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ABSTRACT

The proliferation of aggressive invasive alien species (IAS) such as poplar (Populus spp) poses a
significant threat to both natural and human-modified ecosystems, because it is highly adaptable and
has the ability to outcompete and displace important native species, particularly in rangelands and
remote areas. This has raised serious concerns among conservationists and land managers. Therefore,
there is a need to implement effective measures to monitor and manage the spread of poplar in
potentially invaded landscapes. In South Africa, poplar commonly occur in several geographic
regions but is merely allowed under strict legal restrictions in specific areas. To understand the
geographic distribution and patterns of poplar across landscapes, it is crucial to use approaches based
on geographic information technology (GIT) involving remote sensing and Geographical Information
Systems (GIS), as they have consistently shown the ability to uncover complex patterns. While these
techniques have been used globally to study IAS, it is surprising that poplar research in the country
has not yet made full use of them. In response, the current study is the first to address this research
gap as it investigates, and review and test the GIT applications in studying poplar trees in South
Africa. This study aims to explore geospatial techniques to map and classify, model, and predict

poplar distribution patterns. To achieve this aim, a set of four specific objectives were developed.

In the first objective, the study synthesized and reviewed 148 peer-reviewed poplar studies from
Scopus, Google Scholar, and Science Direct databases. The primary goal of this review was to
determine the extent to which geospatial tools have been used to study poplar and to identify any
existing gaps. The analysis revealed a significant increase in the use of Earth observation for poplar
research between 1991 and 2022, using predominantly airborne platforms, especially LIiDAR, then
satellites and, to a lesser extent ground-based sensor platforms. More than two-thirds of the studies
were conducted in the Global North, much of which took place in agricultural regions, while some
covered forested and riparian zones and relatively less over urban areas and mountainous regions.
Spectral indicators have been widely used to assess poplar health and productivity, with increasing

use of machine learning.

In the second objective, Sentinel-2 imagery combined with Random Forests (RF) was used to map
poplar in the northeastern Free State province of South Africa. The study aimed to address the current
gap in mapping IAS in mountainous areas. The study successfully: (a) identified and distinguished
poplar tree species from other land cover classes in the study region throughout the year, (b) analysed
the usefulness of Sentinel-2 bands and their combinations in the mapping process, and (c) evaluated

the mapping accuracy for the first and second half of the year. The findings revealed that images from

iv



the first half of the year (Jan-Jun) had a higher classification accuracy (overall accuracy: 91% and
Kappa: 0.89) compared to images from the second half of the year (Jul-Dec) (overall accuracy: 87%
and Kappa: 0.87). Variables such as SWIR-1, NDVI, Blue, PI-1, MNDWI, NIR, and PI-3 were
identified as crucial parameters in the classification of poplar trees in mountainous areas. Overall, the
study showed that Sentinel-2 bands and indices with the RF classifier holds much potential for

mapping poplar alien trees in mountainous environments.

In the third objective, the study used a generalized linear model (GLM), RF, and Support Vector
Machines (SVM) to predict the potential habitat of poplar trees in South Africa under the current
climatic conditions, thereby assessing the influence of different climatic parameters. The study found
that all models performed well, with RF outperforming SVM and GLM. Geographically, the highest
concentrations of suitable poplar habitat were found in the high-rainfall areas of South Africa. The
study's analysis further revealed that annual precipitation, as well as precipitation during the driest
and warmest quarters, significantly influenced the distribution patterns of poplar trees. Overall, the
study demonstrates that regression and machine learning algorithms show promise in predicting

suitable habitats for invasive alien species such as poplar.

In the fourth objective, the focus of the study was to investigate the local environmental factors that
can potentially influence the presence and distribution of poplars in mountainous areas. The study
used a GLM to identify these factors and then ranked them based on their influence on poplar
distribution using a RF strategy. The GLM analysis indicated that soil composition (specifically soil
organic carbon, sand, and silt), topographical features (slope and aspect), surface moisture content
(NDMI), and distance from rivers are all significant factors affecting the presence of poplars. Upon
ranking these factors, the study found that the most influential factors were aspect, slope, and distance
from rivers, followed by sand, silt, NDMI, and soil organic carbon. The findings of the study align
with previous research, suggesting that topographical features and water availability are the primary
drivers behind the spread of alien invasive plants.
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CHAPTER 1 GENERAL INTRODUCTION

1.1 INTRODUCTION

The Poplar tree species are native to Asia, Europe, and North America, comprising around 35 species of
deciduous flowering plants in the Salicaceae family (Danise et al. 2021). With its significant genetic
diversity, Populus can reach heights of 15 to 30 meters and have trunks up to 2.5 meters in diameter
(Orlovic et al. 1998; Henderson, 2020). This species is valued for its wood production, rapid growth, and
adaptability to various environments (Khayatinejad Aqgonbad et al. 2022). Its ecological benefits include
erosion control, soil stability improvement, and nutrient cycle enhancement (Zhang et al. 2019). Poplar
trees flourish in humid environments characterized by high rainfall and optimal temperatures (Mapuru
et al. 2024). While they are native to most Global North countries, they are considered invasive alien
species (IAS) in the Global South countries, including South Africa. In South Africa, strict conditions
allow only certain species of poplar in specific areas due to their potential negative impact on local
biodiversity (Henderson, 2007).

The presence of alien plants, such as poplar, is a significant problem in South Africa (Ntshidi et al. 2018).
These plants harm the environment by altering groundwater systems, surface run-off, and intensifying
floods, while also amplifying the potential occurrence of destructive wildfires (Gorgens and Van Wilgen,
2004). Alien species outcompete native plants for water resources, directly impacting groundwater
reserves and the flow of streams (WWF, 2016). According to WWF (2016), invasive plants use over 1
billion m® of water yearly. This water is sufficient to irrigate more than 100000 hectares of cultivated
land (WWF, 2016).

IAS often have deeper roots and tend to be taller than the native plants occurring in their immediate
surroundings (Liu et al. 2023). These characteristics enable them to significantly increase their
productivity, resulting in their dominance in invaded landscapes (Versveld and Van Wilgen, 1986). Their
increase also results in greater fuel loads, intensifying wildfires and causing damage to soil and vegetation
(Vega et al. 2022). The intense fires can create water-repellent layers in the soil, further contributing to

soil erosion (Smith et al. 2011). The increase in, sediment in water due to soil erosion compromises
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water quality, impacting aquatic ecosystems. A study conducted by Richardson and Van Wilgen (2004)
also highlighted how IAS disrupt rangeland quality, affecting livestock, wildlife, and biodiversity.

The impact of IAS goes beyond causing environmental damage and also leads to economic losses in
South Africa. For instance, the Department of Environmental Affairs (DEA) (2018) indicates that the
annual cost of clearing these species in the country is approximately R600 million. This money could be
better utilized or invested in other critical areas to support life in South Africa. While a government body
such as DEA have been crucial in the clearing, monitoring, and managing alien invasive species in the
country, the Biodiversity Act 10 of 2024 includes the participation of private property owners in the

management of alien invasive species.

According to the Biodiversity Act 10 of 2024, landowners must monitor and manage the presence of
alien plants on their property. The first step is to identify these plants and then apply the necessary
methods to either remove or control them (Wilson, 2017). There are three standardized approaches for
controlling or removing alien plant species: mechanical, chemical, and biological methods (van Wilgen
et al. 2001). The mechanical approach involves physically destroying or removing the plants (Nufiez-
Gonzaélez et al. 2021), while chemical methods include applying herbicides (van Wilgen et al. 2001).
Biological control entails releasing natural enemies to reduce plant health and population (Clewley et al.
2012). Regular monitoring is essential for identifying emerging seedlings for ongoing removal. Regular
monitoring using traditional survey can be costly and labour-intensive and may be difficult to apply in
remote or inaccessible areas. In such cases, Remote Sensing and Geographical Information Systems can
be valuable tools for mapping and identifying of alien invasive species of interest (Bley Dalouman et al.
2023). These tools are especially important for planning clearing and treatment, as well as monitoring
cleared and invaded sites at lower costs (Adam et al. 2017).

Mapping invasive alien species through remote sensing can be achieved with imagery from sensors such
as Sentinel (see Kattenborn et al. 2019; Zagajewski et al. 2024), Landsat (de Sa et al. 2017; Calleja et al.
2019), and Moderate Resolution Imaging Spectroradiometer (MODIS) (Wallace et al. 2016; Landmann

et al. 2020), provided that the species has distinguishing characteristics. For example, Rajah et al. (2019)
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used Sentinel 1 and 2 along with Support Vector Machine (SVM) to detect and map invasive alien species
at Drakensberg Park, South Africa, achieving an accuracy of 80%. Valero-Jorge et al. (2024) studied the
mapping and monitoring of Dichrostachys cineria using a combination of machine learning and Landsat
imagery. Their results indicated that Random Forests outperformed other methods, achieving an overall
performance of over 90%. Using the MODIS dataset, Wallace et al. (2016) accurately mapped
approximately 49% to 55% of invasive Buffelgrass in Southern Arizona. Andrew and Ustin (2006) used
an airborne hyperspectral imaging sensor to identify Lepidium latifolium in California, while Mitchell
and Glenn (2009) identified Euphorbia esula in Southeast Idaho using HyMap. Data derived from remote
sensing is typically used with traditional survey data to create invasive alien species maps, aiding in early

detection and focusing control efforts.

One effective strategy for managing and understanding the distribution of invasive alien species is
Species Distribution Modelling (SDM). SDMs use spatial occurrence data and a range of environmental
factors to predict spatial patterns of environmental suitability for species (Elith and Leathwick, 2009).
These models can forecast how species distribution patterns may change in response to global changes
(Hill et al. 2015). Machine learning techniques have been used in SDMs to identify and prioritize the
contribution of various predictor variables in determining the spread of invasive trees (Elias et al. 2019;
Mapuru et al. 2024). These techniques have been successfully applied in plant studies. For example,
Zhang et al. (2020) used Random Forests (RF) to predict the potential distribution of Anredera cordifolia,
and temperature was found to be the most influential parameter impacting the species’ distribution
patterns. Additionally, Kaky et al. (2020) assessed the effectiveness of MaxEnt and ensemble modelling
approaches in predicting the potential spread of Egyptian medicinal plants. Understanding the
distribution trends of invasive alien plants is crucial, as it provides insight into species habitat preferences
and the factors influencing their spread. This information is essential for planning clearances, monitoring,

and control interventions for these species.



1.2 SIGNIFICANCE OF THE STUDY

The poplar tree is valuable for commercial purposes in many parts of the world, but it is an invasive alien
plant in South Africa. Despite significant scholarly interest in studying poplar physiological traits,
morphological characteristics, and growth patterns using remote sensing, there is a lack of comprehensive
research reviews on how, where, and when remote sensing techniques have been used to study these
trees. The current study aimed to fill this gap by analyzing articles that used remote sensing techniques
to study poplar species across the world. This review focused on applications, methods, spatiotemporal
trends, goals, and indicators used to study poplar. The study critically examined various application
trends and identified important research gaps for subsequent studies. The study revealed a significant
increase in research on poplar trees that utilizes remote sensing techniques. Among these, airborne
LiDAR is the most commonly used platform, followed by satellite and ground-based remote sensing
platforms, particularly in countries of the Global North. The findings also showed that only a few studies
have focused on poplar trees in mountain and urban areas. While the mentioned remote sensing platforms
data have been employed to study poplar trees globally, there is a notable lack of such research in the
Global South, including South Africa. This highlights a significant research gap that this study aims to

address.

The presence of poplar trees as invasive species in South Africa's delicate landscapes has raised concerns
due to their high-water requirements and their ability to thrive near streams and other water sources. This
poses a threat to riverine ecosystems by depleting water resources and impacting groundwater levels and
surface runoff (Ntshidi et al. 2018). Additionally, they outcompete indigenous vegetation for essential
resources (SANParks, 2020). To address this issue, the South African National Parks (SANParks) has
been actively removing poplar trees and monitoring new species in its national parks to control their
aggressive spread (SANParks, 2020). While the SANParks approach is effective, the extensive areas that
need to be cleared make locating and removing the poplar trees costly and laborious. Geospatial
techniques have the potential to accurately locate, map and predict the distribution of poplar species and
their suitable habitats based on comprehensive environmental-climatic requirements. However, the

application of geospatial techniques in locating and mapping poplar in SANParks has not been fully
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explored. The current study used machine learning and regression techniques to bridge this research gap
by predicting poplar invasions and identifying suitable habitats in South Africa. The study further
identified sites that have the potential to host poplar species and Golden Gate Highlands National Park
(GGHNP), an entity of SANParks, came out as one. To leverage the knowledge and understanding of
poplar drivers in GGHNP, a study as part of this research has been conducted to investigate the

environmental variables behind the distribution of poplar species.

An important finding from the current study review is the realization that there is very little research on
poplar invasion in mountainous areas using remote sensing across the globe. Meanwhile, mountainous
areas are considered hot spots for poplar invasion due to high rainfall. While there is a need to map and
quantify poplar invasions and resource use in these areas, it is difficult to achieve accurate results with
remote sensing due to shadows resulting from relief and energy differences, as this decreases mapping
accuracy, especially when using passive sensor products. Using composite Sentinel-2 imagery and
indices with machine learning techniques has shown the capacity to map alien invasive species in
mountainous areas effectively. However, this methodological approach was yet to be tested in
mountainous areas of South Africa. To address this gap, a combination of Random Forest machine-
learning classifier and Sentinel-2 sensor images have been used to discriminate poplar trees against other
land cover features in the mountainous landscapes of South Africa and achieved impressive results with
above 85% overall accuracy across all phases of the year. The study also identified specific spectral
bands and derived indices crucial for distinguishing poplar from other land cover types and highlighted
important periods of the year for this study. The study's sound results imply that maps derived from this
classification process can be utilized to update the inventory of alien trees in South African mountainous
systems. Overall, the research demonstrated the potential of geospatial techniques in effectively
discerning, identifying, and predicting the spatial distribution of poplar species.

1.3 RESEARCH AIM AND OBJECTIVES

The primary aim of this research was to explore the capacity of geospatial technologies involving remote
sensing analysis for mapping and predicting the distribution and patterns of poplars in South Africa. To

achieve this aim, the following specific objectives were formulated:
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1. Review and synthesize remote sensing studies of poplars over a 30-year period (1991-2022).

2. Examine the capacity of the Random Forest algorithm and Sentinel-2 images for discriminating
poplar species against other land cover types in mountainous regions.

3. Predict the potential suitable habitat of poplar trees using regression and machine learning
techniques in South Africa.

4. ldentify the local environmental variables which influence the occurrence and distribution of

poplar in mountainous areas.

1.4 STUDY REGION

The study was carried out at both national and local spatial scales in South Africa (Figure 1.1). This was
due to the availability and compatibility of datasets necessary to fulfil various study objectives. Chapter
4 of the study, which focused on predicting suitable habitats for poplar trees, was conducted at a national
scale to complement the spatial resolution of bioclimatic variables. Chapters 3 and 5 were conducted at
the local scale in the eastern Free State, where the poplar tree is a significant invasive species. The
approach taken in this study involves initially building a model at a local scale and then scaling it up to
a national level, with a focus on identifying suitable areas for poplar invasion. As a result, the study area
description encompasses aspects of South Africa at large, which is built based on the detailed exploration

of the eastern Free State.
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Figure 1.1 Location of the study area in the eastern Free State Province of South Africa

South Africa

South Africa is located in the southern part of the African continent. Its average height above sea level
is approximately 1000 meters (Van Wilgen et al., 2020; King, 1942). The country experiences dry and
cold winters and humid and warm summers (Blamey et al., 2017). Most South African provinces receive
rainfall in summer, while the Western Cape experiences winter rainfall. On average, the country receives
around 464 mm of rainfall annually (Roffe et al., 2019). South Africa has 9 vegetation zones, including
Succulent Karoo, Albany thicket, Savanna, Forest, Desert, Fynbos, Karoo, Grassland, and Nama-Karoo
(Dayaram et al., 2019; Mucina and Rutherford, 2006). The topography of South Africa includes the Great
Escarpment and Cape Fold Belt mountains (Haughton, 1969).



