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Abstract

The precise identification and mapping of urban tree species are vital for the monitoring and
management of such ecosystems. Sustainable management of trees requires reliable information
about the condition and distribution of the species involved. Municipalities and other stakeholders
need such information to facilitate decision making and prioritise resource allocation for effective
management of the urban tree ecosystems. Urban tree managers need information on the spatial
distribution, status, and changes of urban trees. The heterogeneity and complexity of the urban
landscape features, however, make the tree monitoring process challenging. The high structural
and spectral intra-species variability and species similarity because of phenology, shadow, and tree
age differences limit tree species classification using remote sensing. Traditionally, urban tree
classification and mapping were conducted through field-walking surveys which are costly, time-
consuming, and labour intensive. However, the technology of remote sensing has overcome such
challenges by offering repeatable, time and a cost-effective technique with the advantage of
extracting chronological data of the urban trees. The main objective of this study was, therefore,
to map and monitor urban trees in Randburg municipal area in the City of Johannesburg (Col)
using field spectroscopic, WorldView-2 (WV-2), Light Detection and Ranging (LiDAR) and
Moderate Resolution Imaging Spectroradiometer (MODIS) data.

First, the study explored the potential of feature selection methods in the classification of urban
trees using field spectroscopic data in the Randburg municipal area located in the CoJ. The
effectiveness of three feature selection methods, namely, Guided Regularized Random Forest
(GRRF), Partial Least Squares Discriminant Analysis (PLS-DA) and Principal Component
Analysis Discriminant Analysis (PCA-DA), in selecting key wavelengths in the classification of
common urban tree species was investigated and compared. The selected key wavelengths were
classified using the Random Forest (RF) and Support Vector Machines (SVM) machine learning
algorithms. The feature selection methods reduced the high dimensionality of the field
spectroscopic data, with GRRF selecting 13 wavelengths, whilst both PCA-DA and PLS-DA
selected 10 wavelengths from the entire dataset (# = 1523). The results indicated that the most key
wavelengths were selected from the short-wave infrared (SWIR) region, suggesting that they were
the most effective in classifying the common urban tree species. The SVM classifier produced
overall accuracy values of 95.3% for the GRRF, 93.3% (PLS-DA) and 86% (PCA-DA). The RF
classifier results were 88.7%, 72% and 64% for the GRRF, PLS-DA and PCA-DA methods,
respectively. The SVM outperformed RF in the classification of the key wavelengths. The results
of this study did not show the desired spatial distribution of the classified urban trees. The results

suggested using very high resolution (VHR) multispectral data would better classify, map, and



show the common urban trees spatial distribution in the study area. The results were validated

using ground truth data collected in the area of study.

The second part of this study assessed the capability of remote sensing to map and classify urban
trees using VHR multispectral data. The WV-2 imagery was used to map the common urban tree
species and land use and land cover (LULC) classes in a complex urban environment of the city
using pixel-based classification methods. The study tested the utility of WV-2 bands and compared
the RF and SVM performance in the classification of common urban trees and LULC classes in
the Randburg municipal area. The red, red edge, near-infrared 1 (NIR1), and NIR2 bands played
the most important role in classifying the common urban trees and LULC classes. The study
produced accuracies of 84.2% using the RF classifier and 81.2% for the SVM classifier. The RF
overall accuracy was 3% higher than SVM accuracy in the classification of the common urban trees
and LULC classes. There were misclassifications in the study, and these were due to several factors,
which include the “mixed pixel problem” and the reference points’ location errors. These
misclassifications can be dealt with using the object-based classification method. The object-based
classification is often indicated as a relatively robust classification method, and therefore, this was

investigated in the third part of the study.

The object-based ensemble analysis was examined to classify common urban trees using the WV-
2 multispectral imagery. The study tested the object-based method's capability and tested the utility
of WV-2 bands and other feature variables in the classification of common urban trees and LULC
classes. The performance of the RF and SVM was compared in the object-based classification.
The results indicated that the object-based classification is capable of successfully mapping urban
trees using WV-2 imagery. The overall classification accuracy was 91.9% for the RF classifier and
87.3% for the SVM classifier. The overall accuracy for the RF improved from 84.2% using the
pixel-based classification method to 91.9%, whilst for the SVM algorithm, it increased from 81.2%
to 87.3%. The results showed an improvement in the accuracies of the object-based classification
of common urban trees and other LULC classes. The near-infrared 1 (NIR1), NIR2 and
Normalized Difference Vegetation Index (NDVI) were the most important indices for the trees'
effective classification. This study shows that object-based analysis produces better results than
the pixel-based approaches because it considers various aspects such as the objects’ location,
shape, texture, directional pattern and area. It has been noted in previous studies that combining
LiDAR data with the VHR multispectral data and vegetation indices can produce higher accuracies
using object-based analysis in the classification and mapping of the urban trees. This was

investigated in the fourth part of this study.
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The effectiveness of LIDAR point-cloud data, WV-2 bands, and vegetation indices were examined
to classify and map common urban trees. The study also ranked the importance of the fused
dataset (normalised Digital Surface Model (nDSM), WV-2 bands and vegetation indices) in the
classification of common urban trees and LULC classes. The results indicate that the fused dataset
effectively maps the common urban trees and LULC classes in the study area. This was shown by
high accuracies of 97% for the RF classifier and 94% for the SVM classifier. The nDSM was the
most effective variable in the classification, as shown by the high Mean Decrease Accuracy (MDA)
value of 0.98 and Mean Decrease in Gini (MDG) value of 0.61. The Green Normalised Difference
Vegetation Index (GNDVI) was the least important variable with an MDA value of 0.18 and an
MDG value of 0.01.

This study provides information to the end-user on the type of data and methods that can be used
in the mapping of urban tree species to produce high accuracies. An urban tree inventory and
comprehensive urban tree assessment are needed to provide information on the tree distribution
and benefits of particular species in an urban environment, including mitigation of air and land
temperatures, filtering of gas pollutants, and mitigating consequences of the urban heat island
(UHI). This suggested the need to determine the relationship between vegetation and land surface

temperature (LST) in the study area.

Finally, the study assessed the spatiotemporal dynamics of vegetation coverage and LST at a city-
regional level. The spatial distribution of LST and NDVI was investigated in seven city-regions
over five years (2001, 2005, 2010, 2015 and 2020). This study also analysed the mean variances of
LST and vegetation cover over the years of study. The study also examined the relationship
between LST and NDVI over the period of study. The results indicated an increase in LST in all
the city-regions with the highest value of 20.1°C in city-region G, followed by 19.6°C in city-region
E. The vegetation cover decreased in all the city-regions over the years of study, with the lowest
NDVI value of 0.39 in city-region G, followed by city regions F (0.43) and D (0.48). There was a
negative correlation between LST and NDVI values in the study area, ranging from -0.03 to -0.76.
This information is useful to urban authorities to find areas that need trees to enforce policies that
minimise the cutting down of trees. This study can assist municipalities and other stakeholders
involved in urban planning and management of the UHI effects to mitigate local and regional

thermal changes.

Opverall, this study showed that remote sensing techniques are applicable in the classification and

mapping of trees in a heterogeneous urban area. The methodologies in this thesis can be used in
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the classification of other tree species in both heterogeneous and homogeneous environments,
which adds knowledge to urban tree management. This is important to municipalities, researchers
and other stakeholders to develop a comprehensive urban tree inventory, vital in providing

sustainable urban tree management.
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Chapter One

General introduction



1.1 Background

The world is encountering accelerating urban growth and urbanisation, which have significantly
changed the urban landscape (Li ez @/, 2019). Urban landscapes are complex mosaics, with varying
land use and land cover (LULC) features such as buildings, roads and pavements, and tree species
thrive (Czaja ¢t al., 2020). Urban trees are defined as all privately and publicly owned trees in urban
areas, and this includes individual trees along the streets and in the backyard, as well as stands of
remnant forests (Comas et al., 2010; Dangulla et al., 2020). Tree species are an essential component
of the urban ecosystem (Yan ¢# al, 2018). Urban trees provide a range of ecosystem services that
benefit humans directly or indirectly, which serves as a basis for social welfare and economic

development (Roy ¢7 al., 2012; Timilsina ez al., 2020).

Urban trees play a vital role in znter alia, providing shade that reduces air temperature (Aval ez a/.,
2019), recreation, provide habitat for animals (Scholz ef a/, 2018) and reduce noise (Ellis and
Mathews, 2019). The information on urban tree species is vital to environmentalists, city planners,
municipal leaders and urban forest managers to know the location of tree species and implement
effective plans and programs that support sustainable urban tree management (Alonzo et al., 2016;
Roman e al., 2020). An effective urban tree management plant requires timely, precise and accurate
information on the distribution, conditions and patterns of trees at temporal and spatial levels (Li
et al., 2019). Despite the huge demand for precise and accurate information on urban trees, recent
studies (e.g. Ordoniez ez al., 2019; Brabant ez al., 2019; Jombo et al., 2020) indicate that urban tree

inventories are lacking or incomplete and they need to be updated.

In general, urban tree classification has previously been done using traditional approaches such as
ground surveys and field walking surveys (Fassnacht ez a/, 2014; Wen ef al., 2017). However, these
approaches are labour intensive, costly and time-consuming due to the heterogeneity of urban
landscapes, while remote sensing data have progressively complemented the costly traditional
approaches (Cleve ez al, 2008). Remote sensing techniques are fast, efficient and provide timely
and low-cost information on urban trees (Myeong e# al., 2006). More recently developed remote
sensing sensors, such as multispectral, hyperspectral and Light Detection and Ranging (LIDAR)
systems are effective and a less-costly way of depicting the characteristics of urban trees. They
capture structural and spectral signatures that provide important information for mapping urban
trees at a large aerial extent (Sothe ez al., 2019). For instance, the structure (3D arrangement of
trees, e.g. tree height, size of stems and volume) functional characteristics, species richness and

diversity or all urban trees can be detected, classified, mapped, inventoried, monitored and



modelled using remote sensing techniques (Li ¢f a/., 2019). Over the past decade, studies that have
used multispectral and hyperspectral data in urban tree mapping have increased (Alonzo ef al,
2014; Puissant ez al., 2014; Li et al., 2015; Shojanooti ef al., 2016; Liu ez al., 2017; Le Louarn ef al.,
2017), although their application is still limited in heterogeneous urban landscapes. They generally
concluded that urban tree mapping can successfully be done using multispectral and hyperspectral

data.

1.2 The urban environment

The global urbanisation rates are accelerating, and the proportion of people residing in urban
environments is expected to increase from 58% in the year 2018 to 68% by the year 2050 (United
Nations Publications, 2019). The rise in urban population around the world calls for proper use
and management of resources to support urban dwellers' livelihoods (Nilsson ez 4/, 2013). One
way to achieve this is through the management of urban trees and/or forests to maximize the
benefits they provide which include improving air quality (Pu and Landry, 2020), mitigating urban
heat island effects (Yan ez a/., 2018), supporting biodiversity (Seiferling 7 a/., 2017) and sequestering
carbon (Nowak e7 a/., 2008), among others.

1.3 Monitoring urban trees

Urban trees management is vital for city managers in municipal councils or stakeholders involved
in urban tree management (Ajewole, 2010). Municipal councils have introduced urban greening
initiatives to meet global environmental challenges (Roman e# @/, 2020). These initiatives include
planting more trees in urban parks, cemeteries and gardens, creating green patches linked by
greenways or green corridors and innovation of greening sites (Jim, 2013). Municipalities need to
quantify the impact of urban trees on the ecosystems and develop policies for tree planting and

conservation to achieve urban tree management goals (Ajewole, 2010).

The metropolitan cities can be harsh environments for tree species due to various factors, and
these include their susceptibility to pests and diseases, climatic and air conditions, and soil pollution
(Konijnendijk ez al,, 2005; Thomsen et al., 2016). The presence and distribution of trees in urban
areas are also affected by infrastructure and location preferences of the tree planters (Agarwal ez
al., 2013). Urban trees can grow in soils that are toxic and compacted, impacting the growing space
for tree roots and upper branching (Czaja e al., 2020). The increased land need for basic amenities
such as housing and road construction reduces the amount of urban green spaces (Schiffler and
Swilling, 2013). The reduction in urban green spaces and an increase in impervious surfaces have

negative impacts, including the emergence of the urban heat island (UHI) (Alexander, 2020).



The lifespan of trees in urban environments is short due to the amount of stress they are exposed
to (Konijnendijk e a/, 2005; Ellis and Mathews, 2019; Czaja ez a/., 2020). There is a loss of urban
trees in South Africa, but it has never been accounted for due to a lack of government support or
research focus to provide urban tree information (Shackleton, 2006). Comprehensive information
on urban trees is required for urban tree management (Escobedo ef a/, 2011). An urban tree
inventory is vital for proper planning and management to promote urban greening (Azeez ef al.,
2019). A detailed urban tree inventory requires the inclusion of physical parameters such as tree
height, spatial distribution, location, crown depth, species type, tree height and age (Zhang and
Qiu, 2012). Several methods, such as pixel and object-based classification techniques, can be used
in preparing an urban tree or forest inventory (Azeez et al, 2019). The acquisition of data and
management of urban tree information faces several challenges, including the data collection

method and analysis techniques used (Zhang ez a/., 2015).

Urban tree inventories have traditionally been carried out using field survey methods, and these
include the use of sampling procedures and plot data collection approaches (Nowak e a/., 2008).
Nonetheless, the field survey methods cannot replicate the amount of information required for a
detailed urban tree inventory desirable for planning and management purposes (Roy ez al., 2012).
Several techniques have been used to collect data for single-tree inventories, and these include the
use of a Global Positioning System (GPS) receiver and aerial photographs (Yuan ez a/, 1991;
Hartling e# al, 2019). These techniques are tedious, costly and cannot be used over large areas
(Hartling e7 al., 2019). Moreover, these methods cannot be used to obtain information on the age,

structure, extent and diversity of urban tree species (Alonzo ez al., 2014).

Urban forest managers and other stakeholders involved in urban tree management do not only
need information on the current state of urban trees but also need data on the trends of tree cover
change which is vital in urban tree governance and policymaking (Ordofiez et al., 2019; Li et al.,
2019). Acquisition of data in urban environments is challenging, given the land cover heterogeneity
and complexity of features in these areas (Li ez 4/, 2015). The monitoring and management of
urban trees require data integration from multiple sources and knowledge of urban vegetation in

the area of interest (Wang ez 4/, 2018).

In South Africa, more than 66% of the human population reside in urban areas (World Bank,
2019), and forests cover around 1.3 million hectares (ha) which is about 1% of the country’s land

area of 122.3 million ha (Department of Agriculture Forestry and Fisheries, 2011). South Aftrica



has managed urban trees using the National Forest Action Programme (NFAP) under the
Department of Agriculture, Forestry and Fisheries (DAFF). The NFAP states the objectives and
role of stakeholders, such as municipalities, in the management of urban trees (Shackleton, 2000).
Municipalities in the country manage and maintain urban trees and their activities include tree

planting in public spaces, parks and along sidewalks in the main streets (Shackleton, 2000).

The DAFF implements policies towards managing urban trees in the country, which include
planning and carrying out urban greening programmes (Department of Agriculture Forestry and
Fisheries, 2011). The management of urban trees in Johannesburg is founded on the principles of
the South African Constitution in Chapter 2: Bill of Rights, the Environment section (24), which
states that “Everyone has the right — a) to an environment that is not harmful to their health or
wellbeing; and b) to have the environment protected, for the benefit of present and future
generations” (Republic of South Africa, 1996). The management of urban trees involves using
science, information and technology, promotion of a diverse, healthy and sustainable urban forest
(Ajewole, 2010). Communities are also involved in the management and protection of urban trees
in the City of Johannesburg (CoJ), enhancing the city’s urban greening programmes (Schiffler and
Swilling, 2013). Several programs have been implemented in the management of urban trees in the
CoJ. For instance, the Johannesburg City Parks (JCP) carried out the “Greening of the City of
Johannesburg” program in 2006, and it involved the planting of tree species to turn the city into a
green hub (Motsatsi, 2010). The program involved regreening suburbs and other disadvantaged
areas in the city, such as informal settlements (Motsatsi, 2010). In 2010, approximately 200 000
trees were planted in the CoJ (Motsatsi, 2010). The program used field-based methods to identify
areas that needed more trees to be planted, which was costly (Motsatsi, 2010). There have been
several developments in urban tree management that can address the limitations of field-based
methods, and these involve the use of various technologies and methods to support sustainable

urban tree management (Nilsson e7 a/, 2013).

In response to recent developments, the academic, scientific, and private communities are
interested in identifying and developing approaches for providing applicable information on the
state of urban trees. This research was sponsored through the “Life in City” project to assist in

developing a road map and action plan to guide, inform and enact urban tree management in the

CoJ.



1.4 Remote sensing for urban tree mapping

A wide range of geospatial and remote sensing methods have been adopted by urban forest
managers and other stakeholders involved in urban tree management (Li ez a/, 2019). Remote
sensing has received a lot of attention and has been successfully used in mapping urban tree species
in several studies (Pu, 2011; Agarwal ez al., 2013; Le Louarn et al., 2017; Seifetling et al., 2017,
Matasci ez al., 2018; Pu et al., 2018). Urban tree managers in municipalities and other stakeholders
in various areas such as academia and research institutions have considered remote sensing
techniques to provide comprehensive, timely and less costly information on urban trees (Li e# al.,
2019). With the introduction of remote sensing in tree management, practitioners saw the
opportunity of replacing difficult and costly traditional field surveying methods with remotely
sensed data (Fassnacht ez @/, 2016). In the 1940s, tree inventories were created using aerial
photographs (Holmstrém, 2002). The use of remote sensing has developed over the years, and
this has been done using improved spatial and spectral resolutions on remotely sensed data
(Fassnacht ez al, 2014). Among some of the advantages of this technology includes providing a
synoptic view of large areas which is less costly compared to traditional field survey methods that
require substantial time and money to collect an equivalent amount of data (Immitzer e a, 2012).
In recent times, the use of multispectral and hyperspectral remote sensing sensors have

successfully been used in urban tree classification and mapping (Alonzo ez al., 2014).

1.4.1 Hyperspectral and multispectral sensors in urban tree mapping

Passive optical sensors can be divided into multispectral and hyperspectral (also called imaging
spectroscopy) systems (Asner, 1998). Most of the multispectral sensors have 4 to 8 bands, whereas
hyperspectral sensors have numerous narrow contiguous bands that cover the visible, near-
infrared (NIR) and shortwave-infrared (SWIR) ranging from 400 to 2500nm (Asner, 1998). Both
hyperspectral and multispectral sensors provide information to distinguish trees by measuring the
spectral response of electromagnetic radiation emitted by the sun after being reflected by the tree
canopies and other land cover features in different wavelength regions (FFassnacht ez 2/, 2016). The
amount of radiation that is reflected at the tree canopy level is due to several factors which include
the chemical properties of the plant tissue (e.g. structural carbohydrates and water), leaf
morphology (e.g. cell-wall thickness and airspaces), the structure of the canopy (e.g. leaf density
and angular distribution) and the size of a tree in comparison to neighbouring tree species (Leckie
et al., 2005). Several factors make these properties vary, for example, the health status of the species

and their leafage and density (Fassnacht e a/., 20106).



Remote sensing sensors are also used to derive land surface temperature (LST) and vegetation
indices such as the Normalized Difference Vegetation Index (NDVI), which help understand the
emergence of the UHI (Huang and Ye, 2015). The data from remote sensing sensors have been
widely used in UHI studies because they are cost-effective and provide data at various spatial
resolutions, and dependable compared to field survey techniques (Odindi e7 @/, 2015; Huang and
Ye, 2015; Adeyeri ez al., 2017; Alexander, 2020).

