a huge potential for continuous monitoring of SOC distribution across woody encroached
grasslands. Hence, the study provides baseline information that can be utilized by
environmental managers to monitor SOC and thus, make informed conservation decisions.
Although the study has established that woody encroachment tends to amplify SOC

accumulation in grasslands, these results are not conclusive, since SOC was only evaluated at
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a depth of 30 cm. This presented an opportunity for further assessments of SOC distribution is

deeper soil depths of a woody encroached grassland.

4.2.2 Second Objective:

Modelling of soil organic carbon at different soil depths of a woody encroached grassland

using fused remotely sensed data and machine learning

The accumulation of SOC at depths of 0-30 cm, 30-60 cm, and 60-100 cm was estimated using
topographic variables, SAR, S2, PlanetScope data and RF model. The results show that there
is variation in SOC distribution among the investigated soil depths. According to the findings
of the study, among the investigated soil depths, SOC was mostly concentrated at the depth of
0-30 compared to 60 cm and 100 cm. These findings are consistent with the observation made
by Zhou et al. (2017) which conclude that SOC is concentrated in topsoil compared to deeper
soils. The current study concluded that the combination of SAR, S2, PlanetScope, topographic
factors and RF model improves SOC modelling at different soil depths of a woody encroached
grassland. Interestingly, RF model performed well in predicting SOC at different soil depths of
the study area, i.e. exhibiting R? of 79.0 % and RMSE of RMSE of 0.254 t/ha. Therefore, future
research can adopt similar technique to quantify SOC distribution or other environmental
residuals. This study provides baseline information that can be utilized by Bisley Nature
Reserve managers to monitor the spatial distribution of SOC and making informed decisions

about the influence of woody encroachment in the reserve.

4.3 Conclusion

The major aim of this study was to quantify the influence of woody encroachment on SOC
pool in Bisley Nature Reserve, Pietermaritzburg, South Africa. The study established that
landscapes dominated by woody encroachment exhibit high concentration of SOC stocks when
compared to landscapes dominated by pure grasses. The spectral bands and vegetation indices
of PlanetScope yielded excellent accuracies when predicting SOC stocks across woody
encroached and pristine grasslands. Also, DNN model produced acceptable accuracy when
quantifying the spatial variability of SOC within woody encroached grasslands at a localized
scale. Finally, this study contributes to better understanding of SOC accumulation in grasslands

affected by woody encroachment.

The second objective sought to model soil organic carbon at different soil depths of a woody

encroached grassland using fused remotely sensed data and machine learning. The study
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established that SOC is concentrated at depth of 0-30 cm, when compared to deeper soil depths
(< 30 cm). The study established that integration of SAR, S2, PlanetScope, topographic
variables and RF model provide valuable information for monitoring SOC accumulation in
woody encroached grasslands. The results of this study enhance our comprehension of SOC
distribution across woody encroached landscape and improve SOC monitoring and, ultimately,

enhancing woody plant invasion management in protected grasslands.

4.4 Recommendations and directions for future research

Regardless the success achieved by this study in quantifying SOC stocks in woody encroached
grassland using remote sensing technology, more research is still required to explore the full
potential of these cutting-edge approaches in modelling SOC in various areas. Future studies

can:

e Evaluate the capability of image fusion at wider spatial extent using ML techniques,
particularly at catchment scale.

e Evaluate and invest on high spectral resolution datasets such as hyperspectral remote
sensing for more accurate soil organic carbon quantification.

e Evaluate the influence of different management practices such as fires, slashing, and

herbicides, on soil organic carbon accumulation in protected grasslands.

Although SOC has been proven to better soil quality and nutrient availability in grasslands,
there is a need for future studies to thoroughly investigate trade-offs of having high
concentration of SOC after woody encroachment, particularly in protected grasslands and

catchment areas.
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