Eastern Free State

The eastern Free State is located in the Free State province of South Africa and is characterized by its
mountainous terrain, with elevations ranging from approximately 1500 to 3000 meters above sea level
(Brand et al. 2013). The region experiences warm-to-hot summers and cool-to-cold winters, with an
annual rainfall of 500 to 800 mm (Kay et al. 1993; Mapfumo et al. 2020). Winter brings frost and
occasional snowfalls in the higher-lying areas, while summer temperatures average around 35°C and
winter temperatures around 5°C. The eastern Free State falls under the Drakensberg and mesic grassland
bioregion, featuring wild grasses like Themeda triandra, Eragrostis species, Digitaria argyrograpta, and
Tristachya leucothrix (Mucina and Rutherford, 2006). Additionally, tree species such as Acacia karroo,
Olea europaea, Searsia lancea, and Populus can be found in the area (SANParks, 2020). Geologically,
the region is underlain by sedimentary rocks of the Beaufort and Karoo supergroups (Rutherford et al.
2015). The watershed and tributaries of the eastern Free State contribute significantly to the Vaal and

Orange River systems, which in turn supply water to the economic hub of the country.

1.5 THESIS DESIGN AND OUTLINE

The research design presented in Figure 1.2 shows the framework within which this thesis is constructed.
As shown in Figure 1.2, the design of this work divided the thesis into two interrelated geospatial
segments. The first is the use of remote sensing applications on poplar, where the systematic review of
peer-reviewed studies on this subject is provided (in Chapter 2), and the classification as well as spectral
separability in a poplar-invaded landscape is presented (in Chapter 3). The second segment involves the
use of machine learning-based models to evaluate possible habitats for invasion by poplar using presence
data and environmental variables (Chapter 4), and to explore environmental variables that potentially
influence poplar distribution (Chapter 5). The systematic review is undertaken globally to uncover
patterns of poplar studies in terms of generally used satellite products and methods, after which the
modelling is carried-out in South Africa, to paint a picture of potential areas for poplar invasion. Because
of vast areas of possible invasion in the country, which also includes the eastern Free State, the test of
influencing variables and the classification were carried out in this region. It is believed that the overall
executions of individually interconnected workflows can provide background information on geospatial

applications in the country and gain insights from around the world. These are hoped to help advance
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conservation efforts of poplar as it is a species of concern (/isted as Category 1D species which essentially

mean that it cannot be planted, regrown, or sold, they should be controlled) in South Africa.
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-
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/

SYNTHESIS AND CONCLUSIONS
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= Recommendation and outlook
= Conclusions
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THAT INFLUENCE THE DISTRIBUTION OF
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(CHAPTER 5)
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= Common sensors, methods, and biophysical variables
= Limitations and outlook

~
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SENTINEL-2 BASED CLASSIFICATION AND
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(CHAPTER 3)
= Sentinel-2 based classification of poplar
= Poplar spectral discrimination from other land classes
= Most influential spectral variables

\ Performance assessment
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/
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(CHAPTER 4)
Modelling poplar distribution in South Africa

= Modelling environmental and bioclimatic variables
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= Model performance

= Implications for protected areas

o

Figure 1.2 Research design
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This research is organized into six chapters. Chapters 2 to 5 are independent research publications directly

related to the research objectives outlined in section 1.3. Each chapter includes an introduction,

methodology, results, discussion, and conclusions. Chapters 1 and 6 provide a general introduction and

conclusions for this thesis.

Chapter 2 synthesized and reviewed scientific articles where remote sensing tools and procedures have

been applied to quantify the existence and spread of poplar plants across the globe. This chapter offers

msights into the methods, tools, spatiotemporal trends, and overall indicators used in these studies



Chapter 3 used Sentinel-2 imagery and the Random Forests algorithm to discern poplar species across
the mountainous landscape. This involved distinguishing poplar amongst other land features at various
times and identifying essential spectral bands and indices in the classification process. Additionally, the

study assessed the accuracy of the classification throughout the study period.

Chapter 4 predicted the existence and distribution of poplar trees in the country using regression and
machine learning algorithms. The study further examined the predictive power of each model while

evaluating the significant climatic variables for poplar distribution.

Chapter 5 investigated and identified the local environmental parameters that influenced the existence
and spread of poplar trees in Golden Gate Highlands National Park (GGHNP). The study further ranked
the contributions of the identified variables in influencing the presence and distribution of poplar trees in
GGHNP.
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ABSTRACT

Given the ability of remote sensing to detect distinctive plant traits, it has emerged in recent decades as
a useful and attractive research tool for forest trees such as poplars. Although poplars have been
extensively studied using remote sensing over the past thirty years, no reviews have been conducted to
understand the results of multiple applications. Here, we present a review and synthesis of poplar studies
in this regard. We searched the Scopus, Google Scholar, and Science Direct databases and found 266
published articles, of which 148 were eligible and analysed. Our results show a rapid increase in remote
sensing-based poplar publications over the period of 1991-2022, with airborne platforms, particularly
LiDAR, being predominantly used, followed by satellite and ground-based sensors. Studies are
widespread in the Global North, accounting for more than two-thirds of studies. The studies took place
mainly in agricultural landscapes, followed by forest areas and riparian areas, with a few in mountain
and urban areas. Commonly studied biophysical parameters were mostly obtained from LiDAR data. On
the other hand, spectral indicators have been widely used to monitor the health and vitality of poplar
trees, integrating various machine learning algorithms. Overall, remote sensing has been widely used in
poplar studies, and the increasing use of free satellite data and processing platforms is expected to pave
the way for data-poor countries to monitor poplar in the Global South, where resources are mainly

limited.

Keywords: poplar; remote sensing; LIDAR; review; forest
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2.1 INTRODUCTION

Ongoing developments in the field of Earth Observation have enabled the study of unique characteristics
of various tree species, including the commercially important poplar (Populus spp.). Although this
subject has attracted the attention of many scholars, reviews of the literature characterizing this research
remain a gap that this study attempts to fill. Poplar is one of the most valuable trees for industrial
production due to its desirable characteristics such as rapid growth, hybridization tendency, and
adaptability to different environmental conditions (Khayatinejad Aggonbad et al. 2022). Its high
ecological value contributes toward the restoration of degraded landscapes through seed trapping
(increasing surface roughness), soil stabilization, erosion control, and nutrient cycle improvements
(Zhang et al. 2019). While poplar occurs in many countries as a native species, it has been established in
many other places as an invasive alien species (IAS) (Kota et al. 2007; Sikorska et al. 2019). IAS are
plants introduced mainly by human activities outside their natural environment that can colonize natural
ecosystems, with varying ecological and socioeconomic consequences (Richardson and Rejmanek,
2011). Their presence and spread seriously threaten local biodiversity and are exacerbated by climate
change and limited mechanisms to address it (Gonzalez-Moreno et al. 2013). Typically, invasive alien
species have competitive traits that allow them to colonize and displace native ecosystems (Caudullo and
De Rigo, 2016). Poplar is native to regions such as Asia, Europe, and North America (Danise et al. 2021),

and invasive in many African countries.

In countries like South Africa, poplar species are common in many landscapes and are only legally
permitted in certain areas under controlled conditions (Henderson, 2007). Dense stands of cottonwood
formed through rooting can narrow and block water channels, leading to flooding and increased siltation
(Stettler, 2011). Their extensive stocks could lead to a significant reduction in the flow of the stream.
Therefore, understanding the location and extent of poplar species is crucial for biodiversity conservation
and land management. While poplar species are measurable in labor-intensive and costly field studies,

their detection through remote sensing technology seems a practical option.

Remote sensing has emerged as a crucial data source for the retrieval and analysis of forest information

because it offers a spatially continuous, highly consistent representation of the Earth’s surface (Lechner
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et al. 2020). With improvements in sensor technology and Open Data policies, as well as near real-time
image acquisition, remote sensing can provide useful information about the Earth’s surface at a lower
cost than traditional field survey methods (Szuster et al. 2011). These advances, particularly the
increasing availability of free satellite products, have expanded the options for affordable, efficient, and
effective means of addressing many biodiversity monitoring challenges (Turner et al. 2003). Since its
inception, the remote detection of poplar species from surrounding vegetation communities has been
successful and has since become an active area of research (Tonbul et al. 2020). For example, Eslami
and Zahedi (2011) identified poplar-cultivated landscapes in Iran using Indian remote sensing satellite
data with an overall classification accuracy of 91.48%. Hamrouni et al. (2021) used Sentinel-2 time series
to identify poplar plantations at the local scale with an accuracy of 89.5% to 99.3%. D’Amico et al.
(2021) used multilayer perceptron and traditional logistic regression (deep learning approach) to map
poplar plantations in Italy with Sentinel-2 and achieved an overall accuracy of 91%. Laslier et al. (2019)
used LiDAR data to map poplars in riparian zones with an accuracy of 80%. These studies demonstrate
high remote sensing capacity with growing interest in poplar research; however, their spatiotemporal
patterns, commonly used remote sensing products, and methods remain poorly understood, and there is

a need to collect evidence on the characteristics of all studies in this regard.

In this study, peer-reviewed articles related to remote sensing approaches aiming to detect the presence
and distribution of poplar species in different regions in the world were analyzed. This study provides
the first literature review of poplar remote sensing and sheds light on the spatiotemporal patterns,
application goals, methods, and indicators used. Based on these results, we provide recommendations for

future studies.

2.2 MATERIALS AND METHODS

2.2.1 Database search process

The study searched for peer-reviewed publications that have applied remote sensing approaches to
monitoring poplar species using the keywords: Remote Sensing OR Earth Observation OR NDVI OR
Landsat OR LiDAR OR Sentinel OR SAR OR MODIS AND poplar OR Populus alba OR Populus nigra

OR White poplar OR Black poplar from the Scopus, Google Scholar, and Science Direct databases. In
20



this review, the study followed the Preferred Reporting Items for Systematic Reviews and Meta-Analyses
(PRISMA) guidelines and refer the reader to Moher et al. (2015) for more information. The PRISMA
was selected because of its popularity as an evidence-based and the most methodologically justified

approach for generating systematic reports and meta-analyses (Javanmardi et al. 2020).

2.2.2 Inclusion/exclusion criteria

The search returned 266 articles, 148 of which met the criteria listed in Table 1. For emphasis, the study
excluded all articles that used (did not use) remote sensing on non-poplar species (on poplar species),
fugitive types of literature such as unpublished theses and reports from governments and institutions, and
studies not published in English (Table 2.1). The study also provides a procedure for the article search,

selection, and analysis process based on the PRISMA model in Figure 2.1.

Table 2.1 Inclusion and exclusion criteria for the review.

Inclusion Criteria Exclusion Criteria

Studies conducted on poplar species Studies conducted without poplar species
Remote sensing-based data sources Studies without the use of remote sensing data
Peer-reviewed published articles Fugitive literature and review articles

Acrticles published in English Acrticles not written in English
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Figure 2.1 A flowchart of the literature search process based on PRISMA.

2.2.3 Data analysis methods

The study compiled and classified publications into categorical variables, including publication year,
study area, location, sensor platform and type, application purpose, biophysical parameters, classification
algorithms, software, first author, and the journal in which each study was published. For each
publication, the study differentiated whether the poplar was studied as a native or non-native species.
The study also used the VOS viewer platform (van Eck and Waltman, 2010) to create title/abstract
network visualization maps, as well as ESRI ArcMap v 10.8.1 (ESRI, Redlands, CA, USA) and R studio
v 4.1.3 (R Foundation for Statistical Computing, Vienna, Austria) (Team, 2010) for visualization and

analysis.

2.3 RESULTS AND DISCUSSION

To begin the analysis of this research, the study starts off by describing the historical trend and patterns
of eligible studies for this review, followed by a presentation of all sensor products used in the poplar
studies. The study delves deeper and present the geographical distribution of the articles and their

characteristics in terms of methods, materials, and journal selection.
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2.3.1 Historical research trends

This section presents the temporal research pattern of 148 articles on poplar remote sensing published
between 1991 and 2022 (Figure 2.2). Based on the literature search, the number of publications showed
a wavy increase over this period, with most studies (67) using airborne sensors, followed by satellite (60)
and terrestrial platforms (21). The first publication in 1991 was based on an airborne sensor, and since
then, its use has steadily increased with satellites and, to a lesser extent, ground-based sensors. Ongoing

advances in sensor technology continue to refine satellite-to-ground remote sensing products, and the

increasing trend in research publications shown in Figure 2.2 is not surprising.
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Figure 2.2 Publication statistics in remote sensing of poplar species (1991-2022).

Airborne remote sensing platforms, particularly LIDAR data, have been successfully used in many poplar
studies (42 publications). Since the first publication in 1999, poplar studies using LiDAR data have
shown an increasing trend, particularly since 2006 (Figure 2.3). The choice of LiDAR is mainly based
on its ability to capture three-dimensional (3D) information on forest features, which is useful for
characterizing species such as poplars (Man et al. 2020). In addition, this product has been used in studies
to overcome saturation problems in dense forests because it transmits and receives laser pulses in a

relatively short time and still provides extensivejsdata from which biophysical information can be



obtained (Chen et al. 2021). Studies such as Xu et al. (2021) and Man et al. (2020) found LiDAR to be
useful for discerning tree species in heterogeneous dense forests and inaccessible landscapes where
poplars occur. These unique LiIDAR properties make it more attractive than other high-resolution sensors
for challenging forest stands (Wang et al. 2018; Marrs and Ni-Meister, 2019; Khorrami et al. 2022). For
modeling forest properties, variables are typically extracted from airborne LIDAR data using two
common methods (Lu et al. 2015): (a) extracting height metrics, density metrics, and forest profile
features directly from point clouds (Pirotti, 2010; Duncanson et al. 2015; Cao et al. 2019; Gao and Zhang,
2021) and (b) extracting statistics from canopy height model (CHM) data, which is the distinction
between a digital surface model (DSM) and a digital terrain model (DTM) derived from LiDAR data
(Leite et al., 2020; Lin et al., 2022).

Despite these contributions, LIDAR data are cost-prohibitive, thus limiting its use in nations with limited
resources. This could justify greater application in developed countries where resources are readily
available. Unmanned aerial vehicles (UAVS) or drones have also increasingly been used to monitor
poplar species since 2017 (Capolupo et al. 2018). While UAVs provide accurate information, the timing
of data acquisition is crucial for analysis since the acquisition is usually made upon request; the data may
only be useful if collected when the targeted plant species is distinct from its background and neighboring
areas (Huang and Asner, 2009). Therefore, to ensure accuracy in the identification and detection of
poplar, the phenology of the species needs to be taken into consideration in the surveys conducted when
there is a clear distinction between the target species and other species features.
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Figure 2.3 Remote sensing sensors used in the study of poplar species per year between 1991 and 2022.

Satellite products are arguably the most valuable remote sensing systems due to their consistent data
collection, wider coverage, and lower cost than any other means, and are increasingly being used in
poplar studies. In particular, Landsat data is the most widely used satellite product in poplar studies, with
23 publications, most of which were published after the 2008 Open Data directive. The Landsat dataset
was primarily applied in agricultural and natural forested spaces, where there was a need for a sensor that
has a high spatial, temporal, and spectral resolution (Wang et al. 2018). Sentinel-1 (5) and 2 (9) sensor
applications also made essential contributions to mapping and quantifying poplar plantations through
supervised (object-based classifier) and unsupervised (vegetation indices) remote sensing approaches
(Tonbul et al. 2020; D’Amico et al. 2021). Typically, Sentinel sensors possess better data-capturing
characteristics compared to Landsat, i.e., a spatial resolution of 10 m (visible and near-infrared bands),
20 m (red-edge and shortwave infrared bands), and 60 m (atmospheric correction bands) with a five-day
temporal resolution (Tonbul et al. 2020). However, two things could have slowed their application over

time; firstly, Sentinel sensor data became freelyosavailable to the public between 2014 and 2017,



which is the period after USGS established the Landsat open policy; secondly, Sentinel does not capture
data in the thermal infrared band, which is the electromagnetic section that assists in analyzing vegetation
stress and health. Be that as it may, Landsat and Sentinel sensors seem the most preferred due to their

spatial coverage, making them efficient in scanning large areas without saturation.