1.4.2 LiDAR in urban tree mapping

The classification and mapping of urban tree species have evolved over the years, and the advent
of the LIDAR systems helps capture their three-dimensional (3D) information (Hartling ez al.,
2019). LiDAR systems produce satisfactory results because they provide radiometric and
geometric information, which is more robust for urban tree classification (Korpela ez al., 2010).
The radiometric information comprises the precise echo parameters derived from the received
waveform, whilst geometric information includes the structure of trees such as the branching,
shape, height and crown volume of tree species (Fassnacht ez a/, 2016). These radiometric and
geometric properties can differ between and within tree species, and they can be supported by

information acquired using remote sensing instruments (Alonzo ez al., 2014).

1.5 Challenges in urban tree mapping

The application of remotely sensed data for mapping trees in a complex urban environment has
widely been reported (Ke and Quackenbush, 2011; Richardson and Moskal, 2014; Li e7 a/., 2015;
Shojanooti ¢ al., 2016). However, there are some limitations, including, infer alia, the low /medium
spatial resolution of the most commonly available and accessible satellite sensors and among these
are the Landsat OLS/TIRS and Moderate Resolution Imaging Spectroradiometer (MODIS) with
a spatial resolution of 230m (Yan e al., 2018). This makes it challenging to map many of the tree
species with a crown diameter of < 5m. The introduction of Very High Resolution (VHR) satellite
imagery such as WorldView (WV), RapidEye, GeoEye, Quickbird and SPOT has, however,
resolved such challenges of spatial resolution for mapping urban trees at the species level

(Richardson and Moskal, 2014).

Mapping urban forests is often complicated by the high level of heterogeneity and complex
environment (Jombo e al, 2020). There might be higher spectral variation within rather than
between the species (Hill ez a/, 2010). This challenge is caused by shadowing effects, natural

variability of tree crowns, tree health, differences in view angles and illumination (Leckie e# al,



2005). These could, however, be reduced by using multisource data sources such as LiIDAR
intensity data, vegetation indices and effective classification techniques such as object-based image

analysis (Azeez et al., 2019).

Morteover, urtban tree mapping's poor spectral separability with other vegetation features is a
problem in urban tree mapping (Clark ez a/., 2005). Most classification techniques depend on the
statistical clustering of pixels in a multivariate feature space (Cocchi e al., 2018). However, the
spectral separability of tree species is poor compared to other vegetation features such as shrubs
and grass in the optical and NIR range (Calvifio-Cancela and Martin-Herrero, 2016). This leads to
low overall accuracy values and high producer’s and user’s accuracies in the confusion matrices

even on VHR imageries (Cocchi ez 4/, 2018).

1.6 Research gap and motivation

Municipalities and urban authorities must promote sustainable development by avoiding infer alia,
overcrowding spaces with humans, increase pavements and buildings, land degradation,
deforestation, land and air pollution (Li e# a/, 2019). Urban areas of the future need to be planned
and developed, and existing ones have to be improved where possible. The use of remote sensing
techniques and spatial data analysis plays a vital role in the planning, developing, and managing of
urban areas (Dizdaroglu ez a/., 2009). However, the dearth of accurate and up to date urban tree
information is an issue in many countries, especially those in Africa, which slows down sustainable
urban planning, development and management (United Nations Publications, 2019). Local
authorities, urban forest managers, urban planners, researchers, and other stakeholders involved
in urban trees management are interested in several kinds of spatial data such as tree distribution,
LULC and their spatiotemporal change, distribution of the UHI, land statistics and population
spread (Jombo e al, 2020; Ngie, 2020). However, these spatial data are often unavailable and
sometimes have to be purchased from third parties or collected using traditional, costly, labour-
intensive, and timeous methods. Several methods have been used to extract urban tree information
automatically from spaceborne and airborne sensors in recent decades, with varying accuracy (Le
Louarn ef al., 2017; Liu and An., 2019 Jombo et al., 2020). This thesis aims to map and monitor
urban trees using remote sensing techniques. The resulting maps or data can assist the local
municipality, local authorities, researcher, policy makers, urban planners and other stakeholders

involved in urban tree management for sustainable urban planning and management.



1.7 Research objectives
This research aims to map and monitor urban trees in the CoJ using remote sensing techniques.

The focus was on the Randburg municipal area. The specific objectives of this study were to:

1. Explore the potential of feature selection methods in the classification of urban trees using
field spectroscopic data.

2. Assess the capability of remote sensing to map and classify urban alien tree species using high-
resolution multispectral data.

3. Examine the ability of object-based ensemble analysis in classifying common urban trees using
high-resolution multispectral data.

4. Evaluate the ability of a combination of airborne LIDAR point-cloud data and very high-
resolution imagery in the classification and mapping of common urban trees.

5. Assess the spatiotemporal dynamics of vegetation coverage and LST in a heterogeneous urban

area.

1.8 Scope of the study

The study was aimed at mapping and monitoring urban trees in Randburg municipal area in the
CoJ in South Africa, using remote sensing techniques. The study highlights the potential of field
spectroscopic data in classifying the common urban trees in the study area. The study further
evaluates the potential of very high spatial resolution (VHSR) WV-2 imagery in mapping the
common urban trees and LULC classes in the study area. The effectiveness of the WV-2 bands in
the classification of the common urban trees and LULC classes was also highlighted. The study
compared the performance of two robust machine learning algorithms, Random Forest (RF) and
Support Vector Machines (SVM). The study also used object-based ensemble analysis on the WV-
2 dataset and fused data (WV-2 bands, LIDAR-derived normalised Digital Surface Model (nDSM)
and vegetation indices to classify the common urban trees and LULC classes. The study indicated
that a fused dataset produces high accuracies in the classification and mapping of the common
urban trees and LULC classes using the RF and SVM classification algorithms. The study finally
assessed the spatiotemporal dynamics of vegetation coverage and LST in the seven city-regions of
the CoJ. The mapping of urban trees and assessing the relation between vegetation mapping is
crucial to urban authorities and other stakeholders to draft and implement programmes that can

assist in urban greening for sustainable urban tree management.



1.9 Thesis outline

This research consists of seven chapters, of which chapters 2 to 4 have already been published in
International Scientific Indexing (ISI) rated peer-reviewed journals. Chapters 5 and 6 are still in
preparation for publication in ISI rated peer-reviewed journals. The chapters are presented in a
standalone scientific article format with aims, objectives, results, discussion and conclusion. The
conclusions in each chapter address the main aim of this research study. Little or no changes were
made to the chapters that have been published. Therefore, the previously mentioned approach
involves some reiterations in various sections such as the data used, samples taken and species
examined, which is unavoidable in some of the chapters. However, this drawback is considered
insignificant considering that each chapter gets peer-reviewed as a standalone paper after
submission to international journals, and it can be read independently without losing its meaning.

This research is organized as follows:

Chapter 1 - Highlights the general introduction of the research. It introduces urban trees and the
urban environment, the use of remote sensing in mapping urban trees using hyperspectral and
multispectral sensors and the challenges encountered in urban tree mapping. The research

objectives and questions of this research were also outlined in this chapter.

Chapter 2 - Explores the potential of feature selection methods in the classification of urban trees
using field hyperspectral data. This aimed to show the optimal wavelengths and reduce the high
dimensionality of hyperspectral data in the classification of common urban trees. The effectiveness
of three feature selection methods, namely, Principal Component Analysis Discriminant Analysis
(PCA-DA), Partial Least Squares Discriminant Analysis (PLS-DA), and Guided Regularized
Random Forest (GRRF), was compared in identifying the optimal wavelengths. The high
accuracies in this chapter show the potential of hyperspectral data in the classification of urban
trees. Although the accuracies were high, the chapter did not show the spatial distribution of the
tree species in the study area. Therefore, it was necessary to use multispectral imageries such as
WV to improve accuracies and show the common urban trees' distribution. The following chapter

evaluates the capability of WV-2 in mapping the common urban trees in the study area.

Chapter 3 - Assesses remote sensing ability in classifying and mapping common urban tree species
and other LULC classes using pixel-based classification techniques. The chapter evaluated the
capability of WV-2 imagery in mapping the common urban tree species and other LULC classes

in the study area. The chapter also tested the utility of the WV-2 bands in the classification and
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the RF and SVM algorithms' feasibility in mapping the common urban trees and other LULC
classes. There were misclassifications in this chapter, and it was due to several factors such as the
“mixed pixel problem” and the reference points’ location errors. The challenges encountered
require consideration of different classification approaches such as the object-based classification
method to improve the accuracies. The applicability of the object-based ensemble analysis was

tested in the classification of the common urban trees and LULC classes in the following chapter.

Chapter 4 - Examines object-based ensemble analysis capability in classifying and mapping
common urban tree species and other LULC classes using VHR multispectral imagery. The study
tested the utility of WV-2 bands and other feature variables (NDVI and length) to classify common
urban trees and LULC classes in the study area. The utility of the RF and SVM algorithms was
compared in the classification. The results showed that the NDVI, NIR1 and NIR2 bands were
vital in the classification of the common urban trees and LULC classes in the study area. Chapter
4 recommended using object-based classification methods using WV-2 with other non-spectral
data such as LIDAR point cloud data in the classification of the common urban trees and LULC
in the study to increase the accuracies. This was done as LIDAR point-cloud data incorporates tree
height, measurement of the crown spread, which can increase the accuracies that were obtained in

this chapter. The LiDAR-derived nDSM was fused with WV-2 imagery in the next chapter.

Chapter 5 - Evaluates the ability of a combination of airborne LiDAR point-cloud data and VHR
multispectral imagery in mapping common urban trees and other LULC classes. The chapter
examined the effectiveness and ranked the importance of the nDSM, WV-2 bands, and vegetation
indices in mapping common urban trees and other LULC classes in the study area. The study
indicated the effectiveness of data fusion in the classification of urban trees and LULC classes,
which is important to municipalities for urban tree management, including reducing problems such
as the growth of urban heat islands. The next chapter focussed on the spatiotemporal dynamics of

vegetation coverage and LST in the seven city-regions of the CoJ.

Chapter 6 - Determines the spatiotemporal dynamics of vegetation coverage and LST. This was
done at a city-region level using MODIS satellite data. The study determined the spatial
distribution of NDVI and LST in the seven city-regions of the CoJ over five years (2001, 2005,
2010, 2015 and 2020). The study also analysed the variances of mean NDVI and LST and
examined the relationship between NDVI and LST in the study area to provide information to

urban authorities that can assist to increase and maintain existing vegetation coverage. The study
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indicated that areas with a high amount of vegetation cover had low LSTs and vice versa. This
chapter assists the municipalities and other stakeholders involved in urban planning and urban tree

management related to UHI mitigation.

Chapter 7 - Summarises the outcomes of this research and answers the research questions. It
outlines the main contributions of this research to the identification, classification and mapping of
urban trees. In this chapter, the limitations of the current study are outlined, and it also gives an
outlook into other research aspects that can be considered in further studies. This study seeks to
assist municipalities and other urban authorities with knowledge of the data and techniques used
in urban tree classification mapping. This is vital for urban greening programmes which promote

sustainable urban tree management.

At the end of the thesis, a single reference list from all the chapters is provided.

12



Chapter Two

Exploring the potential of feature selection methods in the classification of urban trees

using field spectroscopic data

This chapter is based on Jombo, S., Adam, E., Byrne, M. J., Ali, K. A. and Newete, S. W. (2020)
Exploring the Potential of Feature Selection Methods in the Classification of Urban Trees using
Field Spectroscopy Data. International Journal of Geospatial and Environmental Research, 7, 3.

Available at: https://dc.uwm.edu/ijger/vol7 /iss3/3

13


https://dc.uwm.edu/ijger/vol7/iss3/3

Abstract

Discriminating vegetation at the species level using hyperspectral data can be effective and accurate
because of its high spectral and spatial resolutions that can detect detailed information of a target
object. Its wide application, however, not only is restricted by its high cost and large data storage
requirements but its processing is also complicated by challenges of what is known as the Hughes
effect. The Hughes effect is where classification accuracy decreases once the number of features
or wavelengths passes a certain limit. This study aimed to explore the potential of feature selection
methods in the classification of urban trees using field hyperspectral data. We identified the best
feature selection method of key wavelengths that respond to the target urban tree species for
effective and accurate classification. The study compared the effectiveness of Principal
Component Analysis Discriminant Analysis (PCA-DA), Partial Least Squares Discriminant
Analysis (PLS-DA) and Guided Regularized Random Forest (GRRF) in feature selection of the
key wavelengths for classification of urban trees. The classification performance of Random Forest
(RF) and Support Vector Machines (SVM) algorithms were also compared to determine the
importance of the key wavelengths selected for the detection of the target urban trees. The feature
selection methods managed to reduce the high dimensionality of the hyperspectral data. Both the
PCA-DA and PLS-DA selected 10 wavelengths and the GRRF algorithm selected 13 wavelengths
from the entire dataset (# = 1523). Most of the key wavelengths were from the short-wave infrared
region (1300-2500nm). SVM outperformed RF in classifying the key wavelengths selected by the
feature selection methods. The SVM classifier produced overall accuracy values of 95.3%, 93.3%
and 86% using the GRRF, PLS-DA and PCA-DA techniques, respectively, whereas those for the
RF classifier were 88.7%, 72% and 64%, respectively.
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2.1 Introduction

Urban forests provide several ecosystem services, such as reducing the effects of the urban heat
island by providing shade (Brabant ez 2/, 2019), promoting biodiversity, decreasing air temperature
and promoting urban aesthetic values (Aval ez 4/, 2019). In this way, urban trees improve the
quality of urban life and reduce stormwater runoff, decrease air pollution and maintain
environmental health (Li e# a/., 2019). The ecosystem services provided by urban trees vary with
tree type, structure, density and location (Pretzsch ez al., 2015). Trees such as Platanus spp., Quercus
spp. and Eucahptus spp. are often selected as urban forest trees because of their height and broad
leaves which can suppress noise, provide shade and act as windbreaks (Love ez a/., 2009). Proper
planning, monitoring and use of sustainable management practices such as urban greening are
crucial measures for ensuring a balance between the natural environment and human
developments through careful use of such long-lived resources, caring for the inheritance of future
generations (Dizdaroglu e7 al., 2009). An effective urban forest management plan requires precise
and timely information on the patterns, distribution and conditions of the trees at both spatial and
temporal levels, and remote sensing could be an effective tool to accomplish such mapping and

assessment (Li ez al., 2019).

Although used for decades, traditional approaches such as field walking surveys have been used to
collect information for urban tree inventories, the advent of advanced remote sensing tools have
revolutionized the mapping of forest trees, progressively complementing the labour-intensive field
tree surveys (Fassnacht e a/., 2014). Multispectral images, for instance, SPOT, Landsat TM and
ETM+ satellite data have been widely utilized because of their low cost for mapping urban trees
(Fassnacht ez al., 2014). They are the most applicable for general land use and land cover (LULC)
classifications, but not for mapping trees at the species level (Abbasi ez a/, 2019). This is associated
with their low spectral resolution, making it particularly difficult for mapping individual trees in a
highly complex and heterogeneous environment such as a forest in an urban setup, often resulting
in spectral confusion between individual tree species and low accuracy levels (Dalponte ez a/., 2012;
Ghiyamat ez al.,, 2013). Although there has been progressive improvement in the spectral and spatial
resolutions of some multispectral sensors making them relatively more suitable for mapping
individual trees, hyperspectral data is better (Liu e7 /., 2017). Whether from airborne sources, space
platforms or hyperspectral sensors, the system records the electromagnetic energy of target objects
across hundreds of contiguous narrow spectral bands (Adam and Mutanga, 2009). These can
accurately classify and map urban tree species better than the standard multispectral bands (Adam

and Mutanga, 2009; Jombo ez al., 2020). Hyperspectral data have shown great success in urban
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forest classifications (Alonzo et al., 2014; Liu et al., 2017; Brabant et al., 2019; Aval et al., 2019),
urban land cover mapping (Bartesaghi-Koc ¢# /., 2019) and monitoring tree biophysical parameters

(Jarocinska ez al., 2018).

However, due to its exorbitant cost (Degerickx ez a/., 2019), and high data dimensionality because
of the “Hughes effects” (Liu ez al., 2017), the application of hyperspectral data for vegetation
mapping and classification is limited. The “Hughes effects” occur when the number of samples is
less than the number of features in the dataset resulting in low accuracies when using classification
algorithms designed for low-dimensional data (Kiala ez @/, 2019). The classification of urban trees
using hyperspectral data has often been overlooked in South Africa and only a few studies have
used a hand-held field spectrometer to discriminate between plant species (Mutanga ez al., 2004;
Adam and Mutanga, 2009; Mureriwa ez al., 2016). The high-data volume and data dimensionality
problems of field spectroscopic can be overcome by reducing the number of spectral bands used
whilst keeping vital information through selecting key wavelengths to improve classification
accuracy (Serpico and Bruzzone, 2001). Dimensionality reduction methods are grouped into
feature extraction and feature selection (Guyon and Elisseeff, 2003). Feature extraction (e.g.
Principal Component Analysis (PCA)) and Minimum Noise Fraction (MNF) use new features
derived from a combination of the original bands after transforming the data into a lower
dimension (Aval e al., 2019). Feature selection methods such as Support Vector Machines (SVM)
wrapper, Partial Least Squares Discriminant Analysis (PLS-DA), Guided Regularized Random
Forest (GRRF) and Genetic Algorithm (GA), however, preserve the physical interpretation of the
data using a subset of the original bands (Mureriwa ez a/., 2016; Gholizadeh ez al., 2018; Aval ez al.,
2019).

The methods used to reduce the number of features by choosing the relevant ones and removing
those with redundant information include Principal Component Analysis Discriminant Analysis
(PCA-DA), PLS-DA and GRRF. Several researchers (Calvifio-Cancela and Martin-Herrero, 2016;
Abbasi et al., 2019; Xu et al., 2020) have successfully used PCA-DA to produce a reduced set of
features from hyperspectral data of vegetation and obtained high accuracies. For instance, Abbasi
et al. (2019) used PCA-DA to identify key wavelengths with the highest sensitivity and performance
to separate orchard tree species using a handheld Analytical Spectral Device (ASD) FieldSpec® 3
spectroradiometer. Peerbhay ef 2/ (2013) successfully used the PLS-DA for feature selection and
classification of trees in a commercial forest using AISA Eagle hyperspectral imagery and obtained

high accuracies of 88.78%. Peerbhay e a/. (2013) highlighted that the PLS-DA alone can neither
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clearly identify the key wavelengths nor redundant wavelengths. The PLS-DA was used with the
variable importance in the projection (VIP) method to identify the optimal wavelengths, precisely
discriminate and classify commercial trees in the Hodgsons Sappi plantation in KwaZulu —Natal,
South Africa. Mureriwa ez al. (2016) used the GRRF method to identify key wavelengths that could
discriminate Prosopis glandulosa from other species with a handheld Spectral Evolution® RS-3500
spectroradiometer bundle in the Northern Cape, South Africa. High overall accuracies of 88.59%
were obtained using the 11 wavelengths selected by the GRRF method. Thus, these feature
selection methods have performed well in dimensionality reduction and classification of
hyperspectral data. However, the superiority of one of the three feature selection methods (PCA-
DA, PLS-DA and GRREF) is yet to be established, especially in classifying urban trees. The use of
the feature selection methods on hyperspectral data in classifying urban trees in Southern African
urban landscapes has not been well examined. To the best of our knowledge, these feature
selection methods have not been compared in a heterogeneous urban environment for the

classification of trees.

There is a general paucity of urban tree inventory data in South Africa (Schiffler and Swilling,
2013). This impedes municipalities and urban forest managers to reach sustainable management
goals in urban greening or controlling pests such as the polyphagous shot hole borer (Paap ez a/,
2018). The mapping of urban trees using pixel-based approaches or field spectra provides
important information for researchers, urban and municipal managers on the spatial distribution
of trees, which is vital in drafting policies for effective urban green management (Fassnacht ez a/.,
2016). The mapping of urban trees in a heterogeneous area is affected by a spectral variation that
can be reduced using field spectroscopy data, requiring feature selection of key wavelengths for
high accuracy (Aval ez al., 2019). Contradictory findings have been retrieved for different vegetation
species in various environments and the utilization of one feature selection method and data
dimensionality reduction technique has not produced results that are acceptable at operational
levels (Adam and Mutanga, 2009). To overcome the abovementioned issues, this study aims to
explore the potential of feature selection methods in the classification of urban trees using field
hyperspectral data. The objectives of this study were to: i) identify the optimal wavelengths (i.e.
from 350 to 2500 nm) for the common urban trees using the PCA-DA, PLS-DA and GRREF ii)
compare the effectiveness of PCA-DA, PLS-DA and GRRF methods in identifying key
wavelengths that precisely classify common urban trees in the study area and iii) assess the

performance of RF and SVM algorithms in classifying the selected key wavelengths.
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2.2 Methodology
2.2.1 Study area

The study was conducted in Randburg municipal area, covering 167.98km’in Region B of the City
of Johannesburg (CoJ) (longitude 28°0723" E, latitude 26°5°36" S) (Figure 2.1). The atrea is
characterized by a subtropical climate, with an annual rainfall of around 750mm per annum and
possible evaporation of approximately 1600mm per annum (Tyson and Wilcocks, 1971). The
climatic conditions are characterized by warm to hot conditions, and rain mainly falls in the
summer season. The summer season runs from October to March with a mean daily temperature

of around 21°C (Abiye, 2015).

In the 19" century, fast-growing trees were introduced in the study area, and these include Pepper
trees, jacaranda, oaks and black wattle (Schiffler and Swilling, 2013). Most non-indigenous trees,
including the fast-growing species in the study area, were planted during the colonial period,
resulting in the heterogeneity of species in the area (Turton e a/, 20006). These urban trees form
an ecological space that is fairly uncommon in the whole world, especially looking at space-

constrained urban environments (Schiffler and Swilling, 2013).
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Figure 2.1 Map of South African provinces, Johannesburg’s regions and a basemap showing the

Randburg municipal area located in the City of Johannesburg. a) South African

provinces b) City of Johannesburg’s regions A to G and ¢) basemap showing Randburg

municipal area from QGIS software (version 3.12.0) by QGIS Development Team

(2020).

2.2.2 Identification of common urban trees

In this study, stratified purposeful sampling was applied to identify areas with the common urban

trees. The study area was divided into 40 stands (strata) measuring around 4.2km” each. The

stratified purposeful sampling method was used because it enables a comparison of differences

across sub-groups in an easy way (Farrugia, 2019). The zigzag sampling procedure as described by

Almeida and Tomé (2009) was used to sample the common urban trees. The stands with the most

common urban trees were selected, and 84 to 86 bouquets were cut from the canopy for each of

the six common tree classes. The six identified common urban trees were Ewucalptus spp., Jacaranda

mimosifolia, Platanus x acerifolia, Platanus occidentalis, Quercus spp. and Pinus spp. (Figure 2.2).
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Figure 2.2 Tree bouquets of the common urban trees in the study area. The common urban trees
are a) Ewucalyptus spp., b) Jacaranda mimosifolia, c) Platanus x acerifolia, d) Platanus occidentalis,

e) Pinus spp. and £) Quercus spp.

Eucabyptus spp. originated from Australia and was introduced into the study area mainly for
commercial pulpwood production (Henderson, 2001). They are generally evergreen with wide
leaves and deep roots (Odebiri e al., 2020). Encalyptus spp. use huge amounts of water, and they

are mainly found on roadsides, forest gaps and waterways (Henderson, 2001; Forsyth ez al., 2004).
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Jacaranda mimosifolia originated from North West Argentina, and they are shade and ornamental
trees with wide and rounded crowns (Henderson, 2001). Jacaranda mimosifolia trees have dark green
leaves that turn yellow during the autumn or winter season (Henderson, 1990). They are deciduous
or semi-deciduous and invade riverbanks and wooded kloofs (Henderson, 2001). Platanus spp.
originated from Greece and Asia Minor, and they are deciduous with large leaves, often 25cm in
width (Henry and Flood, 1919). Platanus spp. produce fragrant flowers in the spring season and
are mainly located in parks and roadsides (Love ez al, 2009). Quercus spp. originated from Britain,
the Mediterranean and West Asia (Love e# a/, 2009). They have bright green leaves turning dark
green and are mainly grown for shelter, shade, and to act as windbreaks due to their wide canopies
(Love et al., 2009). They are deciduous and mainly found in riverbanks, roadsides, forest margins,
grassland and fynbos (Henderson, 2001). Most Pinus spp. are native to Central America and have
needle-shaped bright green leaves, and are mostly found on roadsides, forest margins and gaps
(Henderson, 2001). They were planted in the study area mainly for timber and recreation shade

for urbanites (van Wilgen, 2012).

2.2.3 Field hyperspectral data measurements

Field spectral measurements of the six common urban trees (Ewcalyptus spp., Jacaranda mimosifolia,
Platanus x acerifolia, Platanus occidentalis, Quercus spp. and Pinus spp.) were taken in the field between
10.00 and 14.00 hours (local time) from 18 to 22 March 2019, under a clear sky and sunny

conditions. The spectral measurements were collected using a portable ASD FieldSpec® 4 optical

sensor. The ASD offers fast and full-spectral measurements covering the ultraviolet-visible and
near infra-red (UV-Vis-NIR) wavelengths from 350 to 2500 nm with wavelength reproducibility
of 0.1nm and 2151 channels are reported (Malvern Panalytical, 2019).

In total, 508 scans were taken from tree bouquets of the six tree types (Table 2.1). The tree
bouquets (84 to 86) from each of the six trees were randomly arranged on a thick black panel. The
leaf reflectance measurements were taken at a nadir-looking angle that was roughly 25cm above
the bouquets. Spectral measurements were calibrated every 10 to 15 readings using a white
reference panel to reduce the effects of sun irradiance and changes in atmospheric conditions. The
spectral curves obtained were reviewed, and the inconsistent spectral reflectance curves were
discarded and replaced by repeating the measurements. This study's total number of wavelengths
was 2050 in the spectral range starting from 350nm to 2500nm. A total of 1523 wavelengths were
used in the analysis as 627 wavelengths (ranging from 904 to 994nm, 1808 to 2027nm and 2183 to

2500nm) were removed. These regions of the electromagnetic spectrum were removed because
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they are noisy and the reflectance spectra are affected by water absorption in the atmosphere
(Mureriwa et al., 2016). The spectral data collected from the tree bouquets were averaged to
represent the spectral reflectance of each of the six tree species (Table 2.1). The reference data (»
= 508) was split into 70% (training) and 30% (test) datasets. The reference data were randomly

sampled to select training and test datasets.
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Table 2.1 Spectral reflectance and images for the six urban trees examined in this study.

Class

Reflectance curve

Euncalyptus spp. (EC)

Reflectance (%)

60 -
50 -
40 A
30 A
20 -
10 -
0

350 555 760 965 1170 1375 1580 1785 1990 2195
Wavelength (nm)

Total sample size = 84

Reflectance (%)

60 1
50 A
40 A
30 A
20 A
10 A
0

350 555 760 965 1170 1375 1580 1785 1990 2195
Wavelength (nm)

Platanus x_acerifolia (PA)
e - e
o g

Total sample size = 84

Reflectance (%)

60 -
50 -
40 ~
30 A
20 A
10 A
0

350 555 760 965 1170 1375 1580 1785 1990 2195
Wavelength (nm)
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B

Pinns spp. (PN)
60

50
40
30
20
10

0

Reflectance (%)

;

' — 350 555 760 965 1170 1375 1580 1785 1990 2195
Total sample size = 85

Wavelength (nm)

Average spectra for the common
urban tree species (Eucalyptus spp. EC JC PA PO Qs PS
(EC), Jacaranda spp. (JC), Platanus 60

x acerifolia (PA), Platanus occidentalis

(PO), Quercus spp. (QS) and Pinus 50 A

spp- (PN)). 40 -
30 ~
20
10

Total sample size = 508 350 555 760 965 1170 1375 1580 1785 1990 2195
Wavelength (nm)

Reflectance (%)

24



2.2.4 Feature selection methods

The PCA-DA, PLS-DA and GRRF were used for feature selection and reduction of the high
dimensionality of hyperspectral data in this study. The wavelengths were first standardized to have
a mean value of zero and a standard deviation value of one before the feature selection methods

were used.

2.2.4.1 Principal Component Analysis — Discriminant Analysis (PCA-DA)

The PCA was used in combination with Linear Discriminant Analysis (LDA) to select features of
the common urban trees surveyed. The algorithm generated a set of new bands with non-
correlated features, providing maximum visual separability to distinguish them (Nordin ef a/,
2018). The PCA algorithm provided a variance value for each hyperspectral band enabling the
selection of the useful ones for analysis of a covariance matrix made from the whole data
distribution (Tochon ez a/., 2015). The LDA was used to extract principal components (PCs) that
had eigenvalues above 1. The PCA algorithm is used to eliminate the correlation between features
and eigenvalues above one were chosen as they represent the same amount of information as a
single feature (Brabant ez 4/, 2019). In this study, the LDA used ten principal components as

predictor variables.

The variable importance in projection (VIP) was used for variable selection and classification of
data. In classifying data, the VIP shows the importance of a feature which is a function of its
impact on the PCA embedding’s outline and its value in the prediction of class labels (Ginsburg ez
al., 2015). The PCA-DA provided scores resulting in identifying important features that gave good
class discrimination (Ginsburg ez al., 2015). The features which contributed the most to the PCA

embedding were the ones with high VIP scores.

With consideration of the size of the sample (# = 1523), 10-fold cross-validation (CV) repeated 10

times was used to assist in reducing high variance (Cocchi ez a/., 2018).

2.2.4.2 Partial Least Squares-Discriminant Analysis (PLS-DA)

The Partial Least Squares (PLS) algorithm was used first for regression tasks and only later
developed into a classification technique, known as the Partial Least Squares-Discriminant
Analysis (PLS-DA) (Lee ef al., 2018). The PLS-DA is a multivariate supervised statistical method
that models the class parameters and measured spectra figures to assess their relationship (Barker

and Rayens, 2003). Moreover, this method employs a training routine where variables are assigned
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with class membership based on statistical parameters that are known and projected into latent
teatures (Chivasa ez al, 2019). The PLS-DA method performed in this study can be represented
as:
X =TP + E, Equation 2.1
Y =UQ" + F, Equation 2.2

where X stands for the matrix of the predictors (wavelengths); Y represents the matrix response
(common urban trees); T stands for scores for X; P represents the X-loadings; E stands for the
noise terms or residuals for X; U represents scores for Y; O stands for loadings for Y and F

represents the residuals for Y.

The VIP scores were used in this study to select relevant spectral regions with a cut-off point of
1, i.e. important variables to the model are the ones with a value of 1 or more (Zovko ez al., 2019).
The accuracies of the PLS-DA in discriminating variables from the selected training data sets were
done using the 10-fold CV. This technique tests the significance of the model for each component,
and it is efficient and reliable (Chivasa ez a/, 2019). The 10-fold CV technique optimized the PLS-

DA model parameters using the whole dataset (# = 1523).

2.2.4.3 Guided Regularized Random Forest (GRRF)

The GRRF algorithm put forward by Deng and Runger (2013) was also used in this study to select
features that do not carry similar information to the ones already selected at every single node.
The GRRF is a feature selection method that uses a regularisation parameter applied to various
types of decision tree models to select feature subsets (Jovanovic ez al., 2019). The scores of feature
importance guide the regularization in GRRF, and it is measured using the Gini index in the
traditional RF (Izquierdo-Verdiguier ¢f al., 2017). The level of impurity for each variable is assessed
using the Gini importance, where amongst a small subset of variables, the optimal split at every

single node is selected (Deng and Runger, 2013). The Gini index for node g is calculated as follows:

h
Gini ()= ) Pf (1= P), .
— Equation 2.3

where PZ denotes the proportion of class / observations at node z. The Gini information gain (475

2) is calculated as the difference between the weighted average of impurities for each child node
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of z and the impurity at node z. The gain information for the feature A7at node g can be calculated

as follows:
Gain (Kj, z) = Gain (3) — wy, Gini (z;) — wp, Gini (zR), Equation 2.4

where Gini (z;) and Gini (zg) denotes the impurities whereas wg and wy, represents the weights for

the right and left nodes, respectively.

In GRREF, the regularization parameter is used to keep gain from the regularized RF, and a penalty
coefficient is given to the gain new features (Izquierdo-Verdiguier ef a/, 2017). The definition of

the feature importance of the GRRF is as follows:

Caine. . = {/11-- Gain (K;,z), K; €F, Equation 2.5
Kz = | Gain (K;, 2), K; ¢F,

where F represents the set of indices that are utilized to split in the previous nodes whilst A; €&
(0,1) denotes the coefficient for K; (/€{1,...... , P}, computed based on the importance score of

K; from the traditional RF, and it is calculated using the formula:

A = (1—y)+ yImp, Equation 2.6

where Imp;, is the importance score from the traditional RF. It should be considered that weight
for the normalized importance is represented by y € [0, 1], and the GRRF lowers to the random
forest technique if y = 0. The features are chosen by the GRRF method in an easy procedure, as
stated in Equation (6). The first step is attaining the feature importance after training the random
forest, and this is followed by the calculation of the best weight parameter ( ¥™) as well as the
regulatization parameter A; . The final step involves training a new random forest using the selected

features (Izquierdo-Verdiguier ez al., 2017).

The algorithm guides the feature selection process of regularized random forest (RRF) centred on
the random forest’s importance scores, and it is an ensemble machine learning method (Jovanovic
et al., 2019). The GRRF algorithm was used in this study as it is computationally effective, produces
high accuracies, and is firm compared to RRF (Deng and Runger, 2013). Furthermore, the

algorithm chooses the compact subsets (small set with features of high importance) from the
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variable interactions whilst preventing the action of analysing redundant features hence reducing

the course of data dimensionality (Jovanovic ez al., 2019).

The PCA-DA, PLS-DA and GRRF were run using R (Version 4.0.0) on a desktop computer, and
the processor was Intel ® Core ™ i7-4790 CPU @ 3.60 GHz, installed ram of 8 GB, with a 64-
bit system type and x64-based processor. The key wavelengths selected by PCA-DA, PLS-DA and
GRRF algorithms were input variables in SVM and the traditional RF classifiers to discriminate

the urban trees.

2.2.5 Classification techniques

The features selected by the three multivariate statistical analysis methods (PCA-DA, PLS-DA and
GRRF) were used as input variables to classify the tree species using RF and SVM. The
performance of the two classifiers on the selected features was compared. The RIF and SVM were
used in this study because they have been widely used in tree species classification, and good
accuracies were achieved in most of the previous studies (Dalponte 7 al., 2012; Cao et al., 2018;

Brabant ez al., 2019).

2.2.5.1 Support Vector Machines (SVM)

The SVM classification method developed by Vapnik (1995) is non-parametric, designated to
search for a hyperplane that separates classes. The side on which the samples end up on the
hyperplane is how test data is separated from the overall dataset (Suppers ez /., 2018). Support
vectors are the points that are closest to the hyperplane, and they measure the margin (Vapnik,
1995). If two classes are non-linearly separable, the SVM finds a suitable hyperplane that maximises
the margin whilst reducing misclassification errors (Pal, 2005). In a high dimensional space, SVM
has kernel functions that convert nonlinear boundaries into linear ones (Marcinkowska-Ochtyra ez
al., 2017). The most common SVM kernel functions are radial basis function (RBF), polynomial,
linear and sigmoidal kernels (Brabant ez /., 2019). Polynomial and RBF kernels using the SVM
algorithm have been applied in various remote sensing studies and produced different results (Zhu
and Blumberg, 2002; Mountrakis e a/., 2011). The RBF kernel function has produced better results
than the polynomial function in previous studies (Foody and Mathur, 2004; Marcinkowska-
Ochtyra ¢ al., 2017). Hence, the RBF kernel function was used to classify the selected wavelengths
in this study. The RBF function has two parameters, the gamma (y) and the cost (C) parameter
which have to be optimized in a SVM algorithm (Sun e a/, 2019). The optimization in this study

was done using a 10-fold CV and grid search on a log scale. The SVM algorithm tests different
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pairs of y and C'and select the ones with the highest CV values (Zhou e /., 2019). The optimization

of the RBF parameters was done using the ¢7077 library of R statistical software (Version 4.0.0).

2.2.5.2 Random Forest (RF)

The random forest (RF) classification method, developed by Breiman (2001), merges numerous
tree predictors where each tree is dependent on a value belonging to a vector that is randomly
chosen and equally distributed in a forest amongst all trees (Masetic and Subasi, 2016). The RF
classifier is a supervised method consisting of numerous decision trees where each tree is grown
on a bootstrap sample from the overall training dataset (Deng and Runger, 2013). The numerous
decision trees are joined, and each tree gives a vote to assign the most common class to the overall
input dataset (Breiman, 2001). The number of binary classification trees (#ree) in RF is built using
numerous bootstrap samples where replacements are derived from the input dataset. The other
parameter required in the RF classifier is the m#ry, which is a random set of variables from the
original data that are used to split at each node (Breiman, 2001). The optimization of the 7y and
ntree values was done with the use of the randomForest package in R statistical software (Version
4.0.0). In RF modelling using the randomForest package, the ntree default value for the ntree is 500
and VP for mtry, where P represents the total number of the predictor variables (Katlson e af,
2016). The grid search method was applied to figure out optimal n#ree and mtry parameters. The
parameters varied from 500 to 10000 with an interval of 1000 for ntree and the mtry values ranged

from 2 to 10 for both the PCA-DA and PLS-DA and 2 to 13 for the GRRF method.

The RF classification algorithm can be summarized as follows: 1) #frees bootstrap sets are drawn
from the overall training data with bagging, also known as a replacement. The tree is grown using
two-thirds (70%) of the overall training data, and the remaining one-third (30%) is utilized in
performing CV, which will be done in correspondence with the training procedure (Breiman,
2001). The following step ii) involves the growing of an unpruned tree for each bootstrap.
However, mtry values are chosen randomly in each node, and the best split is selected, and it is the
one that offers the minimum Gini index outcome. When the tree is grown, it will stop when there
are no additional splits possible (Breiman, 2001). The final step iii) is where the user can repeat the

aforementioned steps (i and ii) until the ##rees are grown (de Santana ez al., 2019).

The RF classification has been effectively used in mapping urban trees (Liu ez 2/, 2017; Brabant ez

al., 2019) and the classification of trees using Light Detection and Ranging (LiDAR) and
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hyperspectral data (Shi ez a/, 2018). The wavelengths selected for the hyperspectral data were

analysed using the RF classification algorithm in R (Version 4.0.0).

2.2.6 Accuracy Assessment

The effectiveness of the RF and SVM classification methods in classifying the selected wavelengths
using feature selection techniques (PCA-DA, PLS-DA and GRRF) was validated. A holdout
dataset from the wavelengths selected by the feature selection techniques was randomly divided
into test (30%) and training (70%) datasets before classification. The accuracy assessment was
done using confusion matrices where the overall accuracy (OA), kappa statistic, user’s and the
producer’s accuracy (PA) values were calculated (Chivasa ez al., 2019). The overall accuracy (OA)
represents the overall number of correctly classified grids divided by the total number of all the
grids (Bartesaghi-Koc ez a/, 2019). The PA ascertains the possibility of a class being appropriately
classified, whilst the uset’s accuracy (UA) represents the possibility that a sample belongs to a
particular class and is correctly assigned to it by the classifier (Bartesaghi-Koc e @/, 2019). The
kappa value was also calculated in this study, and it looks at the agreement between ground truth

and classified samples, ranging from 0 (no agreement) to 1 (perfect agreement) (Bartesaghi-Koc ez

al., 2019).