This is important for updating forest inventory and quantifying poplar production rates in agricultural
sectors. Commercial satellite products such as QuickBird, WorldView-3, GeoEye, SPOT, and IKONOS
have also been successfully used in poplar research. The introduction of the Google Earth Engine has
also enabled easy access to various sensor datasets, thereby increasing the possibility of conducting more
vegetation studies through remotely sensed data. In particular, Landsat data are the most widely used
satellite product in poplar studies, with 23 publications, most of which were published after the 2008
Open Data directive. The entire Landsat archive has since become largely open, allowing users to
perform location-specific image analysis and high-density time-series analysis at different time scales
since the early 1970s. Sentinel had 14 publications (Sentinel-1 (5) and Sentinel-2 (9)), and the latter
provides better spatial (10 m), spectral (13 bands), and temporal (3-5 days) resolution data compared to
Landsat. The Sentinel-1 satellites provide a combination of high spatial and temporal resolution of dual-
polarization SAR data. Its dense time series enables the derivation and analysis of temporally filtered
annual backscatter signals. The proliferation of free optical satellite imagery (FOSI) has opened
possibilities for all users to monitor poplar at different scales. The introduction of the Google Earth
Engine also enabled easy access to various sensor datasets, thereby increasing the possibility of

conducting more vegetation studies through remotely sensed data.

Ground-based sensors (including in situ and hand-held), which are similar to airborne systems, are mostly
operated under human supervision. Relatively few studies (21) have used these products for poplar
research. These products are well known for having better spectral and spatial resolution than most space-
and airborne sensors; however, most are costly, which limits the scope of their application in vegetation
studies. Most of these imaging spectrometers (also known as hyperspectral imagers) acquire a continuous
spectrum over a wide range of visible and/or short wavelengths, often using hundreds of spectral bands

with narrow spectral intervals. This makes them better options for poplar studies as they can correctly
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delineate floral features with greater fidelity, but their applications are still inadequate because of high
costs associated with their access for use. Some of the hyperspectral sensors used in poplar studies
include, but are not limited to, tree analyzer, Goniometer, and MAESTRO-1. The main benefit of using
ground-based hyperspectral sensors is that detailed spectral profiles can be developed for native and non-
native plants and spectral regions most sensitive to an abundance of the species of interest (Huang and
Asner, 2009).

2.3.2 Geographical distribution of poplar remote sensing studies

As previously stated, the study search results yielded 148 peer-reviewed articles, confirming that
scientists are finding remote sensing data for monitoring poplars. These studies were geographically
distributed in over 20 countries, where poplar is either native or invasive, and their wide distribution is
shown in Figure 2.4. Most studies were conducted in China (34), followed by the United States of
America (22), Italy (21), France (13), and Canada (12), accounting for over two-thirds of the studies.
The remaining publications came from Sweden (6), Australia (5), Belgium (5), Turkey (5), Germany (4),
the Netherlands (4), Argentina (3), Hungary (3), Spain (3), India (2), and one each from the United
Kingdom, Greece, Iran, Japan, and Chile (Figure 2.4). In the United States, Australia, India, the United

Kingdom, and Iran, poplar is classified as invasive.
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For emphasis, note that despite reported cases in countries like South Africa, where it is classified as a
Category 2 (occurring throughout/in part of South Africa and allowed only in specified areas under
controlled conditions) weed under the National Environmental Management and Biodiversity Act
(NEMBA) (No. 10 of 2004) and the Conservation of Agricultural Resources Act (CARA) (No. 43 of
1983) of South Africa’s Invasive Species Legislation (Henderson, 2007), no studies have been conducted
on the African continent. This underscores the need for rigorous research, particularly when the studied
species is invading (e.g., South Africa and Africa). It is believed that perhaps the reason for this is that
African countries are somewhat behind in terms of the use of advanced technologies (remote sensing),
and insufficient funds to purchase the necessary equipment to conduct such research could delay
progress. Be that as it may, the content of this section is intended to help researchers from different walks
of life (including Africa) to know in which countries the literature should be consulted to conduct higher-

quality studies on the use of remote sensing on poplar species.

Here, the results of the study seem to suggest that the applications of remote sensing for poplar species
were more frequent in countries where they are native species than alien invaders. A similar trend was
also observed in release rates, with most releases considering the species surveyed as native rather than

invasive species. While poplar has a total of 35 species, the study does not consider their classifications.

The study results indicate that poplar remote sensing studies primarily occurred in agricultural landscapes
(58), followed by forested areas (47), riparian zones (39), and to a lesser extent, in mountain and urban
landscapes (2 each) (Figure 2.5). In agricultural spaces, poplar was mainly studied to understand its
phenological changes, carbon sequestration capacity, gross primary productivity rate, spatial growth, and
canopy and leaf water content, through various remote sensing algorithms and indices (Colombo et al.
2008; Lu et al. 2015; Barnes et al. 2017; Huang et al. 2021; Colkesen et al. 2022). For instance, Maleki
et al. (2020) investigated the ideal vegetation index (VIs) for describing the phenology and interannual
variability of the gross primary productivity (GPP) of poplar plantations. The results of the study alluded
to the medium-resolution imaging spectrometer (MERIS) terrestrial chlorophyll index (TCI) being the
best fit with GPP phenology. To quantify the holistic growth of poplar trees in agricultural space,

indicators such as tree volume, height, stem, and crown cover were estimated (Chianucci et al. 2020).
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The determination of poplar cultivated fields and mapping of their spatial sites play a vital role in
enabling decision-makers and planners to enhance poplar trees’ economic and ecological value. This
review discovered that poplar plantations were mapped and classified using classification techniques
such as object-based classifier (Tonbul et al. 2020). Colombo et al. (2008) investigated the applicability
of empirical and radiative transfer models to estimate water content at leaf and landscape levels. The
results arising from this study indicated that hyperspectral regression indices are good for estimating
water content at both leaf and landscape levels. Remote sensing mapping is a vital activity in forest
plantations as it helps to quantify timber stock procurement potential, estimate volume and profit, as well

as update forest inventories. This is important as it helps in meeting supply demands.

In natural forests, poplar species were mapped and characterised as part of a forest with other tree species
(87%) and individual trees (13%). For instance, studies by (Bonan, 1993; Zande et al. 2008; Santi et al.
2009; Ko et al. 2016) used remote sensing and machine learning techniques to enhance the description
and identification of poplar with other trees, while studies by Moffiet et al. (2005), Warner et al. (2006),
and Brandtberg (2007) studied poplar individualized as a tree. Like how poplar plantations were studied
in agricultural landscapes, poplars in natural forest together with other trees were also investigated for
their capacity with regard to carbon intake, water use, seasonal pollen dynamics, and seasonal fire
severity using various remote sensing techniques (Bonan, 1993; Rupasinghe and Chow-Fraser, 2021; Li
et al. 2022).
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Figure 2.5 Landscape categories where poplar studies were conducted.

In mountainous regions, poplar was quantified using leaf area index (LAI) as an important agent for
canopy structure, as well as biomass, carbon, and energy exchange estimation indices (Hall et al. 2003),
while in urban landscapes, it was mostly studied to quantitatively relate leaf chlorophyll content (LCC)
with other vegetation indices (Schweier et al. 2016; Hamrouni et al. 2022). The reason for the low number
of studies in the mountainous landscape could be due to the nature of mountains coupled with inconsistent
seasonal species changes, which affect the efficacy of some remote sensing sensors to accurately detect
and discriminate floral species (Adagbasa et al. 2022). Steep mountainous terrain can influence the
accuracy of the information derived from remote sensing data (Adepoju and Adelabu, 2020). These data
are influenced by differences in relief and radiance energy, resulting in shadows, which decrease
mapping accuracy. While this suggests an important niche to be filled in science, it is important to utilize
proper remote sensing techniques and sensors to accurately delineate the heterogeneity associated with

mountainous biota.

2.3.4 Characteristics of methods and materials

One of the most important tasks in remote sensing data analysis is the use of classification algorithms
and specific indicators to improve the accuracy of feature detection and characterization, and numerous
software programs have been developed for this purpose. The study results are shown for the top 10

dominant biophysical indicators (a), spectral indices (b), classifiers (c), and common software packages
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(d) used in remote sensing studies on poplars (see Table 2). Based on the results, the most studied
biophysical parameters are related to forest aboveground biomass (AGB) and growing stock volume
(GSV) and include poplar growth (17), biomass (14), crown cover (7), and height (4) (Table 2.2), all of
which are retrieved through the use of LIDAR data. These proved to be essential features used in various
studies to discern species distribution, cover, diversity, and composition with higher accuracy.
Traditionally, all these parameters were estimated through allometric equations using tree attributes
collected from the field. The development and application of this equation based on destructive sampling
are highly time consuming and expensive. Plantations with fast-growing species such as poplar require
frequent monitoring over time without having to resort to destructive approaches, and this is possible
with LIDAR applications. LIDAR is an active remote sensing product that accurately measures the

energy returned from an object of interest within a short span of time at both the stand and tree scale.

On the other hand, indicators such as leaf area index (LAI; 22), normalized difference vegetation index
(NDVI; 30), diversity index (DI; 15), green-red normalized difference vegetation index (GRNDVI; 5),
and poplar tree index (PTI; 1) were mostly retrieved from spectral bands and their combinations in the
electromagnetic spectrum (Table 2). These unsupervised remote sensing techniques were applied
primarily through a method testing approach in poplar studies, i.e., testing different vegetation indices in
discriminating poplars at different levels or against other vegetation features (Lu et al. 2015; Cafiete-
Salinas et al. 2020; Colkesen et al. 2022). For instance, Simovic et al. (2022) compared NDVI, NDRE,
and EVI for detecting poplar phenology, and NDVI and NDRE were more successful than EVI in
distinguishing the latter. However, we also found that NDVI is the most widely used unsupervised
classification technique in many vegetation studies; however, we have found that it cannot be used in
isolation to classify poplar occurrences. Therefore, the inclusion of an in situ dataset proved that there is
a need for a supervised methodology to improve discrimination standards (Huang and Asner, 2009; Baird
et al. 2012). On the other hand, in poplar plantations where LAl is extremely high, the blue wavelength
can be used to improve the accuracy of NDVI, as this corrects for soil background signals and
atmospheric correction. Equivocally, the newly invented PTI also proved to be more effective than NDVI

in characterizing poplar from other trees; however, it has only been used in poplar plantations and not in
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other landscapes where poplar occurs. We therefore recommend that it is tested in natural forests,

especially occurring in mountainous landscapes where poplar is under-studied using remote sensing.
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Table 2.2 Top 10 biophysical indicators (a), spectral indices (b), classifiers (c), and common software

packages used in the reviewed studies.

Biophysical Indicators N Spectral Indices N
Canopy cover 24 Normalized difference vegetation index (NDVI) 30
Poplar growth 20 Leaf area index (LAI) 22
Poplar biomass 18 Diversity index 15
Poplar distribution 15 Soil-adjusted vegetation index (SAVI) 7
Poplar cover 10 Chlorophyll vegetation index (CVI) 6
Poplar volume 8 Normalized difference water index (NDWI) 6
Breast diameter 7 Difference normalized burn ratio index (ANBRI) 5
Crown cover 7 Green-red normalized difference vegetation index (GR-NDVI) 5
Crown diameter 6 Photochemical reflectance index (PRI) 3
Canopy structure 5 Stress susceptibility index (SSI) 2
Classifiers N Software N
MATLABV5.3.1,6.0.7.1,7.9, 8,9.2 and 9.6 (MathWorks, Natick,
Random forest 24 17
MA, USA)
) R studio v 2.7.1, 3.0.2, 3.5.0 and 4.1.0 (R Foundation for Statistical
Support vector machine 15 ) ) ) 14
Computing, Vienna, Austria)
] o Python v 3.3.3, 3.6.7, 3.5.8 and 3.10.9 (Altoros labs, California,
Maximum likelihood 10 13
USA)
Decision tree 7 ArcMap v 10.6.1 (ESRI, Redlands, CA, USA) 9
Classification and regression )
ENVI v 5.0 (NV5 Geospatial, Hollywood, USA) 9
Tree
) LiDAR 360v 4.0, 5.0 and 6.0 (Green valley International, Berkeley,
Object-based 6 8

California, USA)

ENVI v 5.0 and 5.1 (NV5 Geospatial, Hollywood, USA)
ArcGIS 10.7 (ESRI, Redlands, CA, USA)

QGIS v 3.14, 3.18 and 3.30 (GeoApt LLC, Alaska, USA)
SPSS v 22 and 25 (IBM Corp., Armonk, NY, USA)

Neural network
k-nearest neighbor

Density-based clustering

w w b~ o

Rotation forest
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The study discovered an increase in studies that used classifiers, such as Maximum likelihood (ML; 10),
random forest (RF; 24), support vector machine (SVM; 15), decision tree (DT, 7), and object-based
image analysis (OBIA; 6) (Table 2.2), to discriminate poplar plants from other traits (Mansfield et al.
2011; Linhui et al. 2021; Gao et al. 2022). Random forest has many exciting properties, such as high
accuracy, robustness against overfitting of training data, and integrated measures of variable importance
(Adam et al. 2014). Hamrouni et al. (2021) and Zhu et al. (2019) mapped poplar plantations and achieved
an overall accuracy of 89.5% and 85%, respectively, using random forests. Similarly, Laslier et al. (2019)
worked on identifying riparian tree genera based on leaf-on/leaf-out using a random forest and support

vector machine and achieved an overall accuracy of 83.15%.

Decision tree and maximum likelihood in poplar studies were mainly used to classify the population
dynamics of poplar species in different ecosystems. For example, Gao et al. (2022) applied the decision
tree algorithm to study poplar clones and achieved more than 93% overall accuracy. Petras et al. (2010)
estimated the diameter of poplar clones using the maximum likelihood technique. The rate and quality
of the outputs of object-based classification (Tonbul et al. 2020), neural network (Ceylan, 2008) and k-
nearest neighbor (Franco-Lopez et al. 2001) signify great impact application in studying poplar. Although
not yet used in poplar studies, spectral angle mapper classifiers are also associated with better
discrimination of floral invasive species (Shafri et al. 2007); hence, they are also recommended for future
use. Many of these computations were performed using Matlab (17), Python (13), ArcMap (9), RStudio
(14), ENVI (version 5.0) (9), and other software (Table 2.2).

2.3.5 Co-occurrence words/keywords

From the 148 published journal articles reviewed/synthesized in this study, four main research areas were
discovered that produced poplar studies, and these included forest ecology (green), vegetation mapping
(yellow-green), machine learning (ML) (red), and vegetation physiology (blue). All of these research
areas are interlinked. Mapping the frequency of common occurrences in the title/abstract fields of remote
sensing application documents in the poplar literature with a minimum occurrence of five yielded 57
items distributed in four clusters representing four main research themes (Figure 2.6). The first cluster

(green) focused on forest ecology and included the following elements: forestry, hyperspectral,
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regression, reflection, mean square error, land use, ecology, plants (botany), poplar, China, normalized
difference vegetation, NDVI, ecosystem, groundwater, and crops. The second cluster (yellowish-green)
focused on vegetation mapping and included the following items: Sentinel-2, biomass, plantation,
sentinel, wetland, deciduous tree, algorithm, sampling, image classification, and satellite data. The third
cluster (red) focused on remote sensing techniques and included the following elements: riparian forest,
rivers, France, radiative transmission, canopy, remote sensing, deciduous tree, United States, tree, leaf
area index, optical radar, image analysis, phenology, Liriodendra Tulipiferal, LIDAR, and image
processing. The fourth cluster (blue) focused on the overall vegetation physiology studies and included
the following items: populus, satellite imagery, vegetation, plants, articles, Populus deltoides,

comparative study, photosynthesis, chlorophyll, and physiology.

Based on the study results, all 148 poplar remote sensing studies were published in 70 different journals,
with fifteen journals publishing three or more studies (International Geoscience and Remote Sensing
Symposium (14), Remote Sensing of Environment (8), International Journal of Remote Sensing (7),
Remote Sensing (7), Canadian Journal of Forest Research (5), IEEE Transactions on Geoscience and
Remote Sensing (5), Proceedings of SPIE—The International Society for Optical Engineering (5), ISPRS
Archives (4), the ISPRS Journal of Photogrammetry and Remote Sensing (4), the Journal of Geophysical
Research: Atmospheres (4)), and the International Conference on Remote Sensing, Environment and
Transportation Engineering; Annals of Silvicultural Research, Forest Ecology and Management;
Forests; IForest; and IOP Conference Series: Earth and Environmental Science having published 3

articles each (Table 2.3). Table 2.3 presents only journals that published > 3 papers each.
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Figure 2.6 The network visualization of terms in the title/abstract of publications in the remote sensing
of poplar. Circle size represents the number of publications derived from the database. Circle colors
represent: yellow is vegetation mapping; green is forest ecology; blue is vegetation physiology; and red

is machine learning lines represent the link between titles and abstracts.
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Table 2.3 Journals where Popular studies were published and their funding agencies.