2.3 Results

2.3.1 PCA-DA wavelength selection results

The PCA-DA algorithm was run on all the wavelengths (» = 1523), and the results indicated that
the maximum variation was shown by the first principal component (PC1) with a cumulative
proportion (CP) of 77.81%, followed by PC2 (85.98%) with a proportion of variance (PV) of
8.18% (Table 2.2). The first ten PCs gave a CP total of 99.80% (Table 2.2). The first 10 PCs were
retained as the common urban trees’ reflectance data offering large data variance in comparison to

lower-order PCs. It can be noted that there is a decline in the eigenvalues from higher to lower

order PCs (Table 2.2).

30



Table 2.2 Principal Component Analysis (PCA) results showing the proportion of variance (PV)
and cumulative proportion (CP) in percentage (%) and eigenvalues for the first 10

principal components (PCs) of reflectance values from six urban tree species.

PC PV (%) CP (%) Figenvalues
1 77.81 77.81 1185.1
2 8.18 85.98 124.6
3 7.52 93.51 114.5
4 3.08 96.58 46.9

5 1.72 98.29 26.1

6 0.59 98.89 9.0

7 0.48 99.37 7.4

8 0.24 99.61 3.7

9 0.11 99.72 1.7

10 0.08 99.80 1.2

The variable of importance in the projection (VIP) was used to determine the 10 best wavelengths
with high scores. The significant wavelengths were selected from the 10 PCs with eigenvalues

greater than 1.
The ten selected wavelengths using the PCA-DA had the highest VIP percentage values of 100%

for both the Quercus spp. and Jacaranda mimosifolia (Figure 2.3). The lowest VIP percentage values
were for Pinus gpp. which ranged from 34% (1796) to 50% (2152) (Figure 2.3).
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Figure 2.3 Wavelengths selected using the VIP method for the six urban trees in this study using
PCA-DA. The trees are Eucabyptus spp. (BEC), Jacaranda mimosifolia (JC), Quercus spp.
(QS), Platanus occidentalis (PO), Platanus x acerifolia (PA) and Pinus spp. (PN).

2.3.2 PLS-DA wavelength selection results

The PLS-DA model was applied on all the hyperspectral wavelengths (7 = 1523) to select the
important variables to classify the common urban trees. The optimal value used for the model was
component number 10 (Figure 2.4), which had a CV accuracy value of 98.6%. This value increases
with the number of components, where 28.5% was obtained for the 1st component and 98.6%
for the 10th component (Figure 2.4). The 10 principal components were used in developing the

PLS-DA model in this study, and VIP scores for the individual wavelengths were calculated.
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Figure 2.4 Discriminatory power for PLS-DA components using all hyperspectral wavelengths
data (= 1523). The 10-fold cross-validation resampling method was used to get cross-
validation accuracy results for the components. The optimal component with the

highest accuracy value is shown in bold.

The ten wavelengths selected by the PLS-DA algorithm had low VIP percentage values for Pinus
spp., with the highest being 5% for the 1378nm, 1377nm, 1376nm and 1375nm wavelengths
(Figure 2.5). The highest VIP values for all the common urban trees wavelengths using the PLS-
DA algorithm were obtained on the Platanus x acerifolia ranging from 44% (762nm) to 100%

(1378nm), as shown in Figure 2.5.
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Figure 2.5 Wavelengths selected using the VIP method for the six common urban trees in this
study using PLS-DA. The six common urban trees are Eucahptus spp. (EC), Jacaranda
mimosifolia (JC), Quercus spp. (QS), Platanus occidentalis (PO), Platanus x acerifolia (PA) and

Pinus spp. (PN).

2.3.3 GRRF wavelength selection results

The RF method was utilised to select the most relevant features from the overall hyperspectral
data (# = 1523) collected using the ASD field spectrometer. The mean decrease in Gini index was
used to select the most important wavelengths in differentiating the common urban trees. The
importance scores were derived using the mean decrease in Gini index. The mean decrease in Gini
index values in the visible region (350-700nm) ranged from 0.03 (595nm) to 5.86 (587nm) (Figure
2.6). The mean decrease in Gini values in the NIR region (700-1300nm) were from 0 (885, 890,
898, 1171, 1199, 1203, 1206, 1208 and 1259, 1281nm) to 1.86 (713nm). The red-edge region (680-
750nm) had a mean decrease in Gini index values ranging from 0.12 (690nm) to 1.86 (713nm).
The mean decrease in index values in the SWIR (1300-2500nm) ranged from 0 (1618nm) to 5.29
(2174nm) (2174nm) (Figure 2.6).
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Figure 2.6 The mean decrease in Gini index showing the variable of importance for all the
variables (7 = 1523) for the traditional RF classifier. The important variables have a

high mean decrease in Gini index value.

The GRRF was used to select the important wavelengths from the importance scores obtained
using the traditional RF classifier. The GRRF technique selected 13 optimal wavelengths where
five wavelengths (360nm, 409nm, 513nm, 562nm, 618nm) were in the visible region whilst the rest
were in the SWIR region (Figure 2.7). These optimal wavelengths were then utilized as input

variables in distinguishing common urban trees using the SVM and RF classification methods.
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Figure 2.7 The wavelengths with the highest importance scores selected by the GRRF as

calculated by the traditional RF for the urban trees.

2.3.4 Comparison of the selected wavelengths from the three feature selection techniques
(PCA-DA, PLS-DA and GRRF)

The wavelengths selected by the three feature selection techniques (PCA-DA, PLS-DA and GRRF
are shown in Table 2.3. Both the PCA-DA and PLS-DA selected 10 wavelengths, while the GRRF
selected 13 wavelengths from the total number of wavelengths (# = 1523) used in this study (Table
2.3). One wavelength (1380nm) appeared in both the PLS-DA and GRRF, illustrating that it could

potentially discriminate tree species using both feature selection techniques.

Table 2.3 Wavelengths selected by the PCA-DA, PLS-DA and GRRF techniques. The wavelength
that was able to differentiate in both PLS-DA and GRREF is highlighted in grey.

Variable Selected wavelengths (nm) Number of
selection selected
method wavelengths
PCA-DA 1328, 1681, 1720, 1746, 1747, 1768, 1773, 1789, 2151, 2152 10
PLS-DA  762,1372, 1373, 1374, 1375, 1376, 1377, 1378, 1379, 1380 10
GRRF 360, 409, 513, 562, 618, 1362, 1380, 1382, 1384, 1397, 1660, 1723, 13
2122
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2.3.5 Accuracy Assessment

The random splitting of the selected data into 70% for training and 30% for accuracy assessment
was randomly repeated seven times to ensure the model's stability. The accuracies were tested, and
they showed no significant differences. The optimal wavelengths selected by PCA-DA (» = 10),
PLS-DA (» = 10) and GRRF (# = 13) were classified using the SVM and the traditional RF
classifier. As shown in Table 2.4, the SVM classifier had the highest overall accuracy values as
compared to RF for all the feature selection techniques (PCA-DA, PLS-DA and GRRF). The
GRRF produced the highest overall accuracy value (95.3%) with a kappa coefficient of 94.4%
compared to the PCA-DA’s overall accuracy (86%) and kappa coefficient (83.2%) and PLS-DA’s
overall accuracy (93.3%) and kappa coefficient (92%) using the SVM classifier (Table 2.4). The
selected wavelengths using the GRRF technique also produced the highest overall accuracy value
(88.7%) and kappa coefficient (86.4%) as compared to PCA-DA’s accuracy value (64%) and kappa
coefficient (56.8%), and PLS-DA’s accuracy value (72%) using the RF classifier (Table 2.5).
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Table 2.4 Confusion matrix obtained using SVM classifier for the selected wavelengths using
PCA-DA, PLS-DA and GRRF. The overall accuracy (OA) and kappa values are shown
for the urban trees namely; Encabyptus spp. (EC), Jacaranda mimosifolia (JC), Quercus spp.
(QS), Platanus occidentalis (PO), Platanus x acerifolia (PA) and Pinus spp. (PN).

PCA-DA
Class EC JC Qs PO PA PN Total
EC 20 2 1 0 23
JC 5 20 1 0 29
Qs 0 22 1 2 0 25
PO 0 3 0 23 0 27
PA 0 1 1 19 0 21
PN 0 0 0 0 25 25
Total 25 25 25 25 25 25 150
OA =86%
Kappa = 83.2%

PLS-DA
Class EC JC QS PO PA PN Total
EC 21 2 0 0 0 0 23
JjC 2 23 0 0 0 26
QS 1 0 22 0 0 0 23
PO 0 0 1 24 0 0 25
PA 1 0 2 0 25 0 28
PN 0 0 0 0 0 25 25
Total 25 25 25 25 25 25 150
OA =93.3%
Kappa = 92%

GRRF

Class EC JC QS PO PA PN Total
EC 24 0 1 0 0 0 25
JC 0 25 0 0 0 0 25
QS 1 0 23 0 1 0 25
PO 0 0 0 23 1 0 24
PA 0 0 1 2 23 0 26
PN 0 0 0 0 0 25 25
Total 25 25 25 25 25 25 150
OA =95.3%

Kappa = 94.4%
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Table 2.5 Confusion matrix obtained using RF classifier for the selected wavelengths using PCA-

DA, PLS-DA and GRRF. The overall accuracy (OA) and kappa values are shown for

the urban trees namely; Ewcalyptus spp. (EC), Jacaranda mimosifolia (JC), Quercus spp.

(QS), Platanus occidentalis (PO), Platanus x acerifolia (PA) and Pinus spp. (PN).

PCA-DA
Class EC JjC QS PO PA PN Total
EC 13 3 0 1 3 0 20
JC 6 13 3 0 6 0 28
QS 2 1 16 0 2 0 21
PO 2 5 3 17 2 0 29
PA 2 3 3 7 12 0 27
PN 0 0 0 0 25 25
Total 25 25 25 25 25 25 150
OA = 64%
Kappa = 56.8%

PLS-DA
Class EC JC QS PO PA PN Total
EC 14 1 0 0 0 0 15
JjC 3 20 2 3 6 0 34
Qs 0 0 22 4 0 0 26
PO 4 0 0 17 2 0 23
PA 4 4 1 1 17 0 27
PN 0 0 0 0 25 25
Total 25 25 25 25 25 25 150
OA =76.7%
Kappa = 72%

GRRF

Class EC JC QS PO PA PN Total
EC 19 1 1 1 1 0 23
JC 1 23 0 0 0 0 24
QS 1 1 22 1 0 0 25
PO 1 0 2 20 1 0 24
PA 3 0 0 3 23 0 29
PN 0 0 0 0 0 25 25
Total 25 25 25 25 25 25 150
OA = 88%

Kappa = 86.4%

Table 2.6 shows the PA and UA results from the selected wavelengths after being classified using

the traditional RF classifier.
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Table 2.6 Producer’s accuracy (PA) and uset’s accuracy (UA) values for RF and SVM obtained
from the optimal wavelengths selected using PCA-DA, PLS-DA and GRRF for the
trees used in this study. The trees are Eucalptus spp. (EC), Jacaranda mimosifolia (JC),
Quercus spp. (QS), Platanus occidentalis (PO), Platanus x acerifolia (PA) and Pinus spp. (PN).

PCA-DA PLS-DA GRRF
RF SVM RF SVM RF SVM
Class  PA UA PA UA PA UA PA UA PA UA PA UA
EC 52 65 80 87 56 93 84 91 84 84 96 92
JC 52 46 80 69 80 59 92 88 88 88 100 100
PA 48 44 76 90 68 63 100 89 84 88 92 88
PO 68 59 92 85 68 74 96 96 84 78 92 96
QS 64 76 88 88 88 85 88 96 92 96 92 96

PN 100 100 100 100 100 100 100 100 100 100 100 100

2.4 Discussion

There has been a wide use of field spectral data for discriminating and classifying trees. This study
shows the ability of hyperspectral data in the classification of six urban trees in the Randburg
municipal area. This is in line with several studies: for example, Raczko and Zagajewski (2017)
used hyperspectral data in mapping tree species in Poland; Cao e 2/ (2018) used field hyperspectral
data in identifying eight mangrove species in Qi’ao Island of Zhuhai, China. Adam and Mutanga
(2009) and Mureriwa ef al. (2016) used hyperspectral data in the spectral discrimination and
classification of vegetation species in South Africa. Due to the huge data volume and high
dimensionality of hyperspectral data, removing redundant data and identifying key wavelengths is
vital for the classification of urban trees (Aval ef a/, 2019). Various techniques have been applied
in reducing the high dimensionality of hyperspectral data, and it is vital to minimize the loss of

information.

In this study, it was difficult to use a single feature selection method as no technique has been
universally proven to be superior over others in selecting the optimal wavelengths for the
classification of vegetation species (Adam and Mutanga, 2009). Hence three feature selection
methods (PCA-DA, PLS-DA and GRRF) were used for feature selection and dimensionality
reduction of field hyperspectral data. This is a key prerequisite for mapping urban tree species
using remote sensing airborne and hyperspectral sensors as a small number of selected wavelengths

give detailed information for classification purposes (Abbasi e al., 2019).
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2.4.1 Classification using wavelengths selected by multivariate statistical techniques

Most of the optimal bands selected by the three feature selection techniques (PCA-DA, PLS-DA
and GRRF) in classifying the urban trees (Ewucabjptus spp., Jacaranda mimosifolia, Platanus x acerifolia,
Platanus occidentalis, Quercus spp. and Pinus spp.) were in the SWIR region. This is in line with other
studies (Dalponte e# al., 2012; Alonzo et al., 2014; Ferreira ez al., 2015), which observed wavelengths
in the SWIR region as the most suitable bands for classifying trees. In the classification of tree
species, the significance of the SWIR bands may be due to their capability in discriminating the
subtle variations in the moisture content from one species’ type to the other (Cherrington, 2010).
Although there were no biochemical features directly assessed in this study, it assumed that varying
levels of lignin and the amount of cellulose available in foliar and plant matter that is non-

photosynthetic might have driven the separability of trees in the SWIR region (Alonzo ez al., 2014).

None of the wavelengths was selected from the NIR region when the PCA-DA algorithm was
applied. The PLS-DA algorithm selected only a single wavelength (762nm) in the NIR region of
the electromagnetic spectrum. The results are in line with previous studies (Alonzo ef al., 2014;
Oldeland e# al., 2017), which found the NIR region less important in discriminating tree species.
Alonzo et al. (2014) used hyperspectral data to map 29 tree species (including the six tree species
used in this study) in Santa Barbara, California, while Oldeland e7 a/. (2017) classified 16 other tree
and shrub species in central Namibia. Oldeland ef 2/ (2017) found that the high variation within
the classes and the reflectance might have been influenced by metabolites (e.g. proteins) and water,
resulting in the SWIR playing a critical role in discriminating tree species. The GRRF algorithm
selected five significant wavelengths in the visible region, from 360nm to 618nm (Figure 2.7). The
reflectance from the visible region in this study was mainly associated with the absorption traits of
the trees’ leaf pigments (Aval ez al, 2019). These results also agree with those in the literature
(Mureriwa et al., 2016; Abbasi et al, 2019), which showed a correlation between wavelength

absorption in the visible region and leaf chlorophyll content in the tree leaves.

2.5 Conclusions

The focus of this study was to identify the key wavelengths for classifying urban trees (Eucabjptus
Spp., Jacaranda mimosifolia, Platanus x acerifolia, Platanus occidentalis, Quercus spp. and Pinus spp.) using
feature selection methods on field hyperspectral data. Our main findings include: (1) The use of
various feature selection techniques such as PCA-DA, PLS-DA, and GRRF can reduce the high
dimensionality associated with field hyperspectral data in a heterogeneous area (2) The selected

wavelengths by GRRF produced the highest classification accuracies, followed by PLS-DA and
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lastly, PCA-DA feature selection methods. The selected wavelengths were classified using RF and
SVM classification methods. The GRRF can be regarded as the most effective and efficient feature
selection tool compared to PCA-DA and PLS-DA in reducing the high dimensionality of field
hyperspectral data. The selected key wavelengths were mainly in the SWIR region of the
electromagnetic spectrum showing that they can be used to classify urban trees (3) The SVM
classifier proved to be more reliable than RF in classifying the selected wavelengths of the urban

trees.

Overall, this study shows the potential of feature selection methods in reducing the high
dimensionality and classification of urban trees using field hyperspectral data. Although this study
was conducted using field hyperspectral data on urban trees with data collected using stratified
purposeful sampling, the results do not show the spatial distribution of the species in the whole
study area. The use of very high spatial resolution (VHSR) hyperspectral images such as Airborne
Prism Experiment (APEX) and Hyperion or multispectral images such as Worldview and Sentinel-
2 can assist in providing information on the spatial distribution of the urban trees in the study area
which can be of great importance to the municipality and stakeholders involved in greenspace or

urban tree management.
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Chapter Three

Evaluating the capability of Worldview-2 imagery for mapping alien tree species in a

heterogeneous urban environment

This chapter is based on Jombo, S., Adam, E., Byrne, M. J. and Newete, S. W. (2020) Evaluating

the capability of Worldview-2 imagery for mapping alien tree species in a heterogeneous urban

environment. Cogent Social Sciences, 6, 1754140.

DOIL: https://doi.org/10.1080/23311886.2020.1754146
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Abstract

Street trees in urban planning have a long history as providers of an amicable environment for
urban dwellers. Nevertheless, street trees are not always without a challenge, their ecosystem
disservices include, zuter alia, cracking pavements and foundations due to wandering tree roots that
destroy concrete or asphalt surfaces. Thus, effective mapping of street trees assists in planning a
suitable urban environment to improve city life. The traditional method for urban tree mapping is
costly, time-consuming, and labour intensive. However, commercially operated multi-spectral
sensors, such as WorldView (WV), provide a more viable way to map trees at the species level.
This study investigates the use of WV-2 imagery in the classification and mapping of five common
alien street trees in a complex urban environment. It also examined the feasibility of Random
Forest (RF) and Support Vector Machines (SVM) classifiers in mapping street trees in a
heterogeneous urban environment. The classifiers produced an overall accuracy of 84.2% for RF
and 81.2% for SVM. This study provides a detailed understanding of urban tree species to the
municipality of Johannesburg and offers environmental managers an insight into classification

methods for mapping trees using satellite imagery to comprehend their spatial distribution.
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3.1 Introduction

The mapping of tree species in an urban environment is vital for planning through strengthening
our knowledge of their ecological functions in these environments (Liu ez @/, 2017). Urban trees
provide ecosystem services such as mitigating urban heat island effects (Yan ¢ a/., 2018), reducing
air and noise pollution, as well as potential flooding, and they support biodiversity (Seiferling e al.,
2017). Urban tree species also offer essential social, economic and psychological amenities to
human beings, such as increased property values and improved physical/mental health (Tyrviinen
et al., 2005). Even though urban trees offer various advantages, there is a debate about alien tree
species use in cities. The major debate over the usefulness of alien vs indigenous tree species
necessitates precise identification and mapping of alien trees, which is important for city or
metropolis managers to develop and sustain urban planning strategies (Li ef a/, 2015). Alien tree
species were introduced into South African cities for recreation parks, soil stabilisation, erosion
control, timber use, shelter, beekeeping, ornamental use, firewood and commercial purposes,
amongst other reasons (Henderson, 2001; Zengeya e al., 2017). Alien tree species in South Africa
originated from Europe, Australia, Central America, and North-West Argentina (Henderson,
2001). Accurate spatial data on urban trees are required to assess tree species' extent and

distribution to estimate their ecosystem services and disservices (Nowak ez a/., 2008).

Urban tree inventories based on spatial data have long been established using field-based surveys
and visual interpretation of aerial photography (Myeong ¢f a/., 2006). These techniques work well
on local and small-scale levels (Alonzo e al., 2014). However, the process is time-consuming,
labour intensive and costly, especially at large scales and heterogeneous environments (Alonzo ef
al., 2016). Remote sensing technologies offer a solution to these problems (Fassnacht ez a/, 2016;
Liu e# al., 2017) because they are efficient, robust, repeatable and rapid in monitoring urban tree
dynamics (Myeong et al., 20006). The use of hyperspectral imagery has overcome time and labour
challenges in mapping urban tree species (Liu e¢# al, 2017). These challenges are because of the
complexity of features in urban areas and the heterogeneity of land covers (Li ez 2/, 2015), diversity
of the species and variations in the spatial characteristics (Alonzo ez a/., 2014). On the other hand,
hyperspectral data usage is also constrained by availability, the high dimensionality of data,

computer processing time and cost (Adam ez al., 2017).

Commercially operated sensors such as RapidEye and WorldView provide multispectral and
panchromatic imagery globally, at a high spatial resolution (<7m) for analysing tree species (Ke

and Quackenbush, 2011; Richardson and Moskal, 2014). Their efficiency in classifying trees in a
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complex urban setting justify their continued use (Novack ez 4/, 2011). WorldView-2 (WV-2)
satellite imagery with good radiometric, spectral and geometric resolution (up to eight bands) has
produced satisfactory results in urban tree species mapping. In earlier studies by Li e a/ (2015),
Yan et al. (2018) and Shojanoori e al. (2016), urban tree species were mapped using WV-2 satellite
data and produced high accuracy values. The accuracy of WV-2 satellite data to provide a precise
thematic map depends on the selected remote sensing data characteristics (landscape complexity),

as well as the methods used for processing and classifying the images (Lu and Weng, 2007).

Image appropriateness and the classification method used are essential requirements to obtain
optimal accuracies (Lu and Weng, 2007). Previous studies utilized different machine algorithms
such as random forest (RF), decision trees, support vector machines (SVM) and k-Nearest
Neighbors (Knn) to classify satellite imagery (Thanh Noi and Kappas, 2017). Machine learning
algorithms, in particular, RF, have been used in previous studies (Puissant ez a/, 2014; Li ef al.,
2015) and performed well in classifying tree species in urban environments. Support Vector
Machines (SVM) have also increasingly been utilized in natural vegetation classification (Pal, 2005;
Niska ez al., 2010; Krahwinkler and Rossman, 2011; Li e# 4/, 2015; Thanh Noi and Kappas, 2017).
Furthermore, RF and SVM classification methods have mostly classified images based on pixels,
and few studies have used object-based image analysis (OBIA) in which objects are used to depict
features (Li ef al., 2015). Previous research studies (Li ef al., 2015; Mustafa ez al., 2015; Yan e# al.,
2018) have mapped urban trees using OBIA and produced satisfactory results.

The City of Johannesburg (CoJ) is considered the largest man-made forest in the world (Schiffler
and Swilling, 2013). CoJ is predominantly planted with alien trees that appeared with the
BEuropeans' arrival in the 19" century (Schiffler and Swilling, 2013). Improved classification
accuracy can provide us with a better understanding of the health of all trees planted in the Co].
The alien tree species are subject to many stresses, which include: soil, water and air pollution, soil
sealing and compaction (Pautasso ez al, 2015; Paap et al, 2017). These stresses make trees
susceptible to pathogens and insects (Paap ez a/., 2017). For example, the polyphagous shot hole
borer, Euwallacea fornicatus, an ambrosia beetle that is affecting urban alien trees in the CoJ,
including Platanus spp., (Paap et al., 2018), Jacaranda spp., Quercus spp. and Eucalyptus spp. (Forestry
and Agricultural Biotechnology Institute, 2019). Data capture via WV-2 satellite imagery can be

used to identify such affected areas, which prove invaluable for urban planners and other research

groups.
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The CoJ is believed to have over 10 million trees, with over 4.5 million in private gardens and
about 2.5 million trees in conservation areas, parks, nature reserves, city’s pavements and
cemeteries (Johannesburg City Parks and Zoo, 2018). Nevertheless, the management of these trees
depends on anecdotal information on the urban tree species in the CoJ. To address this issue, this
study assesses the ability of remote sensing to map and classify urban alien tree species in the
Johannesburg area using high-resolution multispectral data. In this study, the specific objectives
were 1) to examine the effectiveness of RF and SVM in mapping urban alien tree species and other
land use and land cover (LULC) classes with the use of WV-2 imagery in a suburb of Johannesburg;
i) test the utility of the spectral bands of WV-2 in mapping urban alien tree species and LULC
classes, and iif) compare the performance of RF and SVM classification methods in mapping urban

alien tree species and LULC classes using high-resolution WV-2 image.

3.2 Methodology
3.2.1 Study area

Randburg municipal area (167.98km?) is where this study was conducted, in Region B of the Co]
(Figure 3.1). The annual rainfall in CoJ is approximately 750mm per annum, with potential
evaporation of around 1600 mm/annum (Tyson and Wilcocks, 1971). The rain mostly falls in the
summer season, which runs from October to February and temperature averages reaches around
15°C in winter and 20°C in summer (Naicker ¢ a/., 2003). The mean altitude in Co] is 1512m, with
altitudes ranging between 1081m and 1899m (Grobler ¢# /., 2002). The soil in this area is composed
of Glenrosa and Mispah soil forms (Grobler ez al., 2002), and the rocks are crystalline of Archean
age, which underlies the whole of Johannesburg (Abiye ef a/, 2018). The rocks in the area are

mainly granitic gneiss, meta-volcanic and metasedimentary rocks (Abiye e7 /., 2018).

The most common and fast-growing alien trees in the study area are black wattle, jacaranda,
eucalyptus, pepper trees, oaks and London planes which were introduced in the 19™ century
(Turton e al., 2006). There are indigenous trees in the CoJ but primarily non-indigenous tree
species were planted during Johannesburg’s colonial era, resulting in the city's spatial diversity

(Schaffler and Swilling, 2013).
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Figure 3.1 Maps of South African provinces, Johannesburg’s regions and true-colour WorldView-
2 satellite imagery (RGB 532 combination) of the Randburg municipal area located in
the City of Johannesburg.

3.2.2 Remote sensing data acquisition

This study is based on remote sensing and field data obtained in spring 2017. A total number of
36 scenes of WV-2 satellite imagery, captured on 15 September 2017, and field data collected in
November of the same year were used. The scenes were supplied by the Co] Corporate Geo-
Informatics, Development Planning and Urban Management (DP&UM) department, free of
charge with radiometric and geometric corrections already done. To combine the scenes for the
WV-2 image, they were mosaicked using ArcMap 10.5 software. The WV-2 image provides high
spatial resolution data, with a swath width of 16.4km at nadir, eight multispectral bands, and a 2m
spatial resolution. Moreover, the WV-2 multispectral sensor’s eight multi-spectral bands cover the
NIR1, NIR2, red edge, red, yellow, green, blue and coastal wavelength region (Table 3.1).
Furthermore, the panchromatic sensor band has a spatial resolution of 0.46m and lies within a
spectral range of 450 — 800nm. The WV-2 image was provided in Hartebeeshoek WGS84

coordinates (Central Meridian-29, Projection-Transverse Mercator).
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Table 3.1 WV-2 spectral resolution and sensor band names used in this study

Band number and name  Centre wavelength Spectral resolution (nm) Spatial resolution (m)
(nm)
1. (Coastal blue) 425 400-500 1.85
2. (Blue) 480 450-510 1.85
3. (Green) 545 510-580 1.85
4. (Yellow) 605 585-635 1.85
5. (Red) 660 630-690 1.85
6. (Red edge) 725 705-745 1.85
7. (NIRT) 833 770-895 1.85
8. (NIR2) 950 860-1040 1.85

3.2.3 Field data collection

A handheld outdoor Global Positioning System (G.P.S) receiver (Garmin eTrex 20 X) was used
to collect field data and determine the coordinates for the dominant alien tree species. Due to the
dearth of precise data on the spatial distribution of urban trees in South Africa, stratified purposive
sampling was used to visit areas dominated by five dominant alien tree species (Ewcalyptus spp.,
Jacaranda spp., Platanus spp., Quercus spp. and Pinus spp.). The study area was divided into zone
segments and samples taken, ensuring that every block has an equal chance of being selected.
Stratification permits accuracy by combining the results from random samples in the chosen zone
segments (Jaenson e/ al, 1992). In addition, this method captures major differences rather than
identifying a common species even though the latter may appear in the analysis (Palinkas ez a/,
2015). The zigzag sampling method was used to provide a uniform distribution of the sampling
sites (Ryan ez al,, 2007), and it identified the urban alien tree species that were planted mostly along
the streets in the study area. Additional ground truth points were also collected for the common

land use/cover classes (Table 3.2).

The sample size for the five urban alien tree species and additional LULC classes was 1369 (Table
3.2). The sample was divided into a training set (70%) of 964 and a test set (30%) of 405.
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Table 3.2 Scientific and common names, code, training, test and total samples used in this study.

Name Code Common Training samples Test Total
name samples samples
Eucabyptus spp. EC Eucalyptus 73 31 104
Jacaranda spp. JC Jacaranda 04 27 91
Pinus spp. PN Pine 97 41 138
Platanus spp. PL  London plane 49 20 69
Quercus spp. QR Oak 34 14 48
Bare land BL N/A 87 36 123
Built-up BU N/A 198 84 282
Grassland GL N/A 152 64 216
Other woody oWV N/A 177 75 252
vegetation
Shadow SW N/A 33 13 46
Total 964 405 1369

The spectral characteristics of the five dominant alien tree species considered in this study are

shown in Figure 3.2. The average spectrum was extracted from WV-2 imagery pixels, with #» = 40

for each dominant alien tree species.

Reflectance (%)

Eucalyptus spp.

Jacaranda spp.
— Platanus spp.
= PInus spp.

= (Quercus spp.

Coastal Blue Green Yellow Red Red NIR1 NIR2
blue edge

Wavebands (nm)

Figure 3.2 Average spectral reflectance curves extracted from Worldview-2 imagery pixels for the

five dominant alien tree species considered in this study.

3.2.4 Data analysis and classification

The ability of RF and SVM machine learning algorithms to map urban alien trees was assessed in

this study. The pixel-based classification techniques were used to map urban alien trees using the
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RF and SVM machine learning algorithms. Both classifiers (RF and SVM) were trained with the
training sample set, while the test set was used to measure the classification maps' accuracy. The
training and test data obtained from the WV-2 image in the study area are shown in Table 3.2. The
RF and SVM classifiers’ parameters for both algorithms were analysed with the open-source

statistical software R for the classification of the WV-2 imagery.

3.2.4.1 Random Forest (RF) classifier

The RF machine learning algorithm for statistical data analysis was put forward by Breiman (2001)
for the improvement of classification and regression trees (CART). RF builds up numerous
unpruned trees (##re¢) on the original data’s bootstrap sample, where the default ntree value in the
“random forest” package in R statistical software is 500, specifically assigned for large datasets.
The user defines ntree value, and trees with low bias and high diversity are created by the RF
algorithm (Breiman, 2001). A bootstrap sample, which is a two-thirds majority of the original data,
known as “in-bag” samples, are utilized in the training of trees, and the rest of them (one-third) is
“out-of-the-bag” samples (Belgiu and Dragut, 2016). The “out-of-the-bag” samples estimate how
well the RF classifier performs in a cross-validation approach, and the resulting estimate value is

known as the out-of-bag (OOB) error (Belgiu and Drigut, 2010).

Furthermore, in the RF machine learning algorithm, random subsets of variables are used to split
trees into nodes, referred to as m#ry and its default value is the VP, which is the predictor variables’
total number (Breiman, 2001). Based on the chosen variables of the 7y (default value is 500 trees),
the variable yielding the greatest decrease in impurity is selected for the splitting of samples at each
node (Breiman, 2001). Both the ##ree and mtry parameters need to be put together to generate forest
trees, and the optimization of these parameters can improve the classification accuracy values

(Mutanga ez al., 2012; Belgiu and Dragut, 2016).

In this study, a 10-fold cross-validation technique dependant on the OOB error was used to
identify the best n#ree and mtry parameters. The n#ree parameter tested in this study varied from 500
to 10 000 with 1000 intervals, and the 7y values ranged from 1 to 8. If the OOB error is low, this
shows that the RF classification method performed well, whereas high OOB error values show

poor performance.

In addition, the RF algorithm sets out the variable importance (VI) measurement and is calculated

in different ways, which include making use of the Mean Decrease in Accuracy (MDA), or else the
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Mean Decrease in Gini (MDG) (Breiman, 2001). In the RF model establishment, the computing

time required is calculated using Equation 3.1 below:

T/ MN log(N) Equation 3.1

where M illustrates the specific number of variables applied in each split, whereas N represents the
total number of the training samples, and T stands for the total number of trees (Breiman, 2001;

Belgiu & Dragut, 2016).

RF classifier has been used in other studies to successfully map urban buildings (Belgiu and Dragut,
2016), boreal forest habits (Risidnen e al, 2013), tree, biomass and crown cover (Katlson ez al.,
2015) as well as urban tree species (Puissant ez al., 2014; Li et al., 2015; Liu et al., 2017). This
illustrates the usefulness of the RF classifier to map urban alien tree species for the current study.
In this study, the RF classifier in R was utilized in mapping urban alien tree species in the study

area.

3.2.4.2 Support Vector Machines (SVM) classifier

The Support Vector Machines (SVM) classifier does not require an assumption concerning data
distribution and does not overfit the new or test data samples by applying viable principles (Abdel-
Rahman et a/., 2014). The SVM machine-learning algorithm initially proposed by Vapnik (1995)
focuses on the training sites, which are closest to the optimal boundary amid classes in the attribute
space (Maxwell ef a/, 2018). In addition, SVM is a supervised classification approach that is non-
parametric and non-linear broadly employed in remote sensing research because of its precise
capacity to derive results even using a small number of training samples or sites (Mountrakis ez a/.,
2011). The data points that lie on the supporting hyperplanes are known as support vectors, and
the optimal hyperplane is positioned in the middle of the margin. Additionally, the machine-
learning algorithm has kernel and mapping functions derived from the original input space to the

high dimensional feature space (Mountrakis ez /., 2011).

In recent years, SVM’s four most commonly utilized kernel functions are the polynomial, sigmoid,
linear and radial basis function (RBF) kernels (Qian ez a/., 2014). The current study makes use of
the radial basis function (RBF) kernel since it lends itself to successfully classify urban land cover

(Qian et al., 2014) and tree species (Raczko and Zagajewski, 2017). The RBF kernel consists of two
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significant parameters, which are the “gamma” (y), and “cost” (C), which play an essential role in

determining the overall classification accuracy value (Qian e al., 2014).

Eight WV-2 bands and the RBF kernel were used to find an optimal hyperplane that could
distinguish all the LULC classes, including the five-target tree species of this study. More so, the
optimization of y and C parameters of the RBF function was done using the LIBSVM library to
obtain the best parameter values. The SVM classifier was run in R statistical software version 3.4.4,

and the “e1071” library was used in the optimization of SVM parameters.

3.2.4.3 Accuracy assessment and validation

The accuracy of any classification algorithm in remote sensing is judged by the prediction
performance testing results (Odindi ez @/, 2016). Thus, the RF and SVM machine-learning
algorithms were utilized to assess their efficiency using the test dataset (30%) in confusion
matrices, where the kappa coefficient, user’s, overall and producer’s accuracy values were derived

on the classified maps to ascertain the level of reliability and accuracy (Jombo e7 al., 2017).

Moreover, the significant difference between the results from the SVM and RF classifiers was
tested in this study using McNemat’s test. The test is non-parametric, based on a normal test
statistic, and calculated out of the two classification methods’ error matrices. It is measured as

follows (Equation 3.2):

,_ F12-f21

JF12+§21

Equation 3.2

where § 12 represents the misclassified number of samples by the RF yet classified correctly by
the SVM classifier, and § 21 represents a number in a total of samples classified correctly by RF
although not classified correctly by SVM (Abdel-Rahman 7 4/, 2014). Additionally, the Z value
was obtained in this study, and it shows the RF and SVM classifiers’ difference in accuracy results.

In McNemar’s test, at 95% confidence level, the g score is regarded as statistically significant if it

is > 1.96 (Adelabu et al, 2013).
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3.3 Results

3.3.1 RF parameter tuning

The best-input parameters for the classification of the five urban trees species and LULC classes
were determined through optimization for training in the RF machine-learning algorithm.
Consequently, the 10-fold cross-validation sampling method was utilized in this study, and a
combination of the best parameters had ##ry and ntree values of 2 and 6500, respectively (Figure
3.3). Additionally, this combination produced the lowest OOB error rate of 19.2% and the highest
OOB error rate of 21.2% (mtry of 8 and ntree of 3500).
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Figure 3.3 RF parameters (m¢ry and ntree) after optimization utilizing the 10-fold cross-validation

sampling method and OOB estimate of error rate.

3.3.2 SVM parameter tuning

The best parameters of the y and C RBF kernel parameters were found through optimization for
classification using the SVM method. Therefore, the best y and C parameters were obtained with
the use of the 10-fold cross-validation sampling technique. Figure 3.4 illustrates that the best
parameters for y and C were 1 and 100, respectively, using the radial SVM-kernel and 521 support

vectors.
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Figure 3.4 SVM parameters (y and C) after optimization utilizing the 10-fold cross-validation

sampling method and cross-validation error rate.

3.3.3 RF and SVM in urban tree species mapping

The maps showing other LULC classes and urban alien tree species’ spatial distribution were
produced for both the RF and SVM classifiers (Figure 3.5). The classified maps showed that other
woody vegetation covers the largest land area compared to other classes. The other woody
vegetation class covers mostly the southern part of the area of study (Figure 3.5). The Platanus spp.
covered the largest area as compared to all the other urban alien trees classes with values of 8.38%
and 8.11% using the RF and SVM classifiers, respectively (Table 3.3). The Platanus spp. were mainly
found in Pine Park and Linden suburbs, situated on the southern side of the study area (Figure

3.5).
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Figure 3.5 Classified maps of the five urban tree species and other classes in the Randburg municipal area using a) RF and b) SVM machine learning

algorithms.
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Furthermore, most of the Eucalyptus spp. are situated in the northern part of the area of study in
places like suburbs such as Bloubosrand and Fleurhof, while most of the Jacaranda spp. were in the
southern part of the area of study in the suburbs like Randpark ridge, Fairland and Windsor East.
The Pinus spp. and Quercus spp. were mostly located in the Greenside and Parkview suburbs
(southern part). All the LULC classes (bare land, built-up, grassland, other woody vegetation and

shadow) were spread across all regions of the study area.