Journals Funder
International Geosciences and Remote sensing Symposium (14) G (14)
Remote Sensing (8) G (8)
Remote Sensing of the Environment (8) G (8)
IEEE Transactions on Geoscience and Remote Sensing (7) G (7)
International Journal of Remote Sensing (7) G (7)
Proceedings of SPIE—the International Society for Optical Engineering (7) G (7)

G (3); Gand P
Canadian Journal of Remote Sensing (4) M
ISPRS Journal of Photogrammetry and Remote Sensing (4) G (4)

International Archives of the Photogrammetry Remote Sensing and Spatial Information Science (4) G (3); P (1)

Journal of Geophysical Research: Atmospheres (4) G(3)and P (1)

G = government and P = private.

2.4 LIMITATIONS AND FUTURE RESEARCH

This review revealed the trends in the application of different remote sensing products in mapping,
monitoring, and detecting poplar trees in different locations. Poplars occupy a more significant area in
agriculture and natural forest areas. While remote sensing techniques have proven effective in delineating
and extracting poplar tree features in both landscapes using LIiDAR sensors, there are limitations related
to spatial coverage. The combination of high-spatial-resolution sensors such as LIDAR and multispectral
satellite sensors covering larger regions proved to be an excellent alternative to offset the mentioned
limitations. The integration of these images will continue the improvements in the time-series mapping
and monitoring needed to regularly update forest inventories. Good performance was also achieved by
combining multitemporal and high-spectral sensors such as Sentinel 2 and machine (random forests) and
deep learning techniques (connected neural network). Because of the robustness that results from
combining these remote sensing techniques, researchers strongly advise using the latter in subsequent

research.
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In addition, the creation and application of poplar-specific indices such as the poplar tree index (PTI)
proved to be more effective than the general vegetation index (NDVI) in mapping poplar plantations.
Therefore, creating landscape-specific poplar indices and combining them with multitemporal and high-
resolution imagery would improve the phenological analysis of poplars. While many multitemporal,
multispectral, and high-resolution remote sensing images are now freely available on many platforms
(e.g., GEE, USGS, Copernicus, etc.), other important remote sensing datasets that are suitable for
mapping poplar trees have high costs, making their use limited in resource-constrained countries.
Collaboration between researchers from developed countries—where resources are abundant—and
researchers from developing countries is therefore thought to be advantageous. This is because it would
allow for the sharing of resources and insights, raising the bar for remote sensing applications in poplars

around the world.

A notable constraint of this research is that it just examined and synthesized peer-reviewed publications;
it did not include papers like technical reports, theses, dissertations, conservation management plans, etc.
While a thorough study of the materials that were excluded based on our process is advised, we also
implore the scientific community to make sure that the documents in question are from reliable sources

and have undergone a thorough review process before being published.

2.5 CONCLUSION

The current study provided an overview of peer-reviewed poplar studies using remote sensing
approaches. The study results show an increase in the number of poplar remote sensing studies from
1991 to 2022, with a total of 148 during that period. Most studies used airborne sensors, particularly
LiDAR, satellites (mostly using Landsat and Sentinel-2), and ground-based sensors. Over two thirds of
the publications were widespread in the Global North, including China, where poplars were
predominantly considered native rather than an invasive species. Poplar species have been studied
primarily in agriculture, forestry, mountains, and urban environments. Commonly studied biophysical
indicators used in the reviewed studies were crown diameter, poplar growth/height and volume, canopy
cover, and poplar biomass. Spectral-based analysis included machine learning classifiers such as RF,

SVM, and others. The study, therefore, concludes that remote sensing products are becoming an
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essential data source for understanding poplar species dynamics, as they provide more consistent and
low-cost information than traditional approaches. As high-resolution satellite data become accessible
through various partnerships (e.g., PlanetScope with Google Earth Engine) and deep learning algorithms
continue to evolve, the remote sensing of poplars is expected to incorporate these resources in the future.

This may benefit countries that have been less studied, including those in Africa, where poplars occur.

This information should encourage cooperative research interests between developed and developing
countries and allow land managers and conservationists with an opportunity to learn which remote
sensing techniques work best when researching poplar in various regions. The study anticipates that more
countries will be inspired to consider funding such projects, particularly in cases where poplar is
considered an alien invasive species that invades delicate landscapes like riparian zones, as countries that
published a higher number of peer-reviewed articles were the ones that received funding.
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CHAPTER 3 SENTINEL-2 BASED CLASSIFICATION AND SPECTRAL
SEPARABILITY OF LAND SURFACE FEATURES IN THE POPLAR-
INVADED LANDSCAPE OF THE EASTERN FREE STATE, SOUTH AFRICA
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ABSTRACT

Mapping invasive alien plants (IAPs) has become an essential practice for land and biodiversity
conservation authorities as these species are capable of transforming invaded areas. Fortunately,
advances in remote sensing with publicly available products such as Sentinel-2, have enhanced this
process, particularly in difficult to access mountainous regions. In South Africa, poplar (Populus alba)
is among IAPs of concern and occurs in the eastern Free State and other parts of the country, but remote
sensing has not yet been explored to map this species. Using Sentinel-2 imagery and Random Forests
(RF) algorithm, this study enabled us to: (a) map and discern poplar tree species from other land classes
throughout the year in the mountainous region, (b) evaluate influential bands and their combinations in
the mapping process, and (c) assess the mapping accuracy for the first and second half of the year. We
found that imageries from the first half of the year (Jan-Jun) had higher classification accuracy (91%)
compared to images from the second half of the year (Jul-Dec) (87%). Poplar and all other classes were
clearly separable, with polar shown mostly in the riparian areas. We found that variables such as SWIR-
1, NDVI, Blue, PI-1, MNDWI, NIR, and PI-3 are crucial parameters in the classification of poplar trees
in mountainous areas. Overall, our study demonstrated that Sentinel-2 images with RF classifier hold

much potential for mapping poplar alien trees in mountainous ecosystems.

Keywords: random forest, poplar, invasive alien plant, Sentinel-2
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3.1 INTRODUCTION

Invasive alien plants (IAPs) pose a significant threat to natural and human-modified environments
worldwide, reportedly affecting biodiversity, ecosystem services, the economy, and society (Gallardo et
al. 2019; Shah et al. 2020; Haubrock et al. 2021). IAS refers to species that are introduced from their
natural habitats to new habitats, intentionally or unintentionally, by humans or natural influences such as
wind (Kannan et al. 2013; Robinson et al. 2020). Most of these species are adaptable and naturalize in
new ecosystems, competing with native species for limited resources (Zhang and van Kleunen, 2019;
Bradley et al. 2019). IAS have been documented to spread and replace native important species in many
locations (Ngondya and Munishi, 2021; Poland et al. 2021), particularly in grazing and remote areas.
This negatively impacts the agricultural and economic sectors, especially when these impacts affect the
quality of production (Haubrock et al. 2021). Differences between IAS and native species in their
requirements and modes of resource use and acquisition often alter soil structure (Zhang et al. 2019),
decomposition, soil nutrient content (Linden et al. 2019), and moisture availability (Langmaier and
Lapin, 2020). One IAS species that has become a problem in many parts of the world is the poplar
(Bradley et al. 2010).

Poplar is a fast-growing and highly adaptable species that has been introduced to many regions outside
of its natural range, including South Africa (Mbedzi et al. 2019). Due to its occurrence and impact in
fragile landscapes such as riparian zones, it has been classified as a species of high concern by the South
African National Parks (SANParks) (Le Maitre et al. 2016; SANParks 2020). Poplar species are often
found near water bodies and consume more water, leaving native plants with less water (Dzikiti et al.
2017; Bekele et al. 2018). This signifies the need for mapping and monitoring of its distribution and
abundance for effective management and conservation of natural resources. Mapuru et al. (2024)
modelled the potential habitat for poplar invasion in the country, which includes the eastern Free State
province. In the same region, manually the presence of poplar trees in the Golden Gate Highlands
National Park using traditional survey methods. Here the study presented a first attempt to demonstrate

the remote sensing ability to monitor poplar in South Africa.
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A recent remote sensing review on poplar studies showed a growth trajectory worldwide, demonstrating
with varying degrees of success that ground-to-satellite sensors are highly effective for mapping poplar
(Mapuru et al. 2023). Despite these encouraging patterns and the poplar invasion in South Africa, no
study using remote sensing approaches has yet been conducted in the country. Publicly available products
such as Landsat-8 and Sentinel-2 have shown satisfactory results in discerning poplar in complex
landscapes (Zhu et al. 2019; Marbéan et al. 2019; D'Amico et al. 2021). For this purpose, Sentinel-2
imagery appear as a preferred choice over Landsat (Wang et al. 2022), especially in regions affected by
frequent cloud cover. This is partly due to their relatively shorter acquisition cycle of three to five days
(increasing the probability of cloud-free scenes) and thirteen spectral bands. These properties have
facilitated the detailed characterization of poplar, including the biophysical structure and biomass from
tree to landscape level (Cartisano et al. 2013; Liu et al. 2019). Other commonly used products such as
LiDAR are limited by higher costs, particularly in developing countries with limited financial resources
(Mapuru et al. 2023). Therefore, the use of Sentinel-2 sensor images has become a practical solution

(D’Amico et al. 2021; Hamrouni et al. 2022), especially in mountainous areas (Hemmerling et al. 2021).

Studies using a combination of machine learning and Sentinel-2 images to map poplar have achieved
optimal classification accuracies (Tonbul et al. 2020; D’ Amico et al. 2021). For instance, Ozturk and
Colkesen (2020) used Random Forests (RF), Support Vector Machine (SVM), and Adaboost along with
Sentinel-2 imagery to map poplar tree growing areas in the Akyazi district of Turkey. The study yielded
remarkable results, with RF achieving an accuracy of 99%, outperforming SVM (98%) and Adaboost
(97%). Recent studies have improved accuracy by computing various indices suitable for poplar
classification in addition to using bands of the images (see Hamrouni et al. 2022). While there have been
successful remote sensing and machine learning techniques for mapping poplar in agriculture and natural
forested areas, no study has been conducted to quantify the distribution of poplar in mountainous
landscapes of South Africa. To our knowledge, our study will be the first to spectrally map poplar

distribution against other land cover features in South Africa.

The objective of this study was to discern poplar (Populus alba) species over a mountainous landscape

using Sentinel-2 imagery and the Random Forests algorithm. Specifically, our study allowed us to: (1)
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distinguish poplar from other types of land cover classes in the first and second half of the year, (2)
identify the key spectral bands and indices for the mapping procedure, and (3) evaluate the mapping

across a whole the study period.

3.2 METHODS AND MATERIALS

3.2.1 Description of the study area

The research study was conducted at Phuthaditjhaba, an area situated in the northeastern Free State (refer
to Figure 3.1). The area's elevation ranges from 1675 to over 2200 meters above sea level. Phuthaditjhaba
is intersected by streams such as Metsi-Matso, Mphukojwane, and Namahadi, which converge to form
the Elands River. According to the Agricultural Research Council Institute for Soil Climate and Water
(2016), Phuthaditjhaba has moist and warm summers and dry, and cold winters. The region receives an
average annual rainfall of about 629 mm, with most of it falling between October and March. The Karoo
Supergroup is the primary geological formation in this area (Hobbs et al., 2013). Glenrosa, lithosols, and
Mispah are the main soil types in Phuthaditjhaba (CEM, 2003). From a vegetation perspective, the study
area is part of the grassland biome, with some forest patches.

® Study site
[ South Africa

Figure 3.1 Study area map showing the location of the study site (marked with a red dot) in South Africa.

An image in true colour displays Phuthaditjhaba, the current study site.
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3.2.2 Acquisition and processing of the images

The study utilized composite imagery from the Sentinel-2 dataset for the first and second half of 2023.
This timeframe was chosen to cover all phenological phases (summer, autumn, winter and spring).
Composite images (computed with median method) were preferred over individual ones because they
minimize the impact of noisy data caused by elements such as clouds, cloud shadows, and haze. By
merging multiple images into one, it becomes easier to compare images over time. The data was obtained
from the Digital Earth Africa Datacube and analysed using the DE Africa Sandbox, which is a cloud-
based computational platform operating within a Jupyter Lab environment. To ensure high data quality,
only observations with at least 90% good data (i.e., less than 15% cloud cover and 100% coverage of the
study area) were retained. Bands 1 (Coastal aerosol), 9 (water vapor), and 10 (SWIR Cirrus), which are

intended for atmospheric information, were excluded from the analysis.

The Sentinel-2 imagery was utilized to compute vegetation indices selected for their ability to
differentiate between vegetation and other land cover features while addressing soil noise effects. Indices
incorporating red-edge and NIR wavelengths were developed to effectively map vegetation (Zwiggelaar,
1998; Xie et al. 2008). These indices include the Normalized Difference Vegetation Index (NDVI)
(Rouse et al. 1973), Modified Normalized Difference Water Index (MNDWI) (Xu, 2006), Leaf Area
Index (LAI) (Boegh et al. 2002), and Poplar Index (P11, 2, 3, 4) (Hamrouni et al. 2022).
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Table 3.1 Sentinel-2 imagery bands and vegetation indices used.

Band/index Description
B2 Blue
B3 Green
B4 Red
B5 Red Edge 1
B6 Red Edge 2
B7 Red Edge 3
B8 Near Infrared (NIR) wide
Bl1 Short Wave Infrared (SWIR) 1
B12 Short Wave Infrared (SWIR) 2
NDVI NIR — RED
NIR + RED
MNDWI Green — SWIR
Green + SWIR
LAI 3.618*EVI—0.118
Poplar Index 1 SWIR1 — SWIR2
Poplar Index 2 Red Edge 1 — (SWIR1 + SWIR?2)
Poplar Index 3 Red Edge 1 — (SWIR1 + SWIR2)

Red Edge 1 + (SWIR1 + SWIR2)

Poplar Index 4 SWIR1 + SWIR?2

3.2.3 Dataset for training and validation

To create an accurate land cover map, the first step is to gather precise reference points to train the models
(Holloway et al. 2018). To collect reference data for Poplar presence samples, we used a Garmin Global
Positioning System set to 2-meter accuracy. Additionally, we supplemented this data with samples
collected from high-resolution images integrated into the Google Earth Pro platform. The Poplar
presence samples were collected between January 5th and 15th, 2023, as this is when the species is
spectrally distinct from other land cover features. We collected sample points for Poplar in locations
where it was dominant, mainly along riparian zones and other wet surfaces with sufficient water to
support its growth. Sample points from various land cover classes such as bare land, grassland,

settlement, roads, and water from poplar-infested 4areas were also collected to complete the mapping
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process (see Table 3.2). For validation purposes, 70% of the data was allocated for training and 30% for
validation using the Python programming language (Congalton, 2001; Abdel-Rahman et al. 2014; Adam
et al. 2017).

Table 3.2 Land cover classes and corresponding training, validation, and total number of samples.

Classes Training points  Validation points Total
Bare land 139 59 198
Grassland 138 59 197
Settlement 106 45 151
Poplar 141 61 202
Road 71 30 101
Water 143 61 204

3.2.4 Time series analysis

The time series analysis was conducted to determine the optimal months of the year to include in the
machine learning model for mapping Poplar species. The primary goal was to identify the periods when
spectral characteristics of different land use/land cover (LULC) types, including Poplar species, were
most distinctive and informative for classification purposes. By understanding these temporal variations,
we aimed to enhance the accuracy and reliability of the machine learning models. For each LULC class,
median values of the spectral indices were calculated across the time series. This step aimed to identify
the months when the spectral characteristics of Poplar species were most distinguishable from other
LULC types. The time series analysis revealed critical periods during the year when the spectral
signatures of different LULC classes, including Poplar species, exhibited maximum distinctiveness.
These insights guided the selection of specific months for inclusion in the machine learning model,
ensuring that the temporal variability captured in the training data would enhance the classifier's
performance. Based on the insights gained from the time series plots, it was decided to create semi-annual

medians for the periods January to June and July to December.
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3.2.5 Classification

Feature selection is the process of choosing a subset of variables that are important for mapping processes
from the original set of data (Liu and Motoda, 1998; Pal and Foody, 2010). This process helps based on
their contributions (Breiman, 2001). One method of feature selection involves identifying and removing
highly correlated features from a dataset to address multicollinearity issues that can impact machine
learning model performance. Initially, the correlation matrix of the dataset's features is computed and
visualized using a heatmap to highlight correlations. A removal threshold of 0.9 is set, meaning any
feature pair with a correlation coefficient equal to or greater than 0.9 is considered highly correlated.
This reduction in data dimension simplifies processing and improves the classifier's performance (Poona
et al. 2016). In this study, the Random Forest algorithm was used to rank the variables from a set of

Sentinel-2 bands, and indices that were found to be most useful for mapping procedures.