The two classifiers (RF and SVM) showed some minor inconsistencies in the size of each class.
The differences in the areas covered by the five alien tree species classified using the two models
were less than 1% (Table 3.3). However, the area of coverage (ha) between each of the species
showed some substantial differences; for example, when looking at Ewucalptus spp., SVM shows an
area of 737.96ha and RF, 576.54ha (Table 3.3). This gives a difference of 161.42ha between the
total area of coverage between the two classifiers for the Eucabyptus spp. Quercus spp. had a
difference of 164.08ha as SVM shows a total coverage area of 409.80ha and RF, 245.71ha (Table
3.3). The values for the SVM classifier were generally higher than the ones for the RF classifier.
There are also differences in the area covered by other LULC classes; for example, the built-up
area showed a difference of 769.19ha as RF showed total coverage of 5489.70ha, whilst SVM
showed 4720.51ha for the same class. The RF classifier showed that the built-up and other woody
vegetation were the dominant classes in the study area (Figure 3.5), whereas Quercus spp. and
Eucalyptus spp. were the least dominant classes (Table 3.3). Shadow and Quercus spp. were the least

dominant classes from the classified map using the SVM classifier (Table 3.3).

57



Table 3.3 Area in hectares (ha) and percentage cover of LULC classes acquired using the RF and
SVM classification methods. The classes are bare land (BL), built-up (BU), Eucalyptus
spp. (BC), Grassland (GL), Jacaranda spp. (JC), Platanus spp. (PL), Quercus spp. (QR),
Other woody vegetation (OWYV), Pinus spp. (PN) and Shadow (SW).

Class RF in ha Percentage (%) SVM in ha Percentage (%)
BL 807.72 4.81 1 060.74 6.31
BU 5489.70 32.66 4720.51 28.08
EC 576.54 3.43 737.96 4.39
GL 1.879.92 11.18 1966.44 11.70
JC 884.77 5.26 921.85 5.48
PL 1408.23 8.38 1362.96 8.11
QR 245.71 1.46 409.80 2.44

(O\VAY 3939.82 23.44 4 359.35 25.93
PN 866.03 5.15 865.77 5.15
SW 710.33 4.23 403.39 2.40

Total 16808.77 100.00 16 808.77 100.00

The RF classifier presented the variable of importance (Figure 3.6), indicating the part each band
played in the classification procedure. More importantly, the more essential bands are the ones

with the uppermost MDA values.
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Figure 3.6 Importance of WV-2 multispectral bands in RF classification using Mean Decrease

Accuracy (MDA) values.

The utility of every single WV-2 spectral band was evaluated in mapping all the classes in the study
(Figure 3.7). As shown by the high level of MDA in Figure 3.7, the NIR and red edge bands were

the most imperative in the classification of the five urban alien tree species (Eucalyptus spp.,

58



Jacaranda spp., Platanus spp., Quercus spp. and Pinus spp.). Similatly, areas with trees or vegetation
predominantly fell on the red edge and NIR bands, which are valuable in the discrimination of
plant species in classification, biomass and vegetation analysis. As illustrated in Figure 3.7, the
green, red and yellow bands were the most imperative in mapping bare land areas. The red, yellow,
and coastal bands were more significant in the built-up class classification, whereas the red edge
and NIR bands were important in classifying the grasslands (Figure 3.7). The blue and two red
bands were the most important bands for the other woody vegetation, whilst the NIR and red

edge bands were the imperative bands for detecting the shadow class.
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Figure 3.7 The Mean Decrease Accuracy (MDA) values showing the relationship between each
class and WV-2 spectral bands. The classes ate bare land (BL), built-up (BU), Excalyptus
spp. (EC), Grassland (GL), Jacaranda spp. (JC), Platanus spp. (PL), Quercus spp. (QR),
other woody vegetation (OWYV), Pinus spp. (PN) and Shadow (SW).

3.3.4 Accuracy assessment and validation

The accuracy levels for both RF and SVM classifiers were attained utilizing a 30% test set of data
on the WV-2 imagery, and the confusion matrices for both classifiers are shown in Table 3.4. The
range for the user’s accuracy values for RF was between 61.11% (Platanus spp.) and 100% for the
grassland class (Table 3.4a), while the producer’s accuracy ranged from 55% (Platanus spp.) to
100% for the Quercus spp. class. Moreover, the RF values for the uset’s and producer’s accuracy

were lowest on the Platanus spp. at 61.11% and 55%, respectively (Table 3.4-a) whereas the same
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accuracy levels for the SVM classifier ranged from 50% (shadow) to 100% (grassland) and 42.86%
(Quercus spp.) to 98.81% (built-up) (Table 3.4-b).

The user’s accuracy for the five urban alien trees (Eucalyptus spp., Jacaranda spp., Platanus spp.,
Quercus spp. and Pinus spp.) produced by the RF classifier ranged from 61.11% (Platanus spp.) to
85.71% for the Eucalyptus spp. class (Table 3.4-a), while the producer’s accuracy ranged from 55%
(Platanus spp.) to 100% (Quercus spp.). Similarly, the SVM accuracy results for these five alien trees
ranged from 54.55% (Quercus spp.) to 68.89% (Pinus spp.), while the producer’s accuracy values
ranged from 42.86% (Quercus spp.) to 85.19% (Jacaranda spp.).

The overall accuracy assessment based on the independent test dataset was 84.2% for RF, with a

0.82 kappa coefficient value (Table 3.4-a), while that of the SVM classifier was 81.2%, and 0.78 as
the kappa coefficient value (Table 3.4-b).
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Table 3.4 Confusion matrices using a) RF and b) SVM classification algorithms. The classes are
bare land (BL), built-up (BU), Ewucahptus spp. (EC), Grassland (GL), Jacaranda spp. (JC),
Platanus spp. (PL), Quercus spp. (QR), Other woody vegetation (OWYV), Pinus spp. (PN)
and Shadow (SW). The producer’s accuracy (PA), overall accuracy (OA), user’s accuracy

(UA), and kappa coefficient were calculated using the ‘rasclass’ package in R on the test

dataset.
a. RF classification
Class BL BU EC GL JC PL QR OWV PN SW Row UA
total
BL 27 7 0 0 0 0 0 0 0 0 34 79.41
BU 9 77 0 0 0 0 0 1 0 0 87 88.51
EC 0 0 24 0 0 0 0 3 1 0 28 85.71
GL 0 0 0 62 0 0 0 0 0 0 62 100.00
JC 0 0 0 0 17 2 0 5 0 0 24 70.83
PL 0 0 0 0 2 1 0 5 0 0 18 61.11
QR 0 0 0 0 0 0 14 1 0 2 17 82.35
(@)VAY 0 0 0 2 8 7 0 59 0 0 76 77.63
PN 0 0 6 0 0 0 0 1 40 1 48 83.33
SW 0 0 1 0 0 0 0 0 0 10 11 90.91
Column 36 84 31 64 27 20 14 75 41 13 405
Total
PA 75 91.67 77.42 96.88 6296 55 100 78.67 97.56 76.92
OA 84.2%
Kappa coefficient 0.82
b. SVM classification
Class BL BU EC GL JC PL QR OwWV PN SW Row UA
total

BL 30 1 0 0 0 0 0 0 0 0 31 96.77
BU 6 83 0 0 0 0 0 0 0 0 89 93.26
EC 0 0 20 0 0 0 0 3 10 0 33 60.61
GL 0 0 0 62 0 0 0 0 0 0 62 100.00
JC 0 0 0 1 23 3 0 7 0 0 34 67.65
PL 0 0 0 0 1 10 1 4 0 0 16 62.50
QR 0 0 0 0 0 0 6 1 0 4 11 54.55
oWV 0 0 1 1 3 7 0 57 0 1 70 81.43
PN 0 0 10 0 0 0 0 3 31 1 45 68.89
SW 0 0 0 0 0 0 7 0 0 7 14 50.00
Column 36 84 31 64 27 20 14 75 41 13 405
total
PA 83.33 98.81 64.52 96.88 8519 50 4286 76 75.61 53.85
OA 81.2%

Kappa coefficient  0.78

The results from McNemar’s test showed that at a 5% significance level, the RF and SVM’s
confusion matrices show no significant difference (Table 3.5). The z value obtained was -1.64
(Table 3.5), which was less than 1.96. Some of the classified areas using the R classifier were

almost similar to those obtained using the SVM classifier (Figure 3.5).
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Table 3.5 Comparison of Random Forest (RF) and Support Vector Machines (SVM) classification
methods using McNemar’s test. CC stands for correctly classified, and IC is for

incorrectly classified samples.

Classifier RF
SVM CC 1C Total
CC 304 25 329
1C 38 38 76
Total 342 63 405
Z-value -1.64

3.4 Discussion

Worldview-2 satellite imagery was used to map five common alien urban trees using RF and SVM
classification algorithms. The classifiers bands for mapping these alien tree species and LULC
classes in this study were the red and the NIR bands (Figure 3.6). Thus, areas with vegetation
cover predominantly fall in the NIR and red regions of the WV-2 imagery. Mean decrease in
accuracy (MDA) for each variable is obtained during OOB calculation (Liu ¢ a/., 2017). Although
remote sensing data have been used in studying ecological and environmental phenomena for
many years, beneficial information has not been successfully given at fine spatial extent and
temporal measures (Anderson and Gaston, 2013). Nevertheless, the traditional
photointerpretation methods used in the past were time and labour-intensive, and costly, especially
for data acquisition over large geographical areas, and more importantly, such aerial photographs
and pixel-based image classification approaches are not well suited for LULC mapping in a
heterogeneous urbanized landscape (Cleve ez al, 2008). But, Zhang e al. (2015) indicated that a
problem of mixing various impervious surface areas and vegetation in one pixel for medium spatial
resolution images might exist, for example, Landsat TM imagery. However, very high-resolution

WV-2 images have solved this problem.

The study has shown that Excalyptus spp. were mostly found in the southern part of the area of
study in places such as Robertville, where the mining sites such as Rand Leases and Main Reef are
located. These trees were planted to stabilize the soil and reduce soil erosion. Eucalyptus spp. in
other areas were also planted for timber, pulp, poles (van Wilgen and Richardson, 2014), mine
props and excavation (Turton e al., 2000). Jacaranda spp., Platanus spp. and Quercus spp. were found
in areas such as Randpark ridge, Fairland, Pine Park, Linden and Windsor East, which are situated
in the southern part of the area of study. In addition, it is significant to bear that these areas were
among the affluent suburbs of Johannesburg inhabited by the white community during the

apartheid era before 1994, many of which were planted in these neighbourhood streets for
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beautification and settling dust (Turton ez al, 2006). The Pinus spp. were situated in areas such as
Parkview and Greenside, especially in and around open spaces such as Parkview Golf Club and
Johannesburg Botanical Gardens and were introduced in these areas for ornamental or recreational

values.

Our results indicate that the multispectral WV-2 sensor is suitable for urban tree species mapping
using RFF and SVM classifiers with overall accuracies of 84.2% and 81.2%, respectively. The RF
user accuracy values for the Eucalyptus, Jacaranda, Pinus and Quercus species were higher than those
in the SVM classifier (Table 3.4a and 3.4b). The RF user accuracy value for Platanus spp. (61.11%)
was less than the one for SVM (62.50%). This was mainly due to the misclassifications of Platanus
spp. as other woody vegetation, Jacaranda spp. or Quercus spp. classes (Table 3.4a and 3.4b). The
misclassifications of the Platanus spp. were maybe due to errors in the reference dataset as it was
challenging to find these tree species of concern in the area of study as they are not usually found
in pure stands. This resulted in differences in the area of coverage, with the SVM classifier having
Platanus spp. covering 4.68% of the total area whilst RF had 4.98% (Table 3.3). The
misclassifications due to errors in the reference dataset were one of the reasons leading to the
dissimilarities in the area of coverage for all classes classified by the RF and SVM. The RF
producer’s accuracy values for four of the five urban tree species (Eucalyptus spp., Platanus spp.,
Pinus spp. and Quercus spp.) were higher than those for SVM. For example, SVM’s producer’s
accuracy value for Jacaranda spp. (85.19%) was higher than the one for RF (62.96%). Moreover, the
low producer’s and uset’s accuracy values for Platanus spp. and Quercus spp. for both algorithms
(RF and SVM) could be due to a small number of reference polygons for these classes, as illustrated
in Table 3.2. It has been conclusively shown that a small number of reference polygons make it
challenging in characterizing spectral variability of individual tree species due to their unique
phenological ages or stages all along the slope (e Louarn e a/, 2017). In addition,
misclassifications were also due to tree species’ variety in this urbanized area of study, which leads
to a “mixed pixel problem” where some pixels are not entirely occupied by one homogeneous

class (Salih ez al, 2017).

The RF user accuracies for the LULC classes were between 77.36% and 100%, while those of
SVM was between 50% and 100% (Table 3.4a and 3.4b). The RF had producet’s accuracy values
ranging from 75% to 96.88% for all LULC classes, whereas those for the SVM classifier for the
same classes were between 53.85% and 98.81%. The low SVM producer’s accuracy value of

53.85% (shadow) was due to misclassifications between this class and the Quercus spp., Pinus spp.
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and other woody vegetation classes (Table 3.4b). The misclassifications may be due to errors in
the reference dataset where some points for shadow class were classified to some of the urban tree
species. It might have been the case that the values for the user’s and producer’s accuracy could
be high if there were low tree species diversity in the area of study. The identification, classification
and mapping of tree species in an urban area at an individual level nowadays have been restricted
to airborne Light Detection and Ranging (LiIDAR) and hyperspectral data as they produce high
accuracy values due to their higher spectral and spatial resolutions as compared to multispectral
data (Fassnacht ef al., 2016; Liu e# al., 2017; Raczko and Zagajewski, 2017). However, hyperspectral
data are costly, time-consuming for processing, require huge storage space and also suffer from
multi-collinearity (Odindi ez a/, 2016). Recently, multispectral remote sensing imagery
characterised by finer resolutions (i.e. spectral and spatial) has improved classification results
(Odindi ez al., 20106). In this vein, the advent of the new age WV-2 satellites imageries which cost
relatively less, offers new perspectives due to the increased radiometric, geometric and spectral (8

bands) resolutions and can map trees at the species level (Waser ez a/., 2014).

Our study showed that the RF marginally outperformed the SVM classifier by 3%. This result ties
well with previous studies (Puissant ez a/., 2014; Le Louarn ez al., 2017) where the RF outperformed
the SVM machine learning algorithms in mapping urban tree species. The high accuracy values
achieved by the RF and SVM classifiers may be attributed to the utilization of WV-2 satellite
imagery captured in the spring season, a period when the urban trees’ new leaves start to expand,
and the buds begin to open. The tree leaves assisted in showing spectral differences amongst the
species enhancing their separability in mapping urban trees in this study. The development of tree
leaves between the spring and summer seasons cause an increase in the content of leaf chlorophyll
(Le Louarn e al., 2017). The difference in the MDA values showed high NIR values and low blue
and red bands for the five urban tree species (Figure 3.7). The high accuracy values for the urban
tree species may be due to the strength of the RF classifier to handle unbalanced datasets,
computational efficiency and having no distributional assumptions on the input data set (Odindi
et al., 2016). The SVM classifier also produced high accuracy values as a high “cost” (C) value of
100 was used, and the training error is penalized, forcing the misclassification of points to be
lowered by the algorithm in the course of the training operation (Abdel-Rahman ez 4/, 2014). It is
noteworthy that a non-linear RBF kernel for the SVM classifier was utilized in this study as it
solves the inseparability problems that may arise in the vegetation species mapping (Mountrakis e#

al., 2011). However, the high accuracy values in this study remain unclear as to whether they were
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found due to the RF and SVM classifiers used, WV-2’s high spatial resolution or the absence of

complications in the landscape.

3.5 Conclusions

The ability of the high-resolution multispectral WV-2 satellite imagery, utilizing RF and SVM
classification algorithms, was assessed in the mapping of urban tree species at Randburg
municipality in the CoJ. The current study demonstrates the enormous ability of WV-2 satellite
imagery and machine learning classifiers (RF and SVM) in detecting and mapping urban tree
species in a complex urban environment. This study provides an insight to the municipality’s urban
forest and environmental managers on monitoring the urban tree species. Such spatial information

will assist urban forest managers in the current urban tree inventory and urban greening program.

We caution, however, that this conclusion is based on the fact that there are misclassification errors
which might be due to many factors such as the image registration error, the spectral and spatial
resolution limitations and the spectral signature overlap. Future studies should consider testing
different classification approaches such as object-based image analysis to minimize

misclassification errors.

Overall, we believe, based on our relatively high accuracies, ease of use, low cost, it is worth

considering the WV2 image for urban tree species classification.
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Chapter Four

Classification of tree species in a heterogeneous urban environment using object-based

ensemble analysis and World View-2 satellite imagery

Jombeo, S., Adam, E. and Odindj, J. (2021) Classification of tree species in a heterogeneous urban

environment using object-based ensemble analysis and World View-2 satellite imagery. Applied
Geomatics.

DOT: https://doi.org/10.1007/s12518-021-00358-3
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Abstract

Urban trees are valuable in, inter alia, ameliorating air pollution and mitigating the effects associated
with urban heat islands. The dearth of tree cover maps is a major challenge for urban planners in
the management of urban trees. This work adopts remote sensing approaches to provide urban
tree cover maps, which can strengthen urban landscape management. Whereas traditional pixel-
based classification approaches have been commonly used in image classification, they are not
well-suited for urban tree mapping due to their failure to fully explore the image’s spatial and
spectral characteristics. Object-based classification techniques produce improved accuracies using
additional variables. This study depicts the capability of object-based image analysis (OBIA) in
mapping common urban trees using very high resolution (VHR) WorldView-2 (WV-2) imagery.
The study tests the utility of WV-2 bands and other feature variables in the object-based mapping
of common urban trees and other land use and land cover (LULC) classes. Furthermore, the study
compares the utility of Support Vector Machine (SVM) and Random Forest (RF) in the object-
based mapping of common urban trees and other LULC classes. The results show that the
Normalized Difference Vegetation Index (NDVI), near-infrared 1 (NIR1) and near-infrared 2
(NIR2) bands were important in the classification of common urban trees and other LULC classes.
The RF classifier performed better than SVM, with an overall accuracy of 91.9% as compared to
87.3% tor SVM. The results of this study offer insight to urban authorities providing information
on the segmentation parameters, classification methods and feature variables for mapping urban

trees, valuable in urban tree management.
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4.1 Introduction

Urban green infrastructure, especially trees, provide several ecosystem services, which include
thermal regulation and ameliorating water and air pollution (Yan e al., 2018). Specifically, urban
trees filter gaseous pollutants and particulate matter, reduce soil contamination, provide habitat
for animal species and mitigate consequences associated with urban heat islands (Scholz ez al.,
2018). According to Zhou ez al. (2017), urban trees reduce both land surface and air temperature,
mitigate against natural stresses such as wind and tropical storms (Duryea and Kampf, 2007) and
reduce noise and energy consumption (Ellis and Mathews, 2019). However, increasing
urbanisation, especially in developing countries, has been identified as a major threat to urban

ecosystems (Yan ez al., 2018).

Urban trees are grown for various landscape and ecological functions (Wen e al, 2017).
Commonly, urban trees are grown for amenity or ornamental purposes in landscape schemes,
streets, private yards and gardens (Rossi ez a/, 2015). Tall-wide canopy trees are particularly
essential in urban areas for the provision of shade, resulting in transpiration cooling near the
ground (Manickathan ez a/, 2018). They also offer efficient animal habitats and effective nutrient
cycling due to their deep-rooting system (Kuser, 2006). Tree species such as Jacaranda are
commonly preferred due to their wide canopy and high tolerance to physical and environmental
stress, such as low soil fertility and polluted air (Rani, 2019). Quercus and Pinus trees, on the other
hand, are mostly favoured due to their tall height and wider canopies that act as windbreaks (Love

et al., 2009).