This study used a Random Forest classifier for classifying various invasive plant species, as it has been
successful in similar studies (Martin et al. 2018; Royimani et al. 2019; Paz-Kagan et al. 2019). The
classifier evaluates the importance of different variables during classification. Variables such as image
bands and vegetation indices with higher importance values contribute more to the accuracy of
classification. The significance of variables is affected by the Random Forest method parameters,
including the number of trees and variables per split. Optimal parameter selection for the Random Forest
classifier can enhance the stability of variable importance scores and help differentiate between important
and unimportant variables. In this study, the number of trees was specified, while other parameters
defaulted to standard values if not specified. The number of trees was tested incrementally from 10 to
1000 to find the optimal number resulting in the highest overall accuracy. The model was built from 50
iterations. The algorithm also provides a measure of variable importance based on the Mean Decrease in
Gini (MDG) value, which measures how much a variable reduces the Gini Impurity within a specific
class. A higher MDG value indicates a purer and more influential variable (Han et al. 2016; Belgiu et al.

2016). The study used the MDG to calculate variable importance in the analysis.
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3.2.6 Classification accuracy assessment

Classified maps from Random Forest were created for images from January to June and July to
December. To evaluate the accuracy of the classification, we used a confusion matrix. The overall
accuracy, user accuracy, producer accuracy and Kappa coefficient were used to measure the reliability
of the classification process. Producer's accuracy (PA) indicates the likelihood that a randomly selected
point in the field has the same class value as indicated on the map, while User's Accuracy (UA) indicates
the likelihood that a randomly selected point on the map matches the class value in the field (Sammut
and Webb, 2017). The overall Accuracy (OA) is determined by dividing the total number of correctly
classified values by the total number of values (Sammut and Webb, 2017). Kappa coefficient commonly
used to estimate interrater reliability, can be employed in the context of test — retest (Sammut and Webb,
2017).

3.3 RESULTS

3.3.1 Spectral separability of classes

The study begins this analysis with a detailed consideration of the spectral separability of all classes with
a particular focus on poplars. As already mentioned, temporal signatures of different Sentinel-2 derived
bands and their combinations for all classes over the year 2023 were plotted. Here, only plots of the most
influential variables are shown in Figure 3.2, the remaining variables are listed in Appendix A. The study
results show a clear pattern of class separability in some variables at certain times of the year while,
spectral overlap is relatively small but noticeable. In particular, the blue band, shortwave infrared 1
(SWIR-1), near-infrared (NIR), Poplar Index 1 (PI-1), and Normalized Difference Vegetation Index
(NDVI) show a high degree of separability between classes in the summer and autumn months (Figure
2). Poplar is more distinct than other classes with NDVI, blue band, NIR, and SWIR-1 during this period.
In autumn, the blue band showed moderate separability like SWIR-1 in spring. Low separability between
winter and spring was observed for the blue band, NIR, SWIR-1, NDVI, PI-1, and PI-3 with notable
overlaps of spectral curves. The Modified Normalized Difference Water Index (MNDWI) consistently
shows low separability throughout the year. Overall, our results suggest that there is high separability
between classes in the summer and autumn months, while moderate to low separability is observed in

the winter and spring months. 57
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Figure 3.2 Spectral signatures for land cover classes ((a) PI-1, (b) SWIR-1, (c) Blue, (d) NDVI, (e)
MNDWI, (f) NIR and (g) PI-3).

3.3.2 Influential importance

In Figure 3.3, the study shows the most important spectral bands and indices used to distinguish poplar
from other types of land cover in mountainous regions for (a) Jan-Jun and (b) Jul-Dec 2023. Out of 16
spectral variables, only 7 was identified as important for the classification, however, their order of
importance slightly varied in the first and second half of 2023. As Figure 3.3 (a) illustrates, the first half
had SWIR-1 as highly ranked followed by the NDVI, blue band, PI-1, MNDWI, NIR, and PI1-3. In the
second, the NDVI was the most important in the classification process followed by the blue band, PI-3,
MNDW!I, SWIR-1, PI-1, and NIR Figure 3.3 (b).
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Figure 3.3 Variable importance for (a) Jan-Jun and (b) Jul-Dec as measured by the Random Forests
algorithm indicating the usefulness of the different image bands and indices. The higher the value, the

higher the predictor importance.

3.3.3 Classification algorithm performance

The study evaluated the classification results based on the combination of Sentinel-2 bands and indices,
which resulted in an overall classification accuracy of over 80% for the Jan-Jun and Jul-Dec periods
(Table 3.3). The accuracy for Jan-Jun classification was higher (UA (86-96%), PA (86-96%), OA (91%),
and Kappa: 0.89) than for Jul-Dec (UA (73-93%), PA (79-94%), OA (87%), and Kappa: 0.87). These
results suggest that the RF classifier and images acquired during the Jan-Jun period are more optimal for

the classification and separability of poplar from other land cover types.
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Table 3.3 Confusion matrix for (a) Jan-Jun and (b) Jul-Dec.

(@) Bareland Grassland Settlement Poplar Roads Water UA
Bare land 181 6 2 5 3 1 91
Grassland 4 190 0 1 0 2 96
Settlement 7 1 141 0 2 0 93
Poplar 0 1 0 173 5 22 86
Road 2 0 4 3 92 0 91
Water 0 0 0 19 2 183 90
PA 93 96 96 86 88 88 -
OA 91

(b)

Bare land 174 8 4 1 3 8 88
Grassland 8 184 0 2 0 3 93
Settlement 14 1 133 0 3 0 88
Poplar 4 2 0 147 9 39 73
Road 2 0 7 3 89 0 88
Water 1 0 0 18 0 185 91
PA 86 94 92 86 86 79 -
OA 87

Figure 3.4 depict classification maps created from (a) Jan-Jun and (b) Jul-Dec Sentinel-2 imageries. Both
maps exhibit similar spatial distribution patterns for different classes, with a slight overestimation of
water, bare land, settlement, and poplar in the July-December images. Specifically, poplar appears to be

concentrated along the riparian zones, which aligns with findings from previous studies on poplar

distribution trends.
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Figure 3.4 Random Forest classification maps for (a) Jan-Jun and (b) Jul-Dec Sentinel-2 imageries.

True colour image (c) is included for visual inspection against classified maps.

3.4 DISCUSSION

In this study, Sentinel-2 satellite imagery in combination with the Random Forest classification algorithm
was used to map the existence of poplar species in the mountainous landscapes of Phuthaditjhaba. The
classification process involved imagery from the first and second half of the year, with the goal of
assessing the mapping accuracy of both sets of images. Firstly, the study evaluated the distinguishability

of poplar from other land cover types across thegqdifferent phases of the year through time series



analysis. Secondly, RF classifier was employed to identify the most contributing Sentinel-2 image bands
and indices in the classification process for both halves of the year. Finally, the study computed and
produced a classification map depicting the spatial distribution of poplar against other land cover
features.

Time series analysis using indices and bands of Sentinel-2 imagery showed that there are specific months
when poplar and other land cover types can be distinguished from each other, and there are also months
when they are not easily separable. The study found that during summer and autumn, poplar and other
land cover types have distinct spectral characteristics, while during most of the winter and spring, they
exhibit somewhat similar spectral characteristics rendering them difficult to distinguish with high
accuracy. These findings align with Cho et al. (2017), which observed that Acacia spp is distinct from
surrounding features during the growing season (Nov-Jan) and peak period of vegetation productivity
and less separable during winter period. The current study results provide detailed information on the
bands and indices that are associated with high, medium, and low separability at different times of the
year. This information is important for selecting the appropriate bands and indices for models that use
images from periods where they are particularly distinctive and efficient for classification. It is therefore

anticipated that this information will help develop robust models that can produce highly accurate results.

The current study assessed the important variables required for a robust model using Sentinel-2 bands
and indices with a RF classifier to classify poplars against other land cover classes. We found that SWIR-
1, NDVI, Blue, PI-1, MNDWI, NIR, and PI-3 are crucial parameters for this classification. These
findings are consistent with a previous study by Kaila et al. (2020), which identified the Blue, SWIR,
and NIR bands as important parameters for classifying parthenium weed. SWIR bands are effective for
distinguishing classes (Atkinson et al. 2014), while NIR bands are sensitive to vegetation health and
density (Addabbo et al. 2016). Additionally, the NIR band, combined with the red band, is used to
calculate NDVI, which is utilized to measure vegetation greenness, biomass, and diversity (Michella et
al. 2019; Puletti et al. 2019). Incorporating NDV1 in a model enables discrimination of vegetation and
non-vegetation features based on chlorophyll content sensitivity (Singh et al. 2016). P1-1 and -3 help

highlight the difference between poplar and other landscape features (Hamrouni et al. 2022), making
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them important variables for poplar spatial distribution modelling. The inclusion of MNDWI allows for
the explicit differentiation of water features from other land cover types (Szabo et al. 2016). Since poplar
IS a water-dependent species found in riparian environments, the inclusion of MNDWI parameter is
imperative to enhance discrimination efforts. The identification of these parameters has implications for
the implementation of the methodology in various landscape settings as well as for the monitoring and

management of poplar species, especially in mountainous areas.

Overall, the current study produced encouraging results with overall classification accuracy exceeding
80% in both study periods, where the performance from Jan to Jun was higher than Jul to Dec. As such,
poplars were clearly separable from other landscape features, as bare patches and buildings/settlement
were highly distinctive, leading to improved classification accuracy. However, during the winter and
early spring periods, when vegetation loses its green colour and appears brownish like bare land and
settlements, the classification accuracy is compromised. The high overall accuracy during Jan-Jun
suggests that the combination of Sentinel-2 bands, derived indices, and RF can effectively map poplar in
mountainous regions. These findings align with previous studies (see D’Amico et al. 2021; Kluczek et
al. 2023; Wang et al. 2022). The produced maps could help fill the gap in updating local atlas inventories
in South Africa where deficiencies exist in alien invasive plants land cover maps. While this study was
conducted at a local spatial scale, the same approach and dataset (with more additions) could be used to
classify other alien invasive plant species in mountainous and various other environmental settings at

much larger spatial scale.

3.5 CONCLUSION

The current study aimed to assess the capability of Sentinel-2 spectral bands and derived indices, with
RF classifier, to distinguish and map poplar trees in mountainous terrain from their surroundings. The
study also aimed to identify the optimal period for effective and accurate poplar detection and mapping,
while also determining the crucial spectral bands and indices to include in a model to maximize its
performance. The study achieved results an overall accuracy of 91% and suggested that the optimal
period for poplar detection and mapping as January-June than July-December. This study found SWIR,

blue, NDVI, MNDWI, NIR, PI-1 and PI-3 to have high influence in the classification process. Poplar
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was found to be more distinct from other classes with NDVI, blue, NIR and SWIR-1. These remarkable
results strongly indicate that Sentinel-2 bands and indices with RF demonstrates significant practical and
operational potential for poplar classification. Besides these practical benefits, the easy accessibility,
wide coverage, and frequent revisits of Sentinel-2, combined with the reliability of RF, render them

especially suitable for identifying invasive alien species in mountainous areas
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ABSTRACT

Poplars (Populus alba, Populus canadensis, Populus canescens, Populus deltoides, Populus fremontii,
Populus nigra and Populus simonii) are found throughout the world and are invasive in South Africa,
where they are spatially permitted in certain areas under controlled conditions, as specified in the
country’s invasive species legislation. To better trace their geographic distribution, this study predicts
the potentially suitable habitat of poplar trees in South Africa based on generalised linear model (GLM)),
Random Forests (RF) and Support Vector Machines (SVM) models and also assesses the climatic
variables with the greatest impact on prediction performance. The results show excellent performance
for all models (Area Under the Receiver Operation Characteristics Curve [AUC] > 0.9) in predicting the
poplar distribution, with RF achieving the best performance (r = 0.83 and AUC = 0.965), followed by
SVM (r = 0.72 and AUC = 0.959) and then GLM (r = 0.65 and AUC = 0.937). In a geographical
perspective, all models show a similar pattern, with the highest concentrations being in the south-western
parts of the Western Cape, the Southern Cape on the Garden Route, the central-eastern Free State,
Mpumalanga, and the southern parts of Limpopo. The evaluation of the relative importance of the
bioclimates used showed that the warmest and driest quarter’s precipitation and annual precipitation
significantly contribute to the poplar population. These results demonstrate the power of machine
learning and regression models for predicting suitable habitats and extracting valuable environmental-

climatic knowledge for monitoring and managing invasive tree species such as poplars.
Conservation implications: Poplars are among the most aggressive invasive plant species in South
Africa. The results of this study are expected to help conservation authorities understand the current

climatic factors affecting the species distribution, as well as potential sites.

Keywords: species distribution model; poplars; random forest; support vector machine; generalized

linear model; bioclimates; alien invasive species.
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4.1 INTRODUCTION

Species distribution modelling (SDM) has emerged as a powerful tool in ecological research (Peterson
et al. 2011), greatly facilitating the understanding of geo-ecology and predicting the potentially suitable
environment for species (Stewart et al. 2022). In principle, SDMs link defined species locations to
predictor variables to evaluate patterns of species occurrence and habitat suitability (Elith et al. 2010;
Guisan et al. 2017; Wolmarans et al. 2010). The SDMs may even be used to predict species survival in
response to future environmental shifts (Peterson et al. 2011). While SDMs often integrate climatic
variables such as temperature and precipitation (Zhang et al. 2020), they also include other abiotic
variables such as soil, land use, land cover and topography (Buri et al. 2017; Dubuis et al. 2013). Because
of their fine spatial resolution for better fluctuations, the latter variables are included when the study aims
to create SDM at local scale. Given their unique modelling ability, SDMs have become a popular strategy
and a most widely used tool for characterizing species distribution and predicting habitat suitability
(Araujo et al. 2019).

Advances in computing resources and machine learning algorithms, as well as the availability of fine-
scale remote sensing products and climate data are an important step forward in the use of SDMs for
various applications (Guisan et al. 2017; Kass et al. 2021; Thuiller et al. 2009). These developments offer
the opportunity to implement SDMs with great effect because the resolution at which they are computed
greatly influences their overall performance (Lee-Yaw et al. 2022). Besides, the growing utility of SDMs
lies in their relatively simple application with publicly available software packages, as well as low data
requirements (Zurell, 2019) and guidelines (Guisan et al. 2017).

Several studies have shown the high model performance in SDMs applications. In this regard, Zhang et
al. (2020) predicted the possible distribution of Anredera cordifolia using Random Forest (RF) and
identified the temperature as the most important factor influencing the predictive performance of this
species. Yudaputra et al. (2019) predicted the potential current distribution of Guettarda speciosa in
Indonesia using the Maximum Entropy (MaxEnt), Support Vector Machine (SVM), RF, Generalized
Linear Model (GLM), Domain, and Bioclim. Their study showed that MaxEnt outperformed other

competitors with the highest area under the receiver operation characteristics curve (AUC) value of 0.89.
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Kaky et al. (2020) evaluated the performance of ensemble and MaxEnt modelling approaches in
predicting the potential spread of Egyptian medicinal plants, where they found RF and MaxEnt
performing better than SVM and Classification and Regression Tree (CART) in predicting the potential
distribution of target species. However, the low performance of some models does not make them weak
modelling approaches. Some models will perform poorly if all competency requirements are not met.
For example, SVM sometimes performs better than MaxEnt and RF, possibly because the data structure
is conducive to optimal performance. Therefore, ensuring that the model requirements are fully met
before application and evaluation is essential. In general, studies have demonstrated high potential of
machine learning and regression techniques for predicting species distributions in landscapes and ranking
explanatory factors affecting distribution trends (Ahmed et al. 2021; Shabani et al. 2016). While these
have been widely and successfully used to quantify the dispersal of many (native and non-native) floral
species, they have not been applied in the study of Poplars in the Global South regions.

In South Africa, Populus alba and Populus canescens are classified as a Category 2 weed under the
National Environmental Management and Biodiversity Act (NEMBA) (No. 10 of 2004) and Conservation
of Agricultural Resources Act (CARA) (No. 43 of 1983) of South Africa’s Invasive Species Legislation
(Henderson, 2007). This means that poplars (Category 2) plants may not occur on land or inland water
surfaces other than a demarcated area or a biological control reserve (Roy et al. 2023). For example, in
most conservation areas under South African National Parks (SANParks), they are classified as a species
of very high concern, encroaching on ecologically sensitive landscapes such as riparian zones; they are
therefore cleared under continuous surveillance (SANParks, 2020). Essentially, poplar species consume
a lot of water in streams, thereby worsening the conditions for aquatic species in the streams (Théroux
Rancourt et al. 2015). Like any woody species, poplar competes with native species for resources, with
a better chance of consuming more and more because of its growth structure and crown, which intercepts
rain and sunlight that would otherwise be used by native species (Kumschick et al. 2020; Zhang et al.
2021). For these reasons, it is important to understand their spatial distribution and climatic drivers so
that they can be appropriately monitored and managed in the country. This study was conducted on a
national scale because at smaller spatial scale the bioclimatic variables do not give better variations

(Fournier et al. 2017).
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To achieve the aim of this study, the performance of GLM, RF and SVM models in predicting the
existence and distribution of poplar trees in South Africa was tested and compared. The predictive power
of each model under current different climatic conditions and evaluation of the most influential climatic
parameters for Poplar distribution in the country was examined. The results of this study could provide

valuable insights to support alien invasive species management actions and decision-making processes.

4.2 MATERIALS AND METHODS

4.2.1 Study area

This study was conducted in South Africa, the southernmost country on the African continent (Figure
4.1). The country lies between the 22-35° S and the 16-33° E (Van Wilgen et al. 2020). The country’s
interior consists of a large, almost flat plateau with an altitude of about 1000 m in most places above sea
level (King, 1942). South Africa has a temperate climate with warm and humid summers and cold and
dry winters (Blamey et al. 2017). The country’s annual average rainfall is 464 mm, with the Western
Cape receiving winter rainfall (June to August) and the rest of the country receiving summer rainfall
(December to February) (Roffe et al. 2019). South Africa consists of nine vegetation biomes or units:
Forests, Savannah, Fynbos, Grassland, Karoo, Desert, Nama-Karoo, Succulent Karoo, Indian Ocean
Coastal Belts and Albany Thicket (Dayaram et al. 2019; Mucina and Rutherford, 2006). Large impact
craters, orogenic belts, granite belts and cratons are only a few examples of South Africa’s extremely
diverse geology (Du Toit, 1940). South Africa’s topography is made up of the craggy mountains of the
Cape Fold Belt and the great escarpment, which encircle the country to the west, south and southeast.

There is a narrow coastal plain strip beyond this (Haughton, 1969).
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Figure 4.1 Geographic distribution of Poplars in South Africa.

4.2.2 Data collection

To quantitatively predict poplar (Populus nigra, Populus simonii, Populus fremontii, Populus deltoides,
P. canescens, Populus canadensis and P. alba) distribution in South Africa, spatially referenced poplar
occurrence sample points were obtained from the Global Biodiversity Information Facility (GBIF)
(https://www.gbif.org/ accessed on 12 June 2023 and updated on 20 December 2023). After filtering the

data by South African boarder and removing duplicates, 467 poplar occurrence points were finally
obtained and eligible for analysis. The species breakdown in terms of their locations is shown in Table

4.1. About 600 absence points were generated using the random point function in R environment.
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This study also attempted to identify the South African protected areas most likely to be affected by
poplars by superimposing the best-modelled poplar distribution results on the protected area shapefiles
and extracted protected areas where poplar occur using intersection function in Quantum Geographic
Information System (QGIS). Only mostly affected protected areas are reported; however, the wider

distribution is provided.

Table 4.1 Poplar species gathered from GBIF, including localities and counts.

Poplar species Province No.
Populus simonii Western Cape 2
Populus nigra Northern Cape, North West, Free State, KwaZulu- 58

Natal, Western Cape, Eastern Cape, Mpumalanga,
Gauteng and Limpopo

Populus fremontii KwaZulu-Natal 1

Populus deltoides Northern Cape, KwaZulu-Natal, Western Cape, 36
Eastern Cape, Mpumalanga, Gauteng and
Limpopo

Populus canescens Northern Cape, North West, Free State, KwaZulu- 309

Natal, Western Cape, Eastern Cape, Mpumalanga,
Gauteng and Limpopo

Populus canadensis Free State and Mpumalanga 3

Populus alba Northern Cape, North West, Free State, KwaZulu- 58

Natal, Western Cape, Eastern Cape, Mpumalanga,
Gauteng and Limpopo
Total 467

4.2.3 Environmental predictors
The Bioclim algorithm was used in this study; this is a commonly used climate-envelope-model (Booth
et al. 2014) integrated into the R environment using a raster package, for environmental prediction from

the Worldclim database (Table 4.2). Soil, land-use77cover, and topography have been documented as



important environmental variables for plant species distribution (Huang et al. 2021; Krauss et al. 2008).
However, in this study, the focus was only on the current climate variables affecting the poplar species’

range distribution in South Africa.

Table 4.2 Bioclimatic variables and their descriptions

Bioclimatic variables  Description

Bio 1 Annual Mean Temperature

Bio 2 Mean Diurnal Range

Bio 3 Isothermality

Bio 4 Temperature Seasonality

Bio 5 Maximum Temperature of the Warmest Month
Bio 6 Minimum Tempieratures of the Coldest Month
Bio 7 Temperature Annual Range

Bio 8 Mean Temperature Wettest Quarter

Bio 9 Mean Temperature Driest Quarter

Bio 10 Mean Temperature of the Warmest Quarter
Bio 11 Mean Temperature of the Coldest Quarter

Bio 12 Annual Precipitation

Bio 13 Precipitation of Wettest Month

Bio 14 Precipitation of Driest Month

Bio 15 Precipitation Seasonality

Bio 16 Precipitation of Wettest Quarter

Bio 17 Precipitation of Driest Quarter

Bio 18 Precipitation of Warmest Quarter

Bio 19 Precipitation of Coldest Quarter

All Bioclim variables were spatially scaled to a 1 km grid and cropped to the extent of the South African
border. Temperature Bioclim in the Worldclim database is usually multiplied by 10 for storage purposes

to reduce size. Temperature units were converted to__degrees Celsius.
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4.2.4 Modelling methods

This study was conducted using all available poplar species data as indicated in section ‘Distribution of
poplar in South Africa’. Some species (e.g. Populus fremontii) had insufficient occurrence data and were
unable to meet the modelling requirements for separate analyses. The commonly applied models for
species distribution that include the GLMs (Melo-Merino et al. 2020), RFs (Breiman, 2001) and SVM
(Vapnik, 1998) were used in the R statistical environment. Stepwise logistic regression was used to select
the best model combination. This process was set to be repeated 10 times in a row to ensure that robust
modelling output is achieved. The predictors from the model that yielded the lowest akaike information
criterion (AIC) score was selected for modelling. This process is important as it allows for proper fitting
of the model, which is a model that does not possess multicollinearity and data redundancy.

For all models, the same initial set of inputs was included, that is, poplar occurrence and absence points
as response variable and 13 selected Bioclims as environmental predictors. Species presence was given
value 1 and absence was given value 0 for modelling. Distribution data were divided into two parts, 75%
for training and 25% for testing. The GLM was implemented using the ‘GLM’ function, link function
and error distribution are given with the family arguments. Random Forests was implemented with
‘randomForest’ and the SVMs in R using the ‘ksvm’ in package ‘kernlab’ because it contains many
different SVM formulations and ‘kernals’ and provides useful options and functions such as a method
for plotting. Next, the RF was used to evaluate the most important variables (Genuer et al. 2010) in
determining the occurrence and distribution of poplar in the South African landscape. All the models
were set to repeat 10 times to ensure that our modelling results are consistent and accurate. The accuracy
of all models was assessed by the area under the curve (AUC).

4.3. RESULTS

4.3.1 Model performance and validation

The geographic distribution of poplar trees (P. alba, P. canadensis, P. canescens, Populus deltoides, P.

fremontii, Populus nigra and Populus simonii) were modelled in South Africa using GLM, RFs and
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SVM models, and their performance is shown in Table 3. The results show excellent performance for all
models, with RF achieving the highest correlation of 0.83 and 0.965 AUC. This was followed by SVM
and then GLM with correlation and AUC of 0.72 and 0.959, and 0.65 and 0.937, respectively (Table 4.3).
A key feature of these results is the superior performance of machine learning methods than a regression
model. In Figure 4.2, the comparison of the model accuracies with the receiver operator characteristics
(ROC) curve is shown. Here, ROC shows the proportion of the true positive (presence) rate and the false
positive (absence) rate for poplars. Higher RF AUC values indicate the ability to identify the presence
and absence of poplar samples (Figure 4.2a), followed by SVM (Figure 4.2b) and then GLM (Figure
4.2c).

Table 4.3 Summary of model performance

Model Correlation AUC
Random Forests 0.83 0.965
Support Vector Machine 0.72 0.959
Generalized Linear Model 0.65 0.937

Figure 4.2 Receiver operator characteristics (ROC) curve for (a) Random Forests, (b) Support Vector

Machine, and (c) Generalized Linear Model 80



4.3.2 Distribution of poplar in South Africa

In this section, the results of the modelled poplar distribution are presented for South Africa using RF,
SVM and GLM, and the results are shown in Figure 4.3. All models showed a similar pattern of poplar
distribution, with higher concentration in the south-western part of the Western Cape, the southern Cape
on the Garden Route, the central-eastern Free State, and the north-eastern part of the country in
Mpumalanga, even in Limpopo (Figure 4.3). However, RF had a better prediction performance than its

counterparts (see Figure 4.2).
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Figure 4.3 Modelled distribution of poplars in South Africa using (a) Random Forests, (b) Support Vector
Machine, and (c) Generalized Linear Model. The legend/ramp on the y axis represent suitability levels,

with green representing highly suitable site, while white-pinkish colour represents low suitability areas.

Populus nigra, P. alba, and P. canescens appear to have suitable habitats throughout the rest of the
country, except for the extremely hot and arid northern parts of the Northern Cape (Figure 4.4a). This
conclusion was reached after overlaying all poplar species points on the results of a random forests
modelling application. Many provinces have populations of Populus deltoides, however it has not been
recorded in provinces such as the Northwest and the Free State. Nevertheless, there are just a few records
of Populus simonii (Western Cape), P. fremontii (Kwazulu Natal), and P. canadensis (Free State and
Mpumalanga) in South Africa (see Figure 4.4a below). Overall, poplar species appear to be highly

distributed in temperate regions with adequate8 rainfall patterns and less in arid deserted areas (see
1



Figure 4.4b and Appendix C). This is not surprising since majority of poplar species require an inordinate

amount of water to flourish and survive.
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Figure 4.4 a) RF prediction map and b) a June 2022 to June 2023 rainfall map with poplar points

overlayed on both.

In assessing the occurrence status of poplars in South African protected areas, this study found that
poplars are common in few protected areas, where conditions are more favourable. These include, Golden
Gate Highlands National Park, Table Mountain National Park, Cape Peninsula Nature Reserve,
Tweefontein Reserve, and the Platberg Private Nature Reserve to name but a few (see appendix A and
B).

Of the 13 predictors used, Bio 4 (temperature seasonality), Bio 10 (mean temperature of the warmest
quarter), Bio 11 (mean temperature of the coldest quarter), Bio 12 (annual precipitation), Bio 13
(Precipitation of wettest month), Bio 14 (precipitation of the driest month), Bio 17 (precipitation of the
driest quarter), and B 18 (precipitation of the warmest quarter) were found to be significant in
determining the occurrence status of poplars (Table 4.4). The results seem to indicate that seasonal
variation in temperatures and average temperatures of the warmest and coldest quarter are potential
influencers of poplar distribution as far as temperature is concerned. From rainfall perspective,
precipitation experienced annually, during the wettest month, driest month, driest quarter and warmest

quarter are all integral in contributing towards the existence and invasion of poplar species in South
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Africa. Overall, the results suggest that regions that receive sufficient rainfall in all phases of the year
and experience optimum temperatures during warm and coldest months are likely to host poplar

occurrences.

Table 4.4 Evaluation of environmental factors for predicting the distributions of poplars.

Exploratory variable Bioclim P value Significance
Mean_Diurnal_Range 2 0.271961
Temp_Seasonality 4 0.000045 Fhx
Max_Temp_warmest.Month 5 0.531755
Min_Temp_Coldest_Month 6 0.28809
Mean_Temp_Driest_Quarter 9 0.467704
Mean_Temp_Warmest_Quarter 10 0.0000528  ***
Mean_Temp_Coldest_Quarter 11 0.0000974  ***
Annual_Precip 12 0.000367 Fhx
Precip_Wettest Month 13 0.001182 **
Precip_Driest_Month 14 0.00000431 ***
Precip_Wettest_Quarter 16 0.076492
Precip_Driest_Quarter 17 0.000157 il
Precip_Warmest_Quarter 18 0.022961 *
Precip_Coldest_Quarter 19 0.471873

Signif. codes: 0 “*** 0.001 “*** 0.01 **> 0.05 . 0.1 < 1

The study ranked the contribution of all 13 environmental variables in determining poplar occurrence
and distribution, and found the warmest and driest quarter precipitation, and annual precipitation to be
the top three contributing factors (refer to Figure 4.5). The findings highlight the significance of wet

conditions and water availability for poplar presence in South Africa.
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Figure 4.5 Random forests variable importance.

4.4 DISCUSSION

This study provided a successful prediction of poplar species distribution in South African landscapes
and allowed the: (a) understanding of the geographic distribution and pattern of poplars in the country,
(b) identification of environmental conditions that most affect poplar occurrences and dispersion, and (c)
testing of the superior performance of Machine Learning models (RF and SVM), for modelling species

distribution over a regression model.

The results showed that poplars are mainly found in regions of warm temperature and high rainfall in
South Africa, including the south-western parts of the Western Cape and Northern Cape, the southern
Cape on the Garden Route, the central-eastern Free State, western parts of KwaZulu-Natal, Gauteng,

eastern parts of Northwest, the north-eastern part of the country in Mpumalanga and Limpopo. These
84



also include protected areas found in the aforementioned regions such as Golden Gate Highlands
National Park (Daemane et al. 2010), Table Mountain National Park, Cape Peninsula Nature Reserve,
Tweefontein Reserve, and Platberg Private Nature Reserve, to name but few. The findings also seem to
suggest that species such as P. nigra, P. alba, P. canescens, and P. deltoides, are mostly found throughout
the country, in the wetter and warmer provinces. Their ability to thrive in semi-drier to wetter conditions
may cause this adaptation (Caudullo and De Rigo, 2016; De Rigo et al. 2016). The majority develop
themselves organically and thrive when enough water and sunlight are available. For windbreaking and
decorative purposes, poplar species including P. simonii, P. fremontii, and P. canadensis are planted in
homes and streets and are carefully tended to with frequent irrigation. Overall, the results are consistent
with Ntshidi et al. (2018) and Mtengwana et al. (2021), because, from a geographic perspective, invasive
species predominate in the wetter parts of the country, which are important water sources for the country's

major rivers.

Poplar needs enough water and warmer temperatures for better growth and survival (Fischer et al. 2018;
Kalcsits et al. 2009). This justifies their occurrence in riparian zones, and warmer and wetter parts of the
country (Sperandio et al. 2022; Xi et al. 2021). While its invasiveness has not been extensively studied,
like any other invasive species, it competes with native important species for resources, and at most
outcompete them (Poudel et al. 2019; Zhang et al. 2021). Therefore, this study results are important as
they enable the understanding of the patterns of their spread across the country and selected protected
areas to know what interventions to put in place to monitor and manage them. In protected areas under
the South African National Parks (SANParks), poplar is categorized as species of special concern, which
requires constant monitoring and management (SANParks, 2020). However, knowledge about what
constitutes to its spread is not yet available. Therefore, it is hoped that this gap will be filled as an
extension of this study.