Ecosystem services provided by urban trees depend on planting configuration and density
(Pretzsch et al., 2015). However, the general paucity of literature on urban tree spatial distribution
impedes the assessment of the species’ contribution to landscape connectivity and patchiness
(Rossi ef al., 2015). Hence, up to date, urban tree species maps offer reliable information on their
distribution, composition and diversity, valuable for sustainable management of urban ecosystems
(Ajewole, 2010). Urban trees mapping has previously been done using visual interpretation of aerial
photography and field surveys, whose shortcomings are widely documented in remote sensing
literature (Hartling ez al, 2019). Recently, high spatial-resolution active sensing such as Light
Detection and Ranging (LiDAR) has been successtully used in mapping urban trees (Liu ef a/,
2017; Matasci et al., 2018; Hartling ez al, 2019). However, the use of LIDAR is hindered by
significant labour inputs, high acquisition and software licensing costs (Seiferling ef al, 2017).

Hence, passive sensors with a high spatial resolution like WorldView, Quickbird, GeoEye and
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IKONOS have recently gained popularity in classifying complex urban landscapes (Pu ez a/, 2011,
Agarwal e al., 2013; Liu et al., 2017). Compared to four-spectral band high spatial resolution
imagery such as GeoEye and IKONOS, WorldView-2 (WV-2) consists of four additional bands

(near-infrared 2, yellow, coastal and red-edge) valuable in classifying trees (Hartling ez 4/, 2019).

Pixel-based classification methods have been used in previous studies (Immitzer ez a/., 2012; Liu
and An, 2019; Jombo e7 al., 2020) to map urban trees using WV-2 satellite imagery. Immitzer e a/.
(2012), for instance, used pixel-based approaches to map ten urban trees in Burgenland Province,
East of Austria with overall accuracies of 72.8% for Random Forest (RF) and 70% for Linear
Discriminant Analysis (LDA). Liu and An (2019) classified urban greening tree species in Hohhot,
China and produced overall accuracies of 74.07% for maximum likelihood classification and
71.79% for Support Vector Machine (SVM). In addition, Jombo ez /. (2020) evaluated the potential
of WV-2 multispectral imagery in mapping alien trees in the Randburg municipal area,
Johannesburg using nonparametric RF and SVM machine-learning classifiers. The overall

accuracies were 84.2% for RF and 81.2% for the SVM classifier.

Although pixel-based classification methods have been employed in mapping urban trees, the

shadow effect and urban

b

approaches are limited by, among others, “mixed pixel problem”
complexity, resulting in lower classification accuracies (Jombo ez al, 2020). Object-based image
analysis (OBIA) on the other hand, has proven to overcome the above-named limitations as it
considers among others, an objects’ location, shape, texture, directional pattern and area (Agarwal
et al., 2013). In previous studies (Mustafa ez al, 2015; Li ez al., 2015; Yan ez al., 2018; Hartling ez al.,
2019), OBIA has been successfully used in mapping urban trees on WV-2 satellite imagery.
Mustafa et al. (2015), for instance, mapped urban trees in the city of Duhok, Iraq and obtained an
overall accuracy of 88.92%, while Li e a/. (2015) classified urban trees on bitemporal WV-2 and
WV-3 imagery in Beijing, China, with overall accuracies of 92.4% for SVM and 90.2% for RF
classifiers. The observed high accuracies may be due to the classifiers’ ability to handle any
numerical data and their independence to data distribution assumptions. Moreover, Yan e /.
(2018) mapped vegetation functional types in Beijing using WV-2 images from the summer season
and two imagery from the summer-early winter season. The study achieved overall accuracies of
82.3% (summer season) and 91.1% (summer-early winter season). The study identified the
additional bands (red edge and NIR2) as most influential in the classification of urban trees due to
their high vegetation reflectivity. The previous studies by Li 7 a/. (2015) and Yan ez al. (2018) were

carried out in Beijing which has a sub-humid north-temperate continental monsoon climate
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whereas this study was conducted in a sub-tropical climate. Despite the high overall accuracies
attained, the performance of object-based classification techniques depends on several factors
which include site-specific variables such as the size and density of sample objects, elevation and

the spatial composition of the landscape (Yu ez al., 2008).

The metropolitan City of Johannesburg (CoJ) has the biggest urban forest area in the world, whose
heterogeneous landscape includes high-rise buildings, grasslands and roads (Schiffler and Swilling,
2013). This heterogeneity impedes landscape delineation using pixel-based classification
approaches. Several studies have successfully mapped trees using OBIA in different urban
environments (Puissant ef al., 2014; Li et al., 2015; Liu e al., 2017; Wen ez al., 2017; Le Louarn e al.,
2017). However, few studies (e.g. Schiffler and Swilling, 2013; Mavimbela ez a/., 2018; Jombo e¢f al.,
2020) have been conducted in Southern African urban ecosystems using pixel-based classification
methods. No studies to the best of our knowledge have compared the use of SVM and RF
classifiers in the object-based mapping of the common urban trees using very high resolution
(VHR) WV-2 multispectral imagery. Subsequently, the present study assesses the capability of
OBIA in classifying common trees in the Randburg municipal area using VHR WV-2 multispectral
imagery. The objective of this study was to examine the performance of SVM and RF classification
algorithms in the object-based mapping of common urban trees and other land use and land cover
(LULC) classes using VHR WV-2 multispectral imagery. The study seeks to reliably account for

common urban trees to facilitate informed decisions and sustainable urban management.

4.2 Methodology

4.2.1 Study area

The Randburg municipal area is found in Region B of the City of Johannesburg (CoJ) and covers
167.98 km* (Figure 4.1). The Randburg municipal area’s annual rainfall is approximately 750
millimetres per year and normally falls in the summer season (Tyson and Wilcocks, 1971). The
mean average temperature is approximately 20°C in summer and 15°C in the winter season
(Naicker ez al., 2003). The geology of the municipal area is dominated by crystalline rocks of the
Archean age (Abiye e# al., 2018). Granitic gneiss and melta-volcanic rocks are also present in the

study area (Abiye e al., 2018).

Randburg municipal area has a total population of approximately 337 053 (Statistics South Africa,
2011). The municipality is complex with various LULC classes, which include the urban trees,

water bodies as well as industrial, residential and office buildings (African Green City Index, 2011).
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The city has a green infrastructure, which includes effective ecosystem management and green
consciousness structures which have been perfected over time (Schiffler and Swilling, 2013). The
urban forest in the study area is an essential ecological feature resultant of the city’s integration of
both ecological and industrial backgrounds (Schiffler and Swilling, 2013). The area of study has
indigenous and non-native tree species brought to Johannesburg during the colonial era (Schiffler

and Swilling, 2013).
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Figure 4.1 a) South African provinces, b) City of Johannesburg’s regions A to F and ¢) basemap

showing Randburg municipal area.

4.2.2 Multispectral remote sensing data and pre-processing

The study used very high resolution (VHR) WV-2 multispectral imagery acquired on the 15" of
September 2017 for classification and analysis. The image acquisition date was selected based on
the availability of the satellite imagery acquired in the vegetation growing season. The WV-2
multispectral image was made of 36 scenes, mosaicked using ArcMap 10.6 software. The
multispectral image was provided by the Co]’s Corporate Geo-Informatics, Development
Planning and Urban Management (DP&UM) division already corrected for geometric and

radiometric anomalies. The WV-2 image was orthorectified using a georeferenced high resolution
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(0.5m) aerial photograph of the study area. A total of 30 ground control points were evenly
distributed in the study area, and the first-order polynomial transformation technique in ArcMap
10.6 software was used to georeference the WV-2 imagery. An overall Root Mean Square Error
(RMSE) of 0.24 of a pixel was achieved and through visual assessment, it was confirmed that the
WV-2 image was perfectly aligned to the aerial photograph. WV-2 satellite imagery has eight
multispectral imaging bands, a 16.4 km swath width (nadir range), and a dynamic range of 11-bits
per pixel with a 1.1-day revisit time. The sensor gathers 1.84m multispectral and 0.46m
panchromatic imagery (Table 4.1). The horizontal accuracy of WV-2 satellite imagery is between
5 and 10m. The image has eight multispectral bands, which include the blue, yellow, red edge, and
Near-Infrared 1 (NIR1) bands (Table 4.1). The eight multispectral imaging bands are precisely
chosen to meet the modern remote sensing application requirements, which include environmental
monitoring and vegetation quality and quantity mapping (Odindi ez a/, 2014). In this study, the
imagery projection used was in Hartebeeshoek WGS84 coordinates (Central Meridian-29,

Projection-Transverse Mercator).

Table 4.1 WorldView-2 spectral band configuration

Spectral band number and name Spatial resolution Spatial range
Panchromatic 0.46 cm 450 — 800 nm
B1. Coastal blue 1.85 m 400 — 450 nm
B2. Blue 1.85m 450 — 510 nm
B3. Green 1.85 m 510 — 580 nm
B4. Yellow 1.85m 585 — 625 nm
B5. Red 1.85m 630 — 690 nm
B6. Red-edge 1.85m 795 — 745 nm
B7. NIR1 1.85m 770 — 895 nm
B8. NIR2 1.85m 860 — 1040 nm

4.2.3 Ground truth training, test and evaluation samples

Ground data were collected in September 2017. The dominant trees were uploaded into a handheld
Garmin eTrex 20 X Global Positioning System (GPS) receiver with * 3m accuracy. To reduce the
low accuracy of the positioning of the dominant trees collected using a GPS receiver, the points
for the tree species were delineated manually on the high-resolution georeferenced aerial
photograph, ensuring that the pixels selected belonged to the trees of interest. The dominant trees

were uploaded based on a stratified purposeful sampling approach. The stratified purposeful
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sampling method can capture significant differences instead of identifying the most common
samples where a fairly homogenous sample is in each stratum (Patton, 2002). The field data
gathered was utilized in establishing Image Object (10) samples for the training and testing sites
(Table 4.2). The study area was divided into four equal zone segments measuring approximately
42 km® each. Samples from zone segments in the study area were chosen using the zigzag sampling
method. The sampling method involves the definition of a zigzag transect that covers the area of
interest (Paulo ez al, 2005). The sampling method was used mostly on the streets where urban
trees coordinates were delineated on the WV-2 satellite imagery. The zigzag sampling approach
was used as described by Almeida and Tomé (2009). Using this approach, five dominant urban
tree samples were identified; Eucabptus spp., Jacaranda spp., Platanus spp., Quercus spp. and Pinus
spp. The reference samples for the five dominant urban trees and other LULC classes were
collected in the study area. The total dataset samples (#» = 1364) were randomly partitioned into
training samples (70%) and test samples (30%), as shown in Table 4.2. The training samples were
used to train both RF and SVM classifiers, while the test samples validated the accuracy of the two

classification models (Adam ¢7 a/., 2013).

Table 4.2 Number of training and test samples used in this study

Class name Abbreviation ~ Number of Number of Total number
samples (Training)  samples (Test) of samples

Bare land BL 91 39 130

Built-up BU 187 80 267

Eucalyptus spp. EC 86 37 123

Grassland GL 145 62 207

Jacaranda spp. JC 70 30 100

Platanus spp. PL 56 24 80

Quercus spp. QS 33 14 47

Other woody owv 163 70 233

vegetation

Pinus spp. PS 84 36 120

Road RD 40 17 57

Total 955 409 1364

4.2.4 Image classification
The classification and mapping of the common urban trees and other LULC classes in this study

were done using OBIA and image objects (IOs) created by segmenting the WV-2 satellite image.

73



4.2.4.1 Image segmentation

A multi-resolution segmentation (MRS) approach was used to segment the image. A similar image
segmentation used in Pu ez a/. (2018) was adopted in the creation of 10s. The MRS algorithm of
Definiens eCognition Developer 9.3.2 (Copyright © 2018 Trimble Germany GmbH) is a bottom-
up merging method and through various iterative measures, smaller IOs from among single pixels
are combined to generate larger 1Os (Li e# a/., 2015). Parameters essential as input for MRS include
color/shape ratio, scale parameter, the weight of each input layer and smoothness/compactness
ratio (Li ez al., 2015). Consequently, optimal image segment parameters are set based on the nature
and size of the objects to be identified, for example, how the IOs correspond to object boundaries
on the satellite imagery for a specific exercise (e.g. tree crown) (Pu ez al, 2018). All the eight
multispectral imaging bands for WV-2 satellite image were used in this study as proposed by Li ez
al. (2015) and Mustafa ¢# a/l. (2015). The weights of compactness and color were put at 0.5 and 0.8,
respectively, for balancing the spectral/shape dissimilarities between other LULC classes and the

tree species.

All WV-2 bands were given a weight value of one while, the NIR1, NIR2, red and red edge bands
were given a value of two, as they are essential in the identification and classification of trees.
Vegetated and non-vegetated areas were differentiated using a Normalized Difference Vegetation
Index INDVI) threshold value of 0.25 as suggested by Pu ez 2/ (2018). To establish the final image
segmentation parameters, evaluation of the segmentation results was done using 646 outlined tree
crowns. The delineated tree crowns were for all common urban trees (Eucalyptus spp., Jacaranda
spp., Pinus spp., Platanus spp. and Quercus spp.) and other woody vegetation classes. The selection
of segmentation parameters was done based on the location of most test IOs collected during field
trips in the study area. The present study used eight image segmentation rule sets testing nine
different scale settings (20, 30, 40, 50, 60, 70, 80, 90 and 100). The final segmentation with the best
scale parameter was chosen by visually checking the extent to which the IOs correspond to the

collected coordinates from field visits and the dominant urban trees’ boundaries.

4.2.4.2 Feature selection

The use of shape indices and spectral measures are useful in defining the heterogeneity of features
(Tzotsos and Argialas, 20006). Shape and spectral variables were used to select the IOs in this study
due to their potential in differentiating classes for the common urban trees and other LULC
classes. The feature variables utilized in this study for the OBIA were Shadow Index (SI), NDVI,

length (pixel) and mean (Table 4.3). The incorporation of these feature variables is in line with
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previous work (Salehi ez al., 2012; Mustafa e al., 2015) where they contributed to distinguishing

urban trees resulting in the attainment of high classification accuracies.

4.2.4.3 Object-based shadow index (SI)

The Sl is defined as a function of the total amount of tree crowns, i.e., if there are many trees, then
there is more shadow. Consequently, SI rises as tree cover increases and it has high values in areas
with high tree density and low for areas with bare land, built up and grass (Godinho ez a/., 2016).
It has been observed in previous studies (Mustafa ez a/, 2015; Hartling e# al., 2019) that a major
problem in the classification of urban trees is the existence of shadow and shadow masking can
eliminate spectral confusion. Accordingly, in this study, shadows were removed from the urban

trees using the equation proposed by Mustafa ef a/. (2015) as follows:

SI = 1/(256-Red)(256-NIR1) Equation 4.1

where the Red and NIR1 are band 5 and 7, respectively on WV-2 imagery (Table 4.1). The regions

that were determined as shadows were masked out on the satellite imagery.

The SI was calculated and used after image segmentation and the creation of 1Os for all the trees
and LULC classes. A binary map was created with a value of 0, representing shadow and 1 for

areas without shadow.

4.2.4.4 Normalized Difference Vegetation Index (NDVI)

A threshold value for Normalized Difference Vegetation Index (NDVI) together with brightness
values were used to classify the study area into vegetated and non-vegetated areas. The areas with
vegetated 1Os were identified using the NDVI threshold value (> 0.3). The IOs chosen in this
study were for tree crowns and other LULC classes (bare land, built-up, grassland, other woody
vegetation and road). The vegetated areas (e.g. Ewcalyptus spp. and grassland classes) were
discriminated from non-vegetated areas (bare land, built-up and road classes) using the NDVI

formula (Equation 2) calculated as follows:

NIR1-Red
NIR1+Red

NDVI= Equation 4.2
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where the Red and NIR1 are band 5 and 7, respectively on WV-2 imagery. NDVI is calculated
based on reflectance values for the infrared and red band (Jebur e a/, 2014). High NDVI values
show healthy vegetation and low values designate stressed, diseased or a non-vegetated area (Xiao
and McPherson, 2005). In this study, all the dominant urban trees and LULC classes were

extracted, classified and mapped using SVM and RF classifiers.

The last step was to classify built-up areas and roads using the hierarchical rule-based classifier in
eCognition software. The /ength (Px/) feature variable was utilized to make a distinction between
roads and built-up areas, by comparing the linear shape of roads to the concise building structures.
The length variable was used due to its importance in the classification and mapping of the road
class focussing on the Mean Decrease in Accuracy (MDA) values. The classification and mapping

of the WV-2 image were done using variables illustrated in Table 4.3.

Table 4.3 Variables used in a rule set for all LULC classes in this study.

Variable  Feature name Description
Spectral Mean Average of the intensity of values of all pixels that form an object
SI Shadow Index
NDVI Normalized Difference Vegetation Index
Shape Length (Pixel) Multiplication between the length-to-width ratio and number of

pixels of an 10

4.3 Results

4.3.1 Segmentation results

The MRS algorithm using a scale parameter of 20 yielded 15 457 579 objects. A subsection of WV-
2 imagery and the segmented portion of the Randburg municipal area using a scale parameter of

20 is shown in Figure 4.2.
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Figure 4.2 (a) Subsection of WV-2 true colour image and (b) segmented WV-2 image for the study

area.

4.3.2 Shadow index

The shadow index equation was input into eCognition and yielded areas with shadows, which were
mostly near trees and built-up areas (Figure 4.3). A binary map was produced showing areas with
shadow represented with the value of 0 and non-shadow indicated by 1 (Figure 4.3c). The areas

with shadow were masked out from images for the classification process.
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Figure 4.3 (a) Subsection of WV-2 true colour image; (b) Subsection of WV-2 image with shadow
areas in black; and (c) binary image with the value 0 indicating shadow and 1 (non-

shadow areas) in the study area.

77



4.3.3 Normalized Difference Vegetation Index (NDVI)
The NDVI analysis was processed on the WV-2 image of the study area using eCognition software
(Figure 4.4). Areas in green have tree crowns for the five common urban trees, grassland and other

woody vegetation (Figure 4.4).

Figure 4.4 (a) Subsection of WV-2 true colour image; (b) Subsection of the WV-2 image showing
vegetated image objects in green using the NDVI threshold value (> 0.3) in the study

area.

4.3.4 SVM and optimization
Using the SVM algorithm, the best parameters were selected based on a 10-fold cross-validation
technique. In this study, the SVM algorithm used 495 support vectors, the best C and y RBF kernel

parameters were 1000 and 1, respectively (Figure 4.5).
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Figure 4.5 10—fold cross-validation technique in optimizing SVM RBF kernel parameters (C and
V-

4.3.5 Random forest and optimization

Using a 10-fold cross-validation (CV) method, the best 7y and ntree values were 7 and 500,
respectively (Figure 4.6). The method yielded a minimum OOB error rate of 4.1% and a maximum
of 8.6% with mt#ry and ntree values of 2 and 1500, respectively. The m#ry value of 2 had the highest
OOB error rate values ranging from 8.1% (ntree = 5500) to 8.6% (ntree = 1500) (Figure 4.6). The
mitry value of 7 had the lowest OOB error rate values ranging between 4.1% (ntree = 500) and 4.6%
(ntree = 1500) (Figure 4.6). The mtry values from 5 to 10 had OOB etror rate values between 4.1
and 5.1%, whilst the z#ry values from 2 to 4 had high OOB error rate values between 6.2 and 8.6%

(Figure 4.6).
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Figure 4.6 10—fold cross-validation technique in optimizing RF parameters (#zry and ntree). The

error rate was determined using the OOB sample for all different combinations.