It is well known that the geospatial distribution of plants is largely influenced by an interplay of multiple
mechanisms, including climate and other environmental characteristics (Chen et al. 2014). Although
some of these parameters are not part of this modelling approach, they are likely to help determine poplar

distribution. To some extent, the variations in topography and land cover are related to climatic variations
85



(Huang et al. 2021; Krauss et al. 2008), hence it is preferred to focus solely on the bioclimatic variables.
Therefore, it is assumed that the observed distribution of the poplars depends solely on the current
climate. For this reason, the RF was used to evaluate the most influential climatic variables. In doing so,
this study found that precipitation in the coldest quarter and maximum temperatures in the warmest
month are the most important variables in the prediction of poplar trees. In fact, warmer and humid
conditions are favourable for poplars, while cold and dry conditions appear to be unsuitable. Likewise,
Yudaputra et al. (2019) using RF, examined the variables essential to the dispersal of Eusideroxylon
zwageri in Indonesia and found that precipitation in the coldest months, precipitation seasonality, and
isothermality are the most important variables affecting the dispersal of the target species. This
information is important for predicting the habitat suitability of landscapes to allow for the existence of

species and thus their future spread (Burns et al. 2020; Zhang et al. 2019).

The results of this study are consistent with previous studies in which machine learning methods (RF and
SVM) outperformed a regression model (GLM) (Ahmed et al. 2021). The superior performance of RF
was also confirmed by Jensen et al. (2020) in their prediction of an invasive Kudzu vine in the USA using
Sentinel-2. RF uses only a random subset of the predictor variables for each subset as each tree grows.
This creates decorrelated trees and reduces the variance of the final model (Hastie et al. 2009).
Additionally, RF avoids overfitting, although they can have quite a complex response, making RF the
best model for modelling species distribution. As the second-best model, SVM works by constructing a
series of hyperplanes to separate data points based on their class (Ahmed et al. 2021; Kass et al. 2021).
Performance is often poor when the number of background samples significantly exceeds the occurrence

records. This is largely due to class overlap (Garcia-Rosell6 et al. 2019).

This issue was combated by applying weights, which significantly increases the cost of misclassifying
presence points (Duan et al., 2014). SVM has acknowledged for its performance in SDMs in many
studies. For example, Bedia et al. (2011) used SVM and other models to predict the distribution of plant
species in an alpine rangeland in northern Spain. Hailu et al. (2017) reported that SVM performed well
together with MaxEnt in assessing the spatial distribution of Coffea arabica in the Ethiopian highlands.

It is said that SVM essentially performs better than RF, especially when the number of observed
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occurrences is small, since it can be trained with few meaningful pixels (Pouteau et al. 2012). GLM is
the least performing model in this study and is commonly used to determine the distribution pattern of
species using the iterative weighted linear regression technique to obtain the estimated maximum
likelihood of the parameters (Fukuda et al. 2013; Godsoe, 2014). Its relative performance to RF and SVM
is consistent with other similar studies. However, in some applications, the GLM has been found to
perform better than the Boosted Regression Tree in predicting the distribution of eight different species
in Australia (Shabani et al. 2016). Overall, all three models performed well as they achieved an AUC >
0.9, confirming their value to model species distributions, especially machine learning-based techniques.

4.5 CONCLUSION

This study predicted poplar distribution in South Africa using machine learning (RF and SVM) and
regression (GLM) models. The results showed that poplars are mostly distributed in the warmer regions
that receive the above average rainfall of the country, from the southwest of the Western Cape and
Northern Cape, the central Free State, western parts of KwaZulu-Natal, eastern parts of Northwest,
Mpumalanga, Gauteng, to the southern parts of Limpopo. This distribution appears to affect several
protected areas from a conservation perspective, including the Golden Gate Highlands National Park,
Table Mountain National Park, Cape Peninsula Nature Reserve, Tweefontein Reserve, and Platberg
Private Nature Reserve to name but few. The results of this study showed that machine learning methods
(RF; 0.965 and SVM; 0.959) outperformed GLM (0.937) in predicting the occurrence and distribution
of poplar trees under the current climatic conditions, with RF performing the best. Based on RF, the
coldest quarter precipitation and warmest-month maximum temperature were the most influential
climatic parameters for poplar distribution in South Africa. Continued evolution of SDMs, more poplar
distribution data and availability are expected to further improve the understanding of species distribution

and environmental variables that influence predictive performance.
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Figure 6: Protected areas overlaid on the poplar habitat suitability map to represent protected areas best

suited for poplar growth.
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Appendix: B

Table: A list of protected areas where poplars occur.

Species Latitude Longitude Protected area Type of
name protected area
Populus -30.711154 27.689445 Balloch Protected Environment Protected

alba Environment
Populus -25.625 29.375 Buks Private Nature Reserve Nature Reserve
alba

Populus -34.053869 18.430926 Cape Floral Region Protected World Heritage
alba Areas Site

Populus -34.079385 18.406036 Cape Floral Region Protected World Heritage
alba Areas Site

Populus -34.208938 18.401856 Cape Floral Region Protected World Heritage
alba Areas Site

Populus -34.053869 18.430926 Cape Peninsula Nature Area Nature Reserve
alba

Populus -28.52354 28.413926 Clarens Private Nature Reserve Nature Reserve
alba

Populus -28.516535 28.404204 Clarens Private Nature Reserve Nature Reserve
alba

Populus -25.97609 27.83956 Fossil Hominid Sites of SA World Heritage
alba Site

Populus -28.505556 28.618333 Golden Gate Highlands National National Park
alba Park

Populus -28.50488 28.61942 Golden Gate Highlands National National Park
alba Park

Populus -34.048175 18.91107 Lourens River Protected Natural Protected

alba Environment Environment
Populus -32.375 25.375 Mountain Zebra-Camdeboo Protected

alba Protected Environment Environment
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Appendix: C
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Figure 7: South African Climatic Zones with poplar species overlayed.
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ABSTRACT

Poplar is an invasive alien plant (IAP) that encroaches on fragile landscapes in South Africa, but the
environmental factors that contribute to its spread are not well understood. To address this gap, the study
was conducted using generalized linear models (GLM) to identify the most significant local
environmental factors that drive poplar establishment and dispersion in Golden Gate Highlands National
Park (GGHNP). The study then ranked these variables according to their contribution to poplar
occurrence using a random forests regression approach. The GLM analysis revealed that soil properties
such as soil organic carbon, sand and silt, topographical variables such as aspect and slope, normalized
difference moisture index (NDMI) and poplar distance from rivers are significant factors affecting poplar
survival. After ranking the variables, the study found that the three most important factors influencing
poplar occurrence were aspect, slope and poplar distance to rivers, followed by the sand, silt, NDMI, and
soil organic carbon. The current study results are consistent with previous studies, indicating that
topographical variables and the availability of sufficient water supply are the primary drivers of the
spread of IAPs. This study provides useful insights in managing and monitoring poplars in delicate

landscapes.

Keywords: poplar; random forests; generalized linear model; species distribution model; Populus
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5.1 INTRODUCTION

It has been observed that poplar (Populus canescens (grey) and Populus alba (silver)), an alien invasive
species, has been spreading rapidly in the landscapes of GGHNP (SANParks, 2020). Unchecked growth
of invasive plant species, such as poplar, can cause significant damage to ecosystems and result in higher
restoration costs (Vila et al. 2011). The presence of invasive tree species can have a substantial impact
on forest management by affecting nutrient cycling and moisture regimes, among other ecosystem
processes (Marchante et al. 2008). The extent and duration of the invasion, as well as the interactions
between biotic and abiotic factors (McGill, 2010), can all influence the effects of 1APs, particularly trees
(Martinez et al. 2010; Herrero-Jauregui et al. 2012).

It is essential to comprehend the causes and patterns of invasion to put into practice effective management
measures (Brundu andRichardson, 2016). To support various forms of intervention, from early detection
to management of established invaders (Van Wilgen et al. 2011), it is becoming increasingly crucial to
predict invasions at smaller spatial scales (Fernandes et al. 2014). Gaining an understanding of the local
environmental characteristics of an area suitable for the species can provide better information and more
precise forecasts, ultimately aiding in the management of invasions. Factors such as physical and
chemical soil characteristics (Huang et al. 2021), moisture availability (Darby et al. 2016; Moeslund et
al. 2013), topographical variables (Elias et al. 2019), and the density of surrounding plant species
(Fernandes et al. 2014) are the biggest drivers of invasion at a local scale. Topography directly and
indirectly affects plant distribution by inducing variation in environmental conditions, such as
microclimate and soil stability (Barry, 2008). In addition, topography represents a geographical barrier
for plant dispersal across landscapes (Lomolino, 2001). Soil provides plants with essential nutrients,
oxygen, and water required for growth and development (Onwuka andMang, 2018). Alien invasive plants
such as poplar tend to thrive in regions with ample water supply and often establish themselves along
streams and artificial canals (Ntshidi et al. 2018). These environmental variables are usually used as
predictor variables in Species Distribution Models (SDMs) to model their influence in determining the
distribution and occurrence of delicate alien plant species (Elias et al. 2019; Huang et al. 2021; Moeslund
et al. 2013). SDM techniques, such as Random Forests (RF) machine learning and Generalized Linear

Model (GLM) regression model, have achieved commendable results in modelling the distribution of
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plant species (Hill et al. 2017; Mapuru et al. 2024; Williams et al. 2009. The GLM significantly extends
linear regression by incorporating a link function to relate the linear model to the response variable and
decisively identifies the variables influencing the occurrence of species of interest (Mohammady et al.
2021), while the RF regression technique is mostly used in ranking the contribution predictor variables
towards the establishment of plant species (Evans et al. 2010). Although the use of the SDM techniques
mentioned above in conjunction with the local environmental variables can inform what drives poplar
distribution in GGHNP, this option has not been sufficiently explored. Therefore, the current study aims

to fill this research gap.

The environmental factors that affect the occurrence and distribution of poplar species in Golden Gate
Highlands National Park have not been extensively researched. There have been few studies on the
invasive potential of some plant species in GGHNP, and still fewer attempts have been made to
understand what could be driving their existence and distribution in delicate landscapes (Canavan et al.
2022; Masole et al. 2022). There are two types of poplar found in GGHNP: grey and silver poplar. The
park management has identified this plant as a species of special concern, and it has been removed while
being closely monitored throughout the park since 2019 (SANParks, 2020). The clearing of poplar and
other IAPs is one of the strategic objectives for landscape conservation and management in the GGHNP
(SANParks, 2020). These poplar species consume large amounts of water from streams, leading to
potential ecological imbalances (Ntshidi et al. 2019). Additionally, they are known to outcompete native
grass species for resources and are often found in sensitive areas like riparian zones (SANParks, 2020).
It is therefore crucial for GGHNP management to have a comprehensive understanding of their habitat

requirements and local environmental drivers to effectively manage their distribution pattern in the park.

The main aim of this study was to investigate the local environmental factors that affect the occurrence
and spread of poplar trees in the GGHNP. To achieve this goal, two objectives were set to: (1) identify
local environmental factors that influence the distribution of poplar trees and (2) rank the contribution of
the identified variables in determining the presence and spread of poplar trees across the landscape. Here,
we hypothesize that topographical variables and water availability are the primary determinants of poplar

distribution.
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5.2 MATERIALS AND METHODS

5.2.1 Study area
The current study was conducted in the Golden Gate Highlands National Park (28°30'22"S, 28°37'0"E),

situated in the eastern Free State Province of South Africa (Figure 5.1). The park spans an area of
approximately 340 km? and is located at the foot of the Maloti Mountains. The highest peak in the park
is approximately 2,829 m a.s.| (SANParks, 2020). The park experiences dry climate from June to August
and variable rainfall between October and April. The annual rainfall in the region is around 800 mm (Kay
et al., 1993). The park's geology is divided into five formations, consisting of four sedimentary and one
igneous (SANParks, 2020). The park falls within the grassland biome of South Africa, representing the
Drakensberg grassland bioregion and the mesic highland grassland bioregion (SANParks, 2020). The
two largest plant families in the park are Poaceae and Asteraceae. The park’s grassland is slightly
undulating with streams and rivers, dominated by Eragrostis sp., Tristachya leucothrix, and Themeda
triandra, and an herb layer dominated by Asteraceae (SANParks, 2020). Unfortunately, there are various
invasive alien floral species present in the park, including poplars, which are of particular concern. This
is due to the various ecological damages they inflict on the environment and other species (SANParks,
2020). The park is located on the watershed between the Vaal and the Orange Rivers systems. It
contributes quality water to the Gauteng region through the Lesotho Highlands water project and the
Tugela-Vaal transfer scheme. The Little Caledon River and Klerkspruit River, which rise in the park,
contribute approximately 30% of the total water supply in Southern Africa.
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Figure 5.1 A study map depicting South Africa (a), Free State (b), and Golden Gate Highlands National
Parks (c).

5.2.2 Field data collection

A total of 100 poplar occurrence points were mapped using GPS throughout the GGHNP; this included
sites that had been cleared but with evidence of historical poplar occurrence. Points were randomly
collected from poplar trees. In the remote areas that were not easy to access, such as riverbanks, high
spatial resolution image integrated in Google Earth Pro was used to supplement the poplar presence
points. One hundred absence points were created in R environment using a random point function to
characterize areas where poplar was not occurring in GGHNP. The number of absence points was
deliberately set to match the number of presence points to prevent any modelling biases (Barbet-Massin
et al. 2012; Lobo et al. 2010; VanDerWal et al. 2009). Both presence and absence points were combined
and used as response variable in models, and were given the value of 1 and 0, respectively.
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5.2.3 Environmental variables
The physical and chemical properties of the soil were acquired from the International Soil Reference and

Information Center (https://soilgrids.org) at 1 km spatial resolution raster format (Hengl et al. 2014). This

soil data was validated using ground data from across the globe (Hengl et al. 2017; Shangguan et al.
2017). Data included soil organic carbon (dg/kg), bulk density (cg/cm”3), silt fragments (g/kg), soil pH,
topsoil nitrogen (cg/kg), and sand content (g/kg) (Mashiane et al. 2023). We used the Digital Elevation
Model (10 m) from the WorldClim database (https://www.worldclim.org/data/worldclim21.html) to

calculate topographic features such as elevation (m.a.s.l), slope (angle®), and aspect (°) in QGIS. The
2021 to 2022 Sentinel-2 imagery (10 m) captured by the Copernicus Data Space Ecosystem was used to
calculate and derive the Normalized Difference Moisture Index (NDMI) (Ohman et al. 2022),
Normalized Difference Vegetation Index (NDVI) (Labonté et al. 2020) and Normalized Difference
Water Index (NDWI) (Gerardo and de Lima, 2022) using the following formulas:

DM = 28— B11 (1)
" B8+ B11
BS — B4

_ o 2

NDVI B8 + B4 )
B8 — B12

_ il 3

NDWI B8 + B12 )

where B4 = Red band; B8 = Near Infrared band, and B11 and 12 = Shortwave Infrared bands

The "distance to the nearest hub" function in QGIS was utilized to determine the distance between river
courses and poplar occurrence points. The study resampled soil physical and chemical variables to 10 m
spatial resolution to account for raster variable resolution discrepancies and guarantee that the results are
consistent with topographical (slope, aspect, and elevation) and remote sensing (NDMI, NDW!I, and

NDVI) data. Appendix A provides descriptive statistics of all the environmental predictors.

Using QGIS's "sample raster values" function, the study additionally extracted raster predictor variable

values linked to poplar points. This functionqoretrieves raster values at specific point locations



and populates the values in corresponding columns of an attribute table (Treglia, 2011). The results from
each of these datasets were put together into an Excel spreadsheet, which was then used later to compute

the statistical analysis in the R programming language.

5.2.4 Statistical analysis

To ensure the accuracy of the analysis, the study dataset underwent a normality test using Q-Q plot and
Shapiro-Wilk test approach but found that it was not normally distributed. To address this issue, the
current study used Generalised Linear Models (GLM) designed to work with non-normally distributed
data (Buckley, 2014; Hammouri et al. 2020). GLM was used with statistical significance set at p < 0.05.
We used the Akaike Corrected Information Criterion (AlCc) and the AlICc weight, through the "dredge”
function in the "MuMIn" package in R (Barton, 2009; Johnson and Omland, 2004), to select the optimum
model combination (Mapuru et al. 2021). Dredge function automates model selection by sub-setting the
best model, allowing optional constraints for model inclusion (Barton, 2009). This helped to avoid model
overestimations and multicollinearity. The study used only the environmental predictors that were part
of the best model combination estimate to perform GLM analysis. Before running any modelling
analysis, all predictors were standardized using the scale function in R (VanDerWal et al. 2009) and also
the study used Bonferroni correction procedure to reduce the probability of incurring the type 1 error
(VanDerWal et al. 2009). The "Dsquared” function from the "modEvA™ package in R was used to
calculate the model's performance (Barbosa et al. 2020).

The study employed a Random Forests (RF), a method linked to Classification and Regression Trees
(CART) and a bagging procedure (Breiman, 2001), to rank the significance of environmental predictors.
RF constructs multiple trees based on random samples of cases by bootstrapping technique, instead of
building a single tree. Each split is created from a random sample of predictors (Breiman, 2001). This
technique ensures that 1/3 of the observations are excluded during the fitting process and used to calculate
the prediction error. RF was conducted in a regression setting with poplar presence (100) and absence
(100) treated as response variables in a model (Liaw and Wiener, 2002). Only significant environmental

variables returned by “dredge” function were used as predictors. The distribution data was split into 25%
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for testing and 75% for training (Mapuru et al. 2024). To implement RF, the "randomForest” function in
the R statistical environment was used. The predictors' importance was rated based on specified changes
of mean decrease in accuracy (%IncMSE), i.e. predictors were removed one by one from the model, thus
revealing their adequacy (Berk, 2008). The RF regression required the definition of parameters such as
ntree (number of trees), node-size, and importance (variable importance). Model values were set as

follows: ntree = 500, node-size = 5 (default value), and importance = T (TRUE) (Vincenzi et al. 2011).

5.3 RESULTS

5.3.1 Significant environmental predictors

The analysis using the GLM revealed that soil physical and chemical properties such as silt fragments,
sand, and soil organic carbon, along with topographical variables such as slope and aspect, had a
significant impact on poplar occurrence (Table 5.1). Surface moisture content (NDMI) and distance to
rivers also play a crucial role in determining poplar occurrence and spread (Table 5.1). Although factors
like pH, nitrogen, and bulk density can impact poplar occurrence, their effects were not significant
enough to support poplar establishment. These results suggests that the primary drivers of poplar
occurrence and distribution in the GGHNP are the topographical characteristics of the region and water

availability.
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Table 5.1 Results from the GLM on the effects of environmental predictors on poplar distribution.

Response Predictors t value p value
pH 0.919 0.36209
Nitrogen 0.934 0.35419
Silt -3.509 0.03677 *
Slope 16.363 < 2e-16 il
Poplar presence and Aspect 14.066 < 2e-16 falalel
absence
Sand -3.866 0.0002 falaied
Bulk density -1.057 0.967
Soil organic carbon -4.682 1.67e-05 il
NDMI 6.753 6.59e-09 falaied
Distance to the rivers -6.133 7.36e-08 falaled

Signif. codes: 0 “***’(0.001 “*** 0.01 ‘** 0.05°.>0.1 “’ 1

5.3.2 Relative variable importance

Table 5.2 presents the relative significance of environmental predictors that were considered. This
analysis revealed that variables such as slope, aspect, and distance to the rivers were the three most

important predictors. This was followed by soil organic carbon, sand, silt fragments, and NDMI in

decreasing order of importance.
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Table 5.2 Variable ranking according to RF

Predictors %INCcMSE IncNodePurity
Slope 19.419 0.020

Aspect 17.820 0.02

Distance to the rivers 14.630 0.01

Soil organic carbon 13.086 0.01

Sand 11.934 0.003

Silt 9.142 0.002

NDMI 6.12 0.002

5.4 DISCUSSION

This study aimed to investigate the environmental factors that affect the presence and distribution of
poplar trees in the GGHNP using Generalised Linear Models and Random Forests. The results showed
that soil properties such as silt fragments, sand and organic carbon content, and topographical variables
such as slope and aspect as well as soil moisture content, and the distance of poplar trees from streams
were the main environmental factors that influenced the occurrence and distribution of poplars in
GGHNP. Poplars thrive in riparian areas where soil moisture is high (Laslier et al. 2019; Bahn and An,
2020). This was confirmed as distance to rivers and soil moisture content were among the main
influencing factors of poplar occurrence. Riparian soils are characterized by a mixture of sand, silt, and
clay, and high organic carbon content that results from the deposition and decomposition of vegetation
fragments (Franklin et al. 2020; Gomes et al. 2019). Such soils provide high aeration, easy water

percolation, and good water retention, providing plant roots with easy access to water.

The current study identified slope and aspect as the most important parameters of poplar distribution.
The study findings are consistent with those of Lan et al. (2011), who also found that topographic
variables are crucial predictors of vegetation distribution. Topography affects climatic conditions (Grzyl
et al. 2014), soil formation (Ridolfi et al. 2008), infiltration, runoff, and seed migration (Jiao et al., 2009;

Li et al., 2021). Altitude determines the elevational zonation of soil (Fu et al. 2018; Tsui et al. 2013),
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slope controls the speed of runoff (Liu et al. 2015), and aspect influences flow direction, amount of solar
radiation received, and evaporation intensity (Moore et al. 1993). The combination of these factors

determines the conditions for growth and, consequently, the distribution of vegetation.

Numerous studies have investigated the impact of IAPs on the abundance of understory species (Avalos
et al. 2006; Dyderski and Jagodzinski, 2020; Fu et al. 2018; Jo et al. 2018). However, only a few studies
have examined whether the density of understory species affects their occurrence and distribution. The
current study tested whether the density of the understory species, as determined from the NDVI,
influenced the presence of poplar trees. These results suggests that the density of understory species has

less influence on the presence of poplar species.

Plant species typically require specific soil pH, nitrogen content, and soil density to thrive in particular
locations (Weidenhamer et al. 2010; Reinhart and Callaway, 2006). However, this current research on
poplar trees in GGHNP showed that none of these variables to have played a clear role in explaining the
distribution or occurrence of the species in the area. One potential reason for this outcome could be that
the soil data utilized in this study was not directly measured at the site, but instead taken from a global
database at a 1 km grid. While a previous study conducted at GGHNP by Mashiane et al. (2023) yielded
favourable results using similar datasets, the study suggest that future research studies consider
incorporating a combination of direct measurements and data from global soil databases. This approach
will help enhance the precision of the results and illustrate the accuracy of data within global soil

databases.

5.5STUDY LIMITATIONS

The current study has limitations that should be recognized. First, the study did not consider the biological
interaction between poplar and other co-occurring species (both fauna and flora), which could affect the
adaptability and occurrence of poplar in certain sites. In the future, it would be essential to investigate
the interaction between poplar and other plant species as one of the limiting factors for dispersal. Second,
the study did not explore the impact of fire incidents on the distribution and occurrence of poplar species

as it has the potential to return nutrients to the soil,ll7which could stimulate the germination of seeds



beneath the ground. The study recommends future research to examine the effect of fire on poplar
distribution. In South Africa, there are about six species of poplar, but the current study only focused on
two located in GGHNP. As all these poplar species pose problems, we encourage similar investigations
on other species occurring elsewhere in the country.

5.6 CONCLUSION

This research was conducted to investigate the local environmental factors that influence the existence
and distribution of poplar trees in Golden Gate Highlands National Park. The study aimed to explore two
objectives: (1) To determine which fine-scale environmental variables significantly affect the distribution
of poplar trees in GGHNP, and (2) To rank the contribution of the identified fine-scale environmental
variables in determining the presence and spread of poplar trees across the park’s landscape. The study
revealed that soil (soil organic carbon, sand, and silt fragments), topographical variables (slope and
aspect), surface moisture content (NDMI), and poplar distance from rivers are significant variables
informing poplar existence in the park. The study analysed the contributions of the identified significant
predictors in explaining the existence of poplar and discovered that topographical variables and water
resource availability are the most important factors for poplar occurrence and distribution. With the
discovery of these important study findings, it is anticipated that this information will be useful to park

management, especially in making decisions around the management of poplar-prone places.
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Appendix A.

Table 5.3 Descriptive statistics of all predictor variables used in the study.

Predictors Units Min Max Mean SD Skew

Silt a/kg 195 246 232.5735294 14.53489489 -0.871272728
Slope angle® 89.97338867 89.98472595 89.97759696 0.005397273 0.505260403
Aspect 49.80130768 350.1307678 235.4042661 146.8992046 -0.495182267
Sand a’kg 494 541 509.9705882 15.36711996 0.800088171
Soil organic  dg/kg 46 56 50.94117647 2.184629843 0.192387591
carbon

Distance to m 489.4346539 4350.189629 1801.332064 1155.43566 1.113651901
the rivers.

Moisture -0.186813191 0.086956523 -0.02522498 0.07836258 -0.061289992
content

pH pH"10 58 62 59 0.622944381 1.908374528
Nitrogen of  cg/kg 221 270 245.4411765 16.8358026 0.056126784
topsoil

Elevation masl 1840 2057 1995.852941 94.22619098 -1.089447137
Bulk density  cg/cm”3 125 133 129.2647059 2.696695861 0.194323211
NDVI -0.002375297 0.281997025 0.126055723 0.048336962 0.261934663
NDWI -0.291122288 0.056886226 -0.165957023 0.062532357 0.820349642
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CHAPTER 6 SYNTHESIS AND CONCLUSION

6.1 SYNTHESIS

The proliferation of invasive alien species (1AS), such as poplar (Populus spp.), poses a significant threat
to both natural and human-modified ecosystems due to their adaptability and competitive dominance
over native species. In response to these challenges, this study explored the use of geospatial
technologies, including Geographic Information Systems (GIS) and remote sensing, to monitor, map,
and predict poplar distribution in South Africa. This chapter synthesizes the major findings from the four
research objectives and discusses their broader implications for conservation, land management, and
geospatial applications. This section further integrates the recommendations and limitations of the overall

research.

6.1.1 Key findings and their integration

Review and synthesize remote sensing studies of poplars over a 30-year period (1991-2022).

The first objective provided a comprehensive review of 148 peer-reviewed studies, revealing an
increasing reliance on Earth observation techniques for poplar research between 1991 and 2022. The
findings highlight the predominant use of airborne LiDAR, followed by satellite imagery and, to a lesser
extent, ground-based sensors. The geographic focus of these studies was primarily in the Global North,
with limited research conducted in African landscapes. Furthermore, the review underscores the growing
use of spectral indicators and machine learning in assessing poplar health and productivity.

Synthesis: The widespread adoption of remote sensing and machine learning techniques underscores
their effectiveness in IAS research. However, the limited focus on South African landscapes necessitates

targeted research efforts to bridge this knowledge gap.

Examine the capacity of Random Forest algorithm and Sentinel-2 images for discriminating poplar
species against other land cover types in mountainous regions.

The second objective successfully demonstrated the capability of Sentinel-2 imagery combined with
Random Forests (RF) for mapping poplar in128mountainous regions of South Africa. The



classification accuracy was notably higher (91%) in the first half of the year compared to the second half
(87%), indicating seasonal variations in spectral responses. Key spectral variables, including SWIR-1,
NDVI, Blue, PI-1, MNDW!I, NIR, and PI-3, played a crucial role in distinguishing poplar trees from
other land cover types.

Synthesis: These findings validate the applicability of Sentinel-2 imagery and RF classification in IAS
mapping, particularly in complex terrains. The seasonal differences in classification accuracy highlight

the importance of temporal considerations in remote sensing studies.

Predict the potential suitable habitat of poplar trees using regression and machine learning

techniques in South Africa.

The third objective applied generalized linear models (GLM), RF, and Support Vector Machines (SVM)
to predict the potential distribution of poplar trees under current climatic conditions. Among these
models, RF exhibited the highest predictive accuracy. The study found that areas with high rainfall,
particularly those experiencing significant precipitation in the driest and warmest quarters, were the most
suitable habitats for poplar.

Synthesis: These findings align with global studies that emphasize the role of climatic factors in
determining IAS distribution. The demonstrated effectiveness of machine learning models in habitat

prediction reinforces their utility for proactive management and conservation planning.

Identify the local environmental variables which influence the occurrence and distribution of

poplar in mountainous areas.

The fourth objective identified key environmental factors influencing poplar distribution in mountainous
regions. Using a GLM approach, the study ranked these factors based on their significance, revealing
that topographical features (aspect and slope), soil composition (sand, silt, and organic carbon), and
surface moisture (NDMI) played crucial roles. Distance from rivers emerged as a particularly influential

factor, further emphasizing the importance of water availability in poplar spread.
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Synthesis: The findings corroborate existing literature on IAS ecology, demonstrating that water
availability and terrain characteristics are primary determinants of invasive species distribution. This
understanding can inform targeted management strategies aimed at controlling poplar expansion in

sensitive ecosystems.

6.1.2 Broader implications

Implications for conservation and land management

The study’s findings have significant implications for conservationists and land managers in South
Africa. The ability to map, predict, and understand the environmental drivers of poplar distribution
enables the development of more effective monitoring and control strategies. The identification of key
spectral indices and machine learning models provides a robust framework for future IAS studies,

potentially extending to other invasive species.

Advancements in geospatial technology application

This study highlights the growing importance of GIS and remote sensing in ecological research. The
demonstrated effectiveness of Sentinel-2 imagery, coupled with machine learning classifiers, presents a
scalable and cost-effective approach for IAS monitoring. Moreover, the study’s integration of various

predictive modelling techniques showcases the potential of geospatial analytics in ecological forecasting.
Addressing research gaps in South Africa

By being the first to systematically apply geospatial techniques to study poplar distribution in South
Africa, this research fills a critical knowledge gap. The findings emphasize the need for continued

research efforts in African landscapes, particularly in leveraging Earth observation data for biodiversity

conservation.
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6.1.3 Recommendations

Future studies should integrate LIDAR and multispectral satellite sensor images to leverage LIDAR's
high spatial resolution alongside the extensive coverage of satellite imagery. The combination of plant-
specific indices, multispectral-temporal image data, and machine learning algorithms has been shown to
improve mapping accuracy, and the study strongly recommends using the poplar tree index (PTI) in
conjunction with these techniques for mapping poplar in sensitive landscapes. More research should be
conducted on poplar in mountainous regions using geospatial approaches, with international
collaboration between developed and underdeveloped countries encouraged to facilitate knowledge
exchange and resource sharing. Expanding the methodology to map other invasive alien tree species in
mountainous regions would further enhance the understanding of IAS dynamics. Additionally, future
studies should evaluate tree mapping accuracy using different input combinations, such as bands-only
images, indices-only data, and a mixture of both, while integrating machine learning techniques to refine
classification accuracy. While this study focused on present poplar distribution, future research should
forecast the species' potential distribution under changing climatic conditions by incorporating future
bioclimatic variables. Furthermore, biological interactions between poplar and coexisting species, as well
as the impact of fire on its spread and adaptation, should be investigated. Finally, since all poplar species
pose risks as invasive alien plants in South Africa, similar studies should be conducted across their

inhabited regions to ensure comprehensive monitoring and management strategies.

6.1.4 Limitations of the study

The literature survey paper focused exclusively on studies published in peer-reviewed journals. It did not
analyze documents such as thesis, dissertations, scientific reports, or conservation management plans.
While synthesizing these types of documents is encouraged, it is essential to ensure their content is of
high quality and validity. Although South Africa has six species of poplar, Chapter 5 of this research
concentrated only on two of these species. Future research is encouraged for the remaining species,

particularly using similar methodological approaches.
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6.2 CONCLUDING REMARKS

This study successfully demonstrates the power of geospatial technologies in mapping, predicting, and
understanding the spread of poplar in South Africa. By synthesizing the major findings from the four
research objectives, it becomes evident that remote sensing, machine learning, and environmental
analysis collectively contribute to a more comprehensive understanding of IAS dynamics. The insights
gained from this research not only advance scientific knowledge but also provide practical guidance for

conservation efforts and policy formulation in managing invasive species.
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