4.3.6 Classification results

The IOs on the WV-2 VHR satellite imagery were classified into ten classes, five for urban trees
and the remaining five as other LULC classes. Segmentation and the extraction of training and
validation samples were done in eCognition Developer 9.3.2 (Copyright © 2018 Trimble Germany
GmbH). The segments, training and validation samples were modified in QGIS software (V. 2.8.3-
Wien). SVM and RF classifiers were used to classify the image in R statistical software (Version

3.5.2). The classification maps from both SVM and RF are shown in Figure 4.7.
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Figure 4.7 Mapping results of urban trees and other LULC classes using a) SVM and b) RF classifiers.
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The classified maps (Figure 4.7) show that most Quercus spp. and Pinus spp. were commonly located
in the south. The Ewcalyptus and Jacaranda spp. were mainly located in the northern and southern
parts of the study area, respectively (Figure 4.7). As shown in Figure 4.7, all the LULC classes
(bare land, built up, grassland, other woody vegetation and road) were spread all over the study

area.

The areal coverage for all the classes using the SVM and RF classifiers showed minor
inconsistencies. Quercus spp. had the highest difference of 0.9% from the image classified by SVM
(6.8%) and RF (7.7%) as shown in Table 4.4. Quercus spp. also had a different value of 0.3%, where
the percentage value for SVM (6.8%) and 7.7% for the RF classifier. Eucalyptus spp., Platanus spp.
and Pinus spp. had differences of 0.2%, 0.7% and 0.3%, respectively, with the SVM having more
area of coverage than the RF classifier (Table 4.4). The less dominant urban trees classes were
Eucalyptus spp., which had a total coverage area of 4.0 ha (SVM) and 3.8 ha (RF) (Table 4.4). Other
LULC classes (bare land, built-up, grassland, other woody vegetation and road) also had minor
differences in the area of coverage using the two classifiers (Table 4.4). The highest difference was
for bare land where SVM had a value of 998.6 ha (5.9%) whereas RF had 1119.4 ba (6.7%). As
shown in table 4.4, the difference in the area of coverage between the two classifiers was 120.8 /a

(0.8%). The lowest difference for the other LULC classes was 0.2% for grassland (Table 4.4).
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Table 4.4 Area of coverage in hectares (ha) and percentage (%) for the two classified maps using
SVM and RF classifiers. The classes are bare land (BL), built-up (BU), Eucalyptus spp.
(EC), Grassland (GL), Jacaranda spp. (JC), Platanus spp. (PL), Quercus spp. (QS), other
woody vegetation (OWYV), Pinus spp. (PN) and Road (RD).

Class RF in hectares Percentage (%) SVM in hectares Percentage (%0)
(ha) (ha)

BL 1119.4 6.7 998.6 5.9
BU 3799.1 22.6 3836.7 22.8
EC 631.8 3.8 672.3 4.0
GL 1884.6 11.2 1919.1 11.4
JC 737.8 4.4 723.7 4.3
PL 1381.0 8.2 1497.3 8.9
QS 1291.5 7.7 1141.3 6.8

owv 2958.9 17.6 2885.8 17.2
PS 11421 6.8 1201.1 7.1
RD 1858.9 11.1 1929.2 11.5

Total 16805.1 100.0 16805.1 100.0

The MDA was used to show the variable importance in the RF classification (Figure 4.8).
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Figure 4.8 MDA for WV-2 bands, NDVI and length (pixels) in the RF model.
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The effectiveness of each variable and WV-2 bands was further evaluated in mapping common
urban trees and the LULC classes in this study using the MDA (Figure 4.9). The most effective
variables in the classification and mapping of the five urban trees were the NDVI, red, NIR1 and
NIR2 bands, as shown by high MDA values (Figure 4.9). The NDVI variable was vital in
classifying all the classes in this study as it could differentiate vegetated areas from non-vegetated
areas. The red band was the most important of all the eight WV-2 bands in the classification of
bare land and road classes (Figure 4.9). The NIR1 band was important in the classification of the

Eucalyptus, Jacaranda, Oak and Pinus spp. classes (Figure 4.9).
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Figure 4.9 MDA for the LULC classes and variables used in the study.

4.3.7 Accuracy assessment

The overall accuracy results and the kappa values for all the urban trees and LULC classes were
calculated. As shown in Table 4.5, the RF classifier outperformed SVM in mapping urban trees
and other LULC classes, with 91.9% overall accuracy as compared to 87.3% for SVM. The kappa
value for RF (0.91) was also higher than the one for SVM (0.85).

Confusion matrices for both the classifiers showing the user’s and producer’s accuracies for all the
classes are shown in Table 4.5. Differences in both the producer’s and uset’s accuracies for urban
trees (Encalyptus spp., Jacaranda spp., Pinus spp., Platanus spp. and Quercus spp.) were observed for
both classifiers. The SVM classifier had uset’s accuracies ranging from 64% (Quercus spp.) to 91%
(Platanus spp.) for the urban trees (Table 4.5a). The SVM classifier had producet’s accuracies
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ranging from 64% (Quercus spp.) to 100% (Platanus spp.) for the urban trees (Table 4.5a). The user’s
accuracy for the other LULC classes (built up, bare land, road, grassland and other woody
vegetation) ranged from 86% to 100% for the SVM classifier (Table 4.5a). The producer’s accuracy
for other LULC classes ranged from 75% (bare land) to 100% (road) for the SVM classifier (Table
4.5a).

The RF classifier produced the user’s and producer’s accuracy values which were higher than the
ones for the SVM classifier. The user’s accuracies for the five urban trees ranged from 81% for
both Eucalyptus and Pinus spp. to 100% (Quercus spp.) for the RF classifier (Table 4.5b). The
producer’s accuracies for the urban trees ranged from 71% (Pinus spp.) to 100% for the Platanus
spp., Quercus spp. and Jacaranda spp. for the RF classifier (Table 4.5b). The other LULC classes had
user’s accuracy ranging from 87% (bare land) to 100% for both grassland and road classes, using
the RF classifier (Table 4.5b). The producet’s accuracy values for other LULC classes ranged from
85% (other woody vegetation) to 100% (road) for the RF classifier (Table 4.5b).
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Table 4.5 Confusion matrices for ) SVM and b) RF classifiers. The classes are bare land (BL),
built-up (BU), Eucahptus spp. (EC), Grassland (GL), Jacaranda spp. (JC), Platanus spp.
(PL), Quercus spp. (QS), other woody vegetation (OWYV), Pinus spp. (PN) and Road
(RD). The overall accuracy (OA), user’s accuracy (UA), producer’s accuracy (PA) and
the kappa value were computed on the test dataset using the ‘rasclass’ package in R

(Version 3.5.2).

a) Confusion Matrix for SVM

OA = 87.3% Kappa value = 0.85 Total UA (%)
BL 27 3 0 0 0 0 0 0 0 0 30 9
BU 9 8 0 1 0 0 0 0 0 0 91 8
EC o 0 2 o0 0 0 0 2 8 0 39 74
GL. 0 0 0 6 0 0 0 1 0 0 6 98
jC o 0 0 1 2 0 0 4 0 0 30 83
, PL o 0 0 0 0 2 0 2 0 0 2 9
S Qs o 0 0 0 0 0 9 4 1 0 14 o4
owv o 0 1 0 2 0 2 60 5 0 70 86
PS o o0 1t 0 0 0 3 2 270 33 8
RD 0O 0O 0O 0O 0 0 0 0 0 17 17 100
Tol 36 84 31 64 27 20 14 75 41 17 409
PA(%) 75 96 94 97 93 100 64 80 66 100
b) Confusion Matrix for RF
OA = 91.9% Kappa value = 0.91
BL 3 5 0 0 0 0 0 0 0 0 39 8
BU 2 79 0 0 0 0 0 0 0 0 8 98
EC 0O 0 3 0 0 0 0 0 7 0 37 8l
GL o 0 0 6 0 0 0 0 0 0 62 100
JC o 0 0 0 27 0 0 2 0 0 29 93
PL o 0 0 1 0 20 0 3 0 0 24 8
Z Qs o 0 0 0 0 0 14 0 0 0 14 100
S ow 0o 0 0 1 0 0 0 6 5 0 7 o
PS o 0 1 0 0 0 0 6 29 0 3 8l
RD o 0 0 0 0 0 0 0 0 17 17 100
Total 36 84 31 64 27 20 14 75 41 17 409
PA(%) 94 94 97 97 100 100 100 85 71 100

=
&

BU EC GL ]C PL QS OWV PN RD
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4.4 Discussion

The study assessed the capability of OBIA in classifying and mapping common urban trees and
other LULC classes using SVM and RF classifiers on VHR WV-2 satellite imagery. The classified
maps for both SVM (Fig. 7a) and RF (Fig. 7b) classifiers show a reasonably correct depiction of
the LULC classes, which include the five common urban trees. The ability and performance of the
two classifiers (SVM and RF) were investigated in the object-based mapping of common urban

trees and other LULC classes using VHR WV-2 multispectral image.

The size and density of the sample objects were considered in this study. With the segmentation
parameter of 20, the size of the IOs was small to reduce the spectral variability on the common
urban trees and other LULC classes. In this study, the total number of IOs (7 = 1364) were spread
across the whole study area. The study obtained high accuracies due to various factors which
include the size and density of the 1Os. This is in line with previous studies (Wang ez a/., 2004; Yu
et al., 2008) which state that objects of smaller size in the segmentation and higher density of 10s

across the study area results in higher accuracies in vegetation mapping.

The results show that the use of NDVI, SI and the length (pixe/) variables obtained from the WV-
2 imagery can produce high classification accuracies, which is consistent with previous studies
(Mustafa ez al., 2015; Yan et al., 2018). In this study, NDVI was valuable in the classification of
common urban trees and other LULC classes, followed by the NIR bands (band 7 and 8) as shown
in Fig. 9. This finding is consistent with previous studies (Mustafa ef a/., 2015; Qin et al., 2016;
Vidhya ez al., 2017) which used NDVI to distinguish vegetated from non-vegetated areas. The SI
used in this study also increased the accuracies of both the SVM and RF classifiers as the shadow
of the trees and buildings was masked out before classification. Removal of shadow from trees
before classification removed the confusing spectral problem between spectra of tree leaves and
shadows (Mustafa ez al., 2015). The use of the /lngth (px/) variable was useful in distinguishing roads
from other LULC classes such as built-up and bare land, which were spectrally similar. These
findings are in agreement with Shackelford and Davis (2003) who found that the incorporation of
object features such as length and texture measures have a positive impact in discriminating the
often spectrally similar building and road classes. The use of NDVI and SI were useful in providing
information on the spatial distribution of trees, useful in providing urban tree inventory data. This
finding corresponds to Jovanovi¢ and Milanovi¢ (2017) who evaluated the use of NDVI in the

management of local forests in the municipality of Topola, Serbia.
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In addition to WV-2 imagery’s high spatial resolution, the additional bands were useful in
facilitating urban trees. Some of the additional bands such as NIR2 and the red edge on WV-2
satellite imagery played an important role in mapping common urban trees (Excalyptus, Jacaranda,
Pinus, Platanus and Quercus spp.). The NIR1, NIR2, red and red-edge bands played an important
role in classifying urban trees and other LULC classes (such as grassland and other woody
vegetation) as shown by high MDA values (Fig. 9). These results are consistent with Jombo ez a/.
(2020) who highlighted the importance of the subdivided NIR bands (NIR1 and NIR2) and the
red edge band on WV-2 imagery in classifying urban trees in the Randburg municipal area,
Johannesburg. Spectrally similar classes like trees and other woody vegetation, bare land and
impervious surfaces can be better distinguished if the additional bands of the WV2 image are used

throughout the OBIA process (Zhou e7 al., 2012).

The use of VHR WV-2 imagery in this study produced high overall classification accuracies. With
the advantages of high accuracy results and high spatial resolution, remote sensing technology can
be utilized to effectively obtain and show the urban trees spatial distribution and evaluate the
ecosystem services of various trees (Chen ez a/., 2018). In a previous study by Jombo e /. (2020),
overall accuracies of 81.2% using SVM classifier and 84.2% (RF classifier) were produced for
mapping the same urban trees and the LULC classes used in this study. This study produced overall
accuracies of 87.3% for the SVM and 91.9% for the RF classifier using OBIA, showing an
improvement from the previous study which used pixel-based classification methods. The
improvement of the overall accuracy values was due to the use of spatial information which
includes shape, directional pattern, area and location of the IOs used in OBIA (Agarwal e al,
2013). In agreement with other studies (Le Louarn ez al., 2017; Pu et al., 2018), the RF outperformed
the SVM classifier by over 4.6%. The high accuracy value for RF in comparison to SVM in this
study could be due to the ability of the classifier to handle a high number of training samples. The
SVM classifier is known to have low accuracy results as compared to RF if used in an area that
requires a high number of training samples, such as a heterogeneous urban environment

(Campomanes ez al., 2016).

The accuracy results for both RF and SVM were high, which can be attributed to their strengths
as non-parametric machine learning classifiers effective in handling any numerical data without
assuming the distribution of the data (Pu ef a/, 2018). The RF classifier performed better than
SVM classifier due to its ability to successfully select and rank variables that have supreme

efficiency in discriminating between the classes (Belgiu and Dragut, 2016). The RF achieved higher
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user’s and producer’s accuracy values than SVM (Tables 4.5a and 4.5b) due to its robustness to
outliers and noise which results from its distribution and casting of a unit vote for the most
prominent class input (Breiman, 2001). The misclassifications for the five common urban trees
using both RF and SVM classifiers (Tables 4.5a and 4.5b) could be attributed to errors in ground
reference data and congregation of neighbouring tree crowns during the segmentation process
because of their crown size (e Louarn ez al, 2017). The misclassifications resulted in variations in

the area of coverage for the tree species classified by both the RF and SVM classifiers (Table 4.4).

Results from this study show that RF and SVM classifiers can insight into the spatial distribution
of common urban trees and other LULC’s valuable in the management of urban trees, urban forest
or urban greenspace (Roy ez a/, 2012). This study provides a basis for the incorporation of satellite
imagery and baseline data for sustainable urban tree management programmes (Schiffler and
Swilling, 2013). The findings from this study could be useful for identifying potential planting
spaces, informing policymakers on the increase and maintenance of existing canopy cover and
quantifying urban forest ecosystem services such as carbon storage and sequestration (Roy e al.,
2012). Moreover, this study could be valuable in determining costs and expenditures related to
planting, establishment, maintenance and management of urban trees (Roy e 4/, 2012). According
to Schiffler and Swilling (2013), proper management of ecological assets such as urban trees can

boost ecosystem provision, economic attractiveness and create employment.

When using VHR imagery, the OBIA effectively deals with challenges encountered using pixel-
based approaches which include the presence of shadows near features (Jombo ez a/., 2020), mixed
pixels or high spectral variability existing within tree classes (Myint ez a/, 2011; Alonzo ez al., 2014).
The aforementioned challenges encountered in previous studies were overcome by the object-
based approach used in this study. In this study, the OBIA approach produced good accuracy
results as it categorized the pixels into objects, which reduced the variance within the same LULC
type by averaging pixels within IOs. The use of an object-based approach with shape/geometric
and contextual information that is calculated from every single IO assists in urban LULC
classification, especially using high spatial resolution imagery (Pu ef a/., 2011). Moreover, as objects
were used in this study, expert knowledge about the study area and additional spatial relations such
as the nearest neighbour technique in the classification procedure was useful in discriminating the

different urban trees and other LULC classes.
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4.5 Conclusions

This study has shown the capability of OBIA in the classification and mapping of urban trees using
VHR WV-2 multispectral data. Classification using SVM and RF classifiers enabled accurate
discrimination of urban trees and other LULC classes as both obtained high overall accuracies.
The RF classifier with an overall accuracy of 91.9% performed better than SVM (87.3%) in
classification and mapping urban trees and other LULC classes. This study is of great importance
to urban managers and other stakeholders on the use of OBIA in the mapping of urban trees. This
study provided information on the spatial distribution of the common urban trees, useful in
managing urban landscapes. A single WV-2 image was used in this study to classify urban trees
and other LULC classes due to the availability of data in the vegetation growing season. It is thus
recommended that future research compares WV-2 with other satellite images such as WorldView-
3/4, Sentinel-2 and Landsat 8 acquired on the same date in the classification of urban trees and
other LULC classes in the study area. Future studies can map urban trees using OBIA of high-
resolution multispectral data and LiDAR, which incorporates tree height and measurement of

crown spread in the analysis which can increase the accuracy levels obtained in this study.
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Chapter Five

Urban tree classification using point cloud LiDAR data and WorldView-2 satellite

imagery in a heterogeneous environment

This chapter is based on Jombo, S., E. Adam and Tesfamichael, S. Urban tree classification using
point cloud LIDAR data and WorldView-2 satellite imagery in a heterogeneous environment.

International Society for Photogrammetry and Remote Sensing. (Under review).
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Abstract

Feature complexity and heterogeneity of land use and land cover (LULC) in urban areas pose a
challenge for tree species classification. Recent developments in very high spatial resolution
(VHSR) satellite imagery, Light Detection and Ranging (LiIDAR) point-cloud data and vegetation
indices combined with machine learning classifiers provide an opportunity for improved urban
tree and LULC classification efforts. The classification of tree species in a complex urban
environment is a challenge using optical data alone as they can be confused with man-made
structures. The inclusion of structural data such as IiDAR assists in the classification and mapping
of tree species producing high accuracies. The first objective of this study was to examine the
effectiveness of the fused dataset (VHSR WV-2 bands, vegetation indices and normalised digital
surface model (nDSM)) in mapping common urban trees and other LULC classes in the City of
Johannesburg, South Africa. The second objective was to rank the importance of WV-2 bands,
vegetation indices and nDSM in the classification of common urban trees and LULC classes in the
study area. The results indicate that the fused dataset was effective in mapping common urban
trees and LULC classes in the study area. This was shown by high classification accuracies of 97%
for the Random Forest (RF) and 94% for Support Vector Machines (SVM) classifiers. The nDSM,
near-infrared 1 (NIR1), NIR2 were the top-ranked variables in the classification of common urban
trees and LULC classes with high Mean Decrease in Accuracy (MDA) and Mean Decrease in Gini
(MDG) values. The nDSM had high scores of 0.98 for MDA and 0.61 (MDG), whereas the Green
Normalized Difference Vegetation Index (GNDVI) had low MDA and MDG values of 0.18 and
0.01, respectively. Overall, this study's results indicate that data fusion of WV-2 bands, vegetation
indices, and nDSM is applicable in mapping urban trees and LULC classes in a heterogeneous
environment. This research provides information to municipalities on the methods and data that

can be used for sustainable urban tree management in urban areas.
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5.1 Introduction

Urban tree management is important to enhance the benefits provided by the ecosystem services,
which improve the environment for the urbanites (Pu and Landry, 2020). These benefits include
surface and air temperature reduction (Alonzo e al., 2014), maintain environmental health, prevent
soil erosion (Shojanoori ez al., 2016), energy conservation (Azeez ez al., 2019) and increase property
values (Hartling ¢# a/., 2019). The diversity of urban trees is a vital parameter in the characterization
of urban ecosystems, which is crucial for sustainable urban planning (Hartling ef a/, 2019).
Accordingly, well-detailed urban trees maps are vital to understand the distribution and extend of

tree species which assists municipalities and policymakers in sustainable urban development

(Jombo et al., 2020).

Compared to traditional approaches such as field surveys and manual interpretation of aerial maps
which is labour intensive, time-consuming and costly, remote sensing technologies such as very
high-resolution imagery, can provide a quick, easy, repeatable and convenient alternative to obtain
urban tree canopy and species information (Pu and Landry, 2020; Jombo ez a/., 2020). Initially, tree
species mapping was limited to vegetation cover at a large scale using low spatial resolution imagery
such as Moderate-Resolution Imaging Spectroradiometer (MODIS), Satellite pour ’Observation
de la Terre (SPOT) and Landsat (Hartling e a/., 2019). However, mapping urban tree species in a
heterogeneous urban environment is challenging when using low spatial resolution imagery due to
the complexity of features, species diversity and spatial variations (Alonzo ez al, 2014). The low
spatial resolution images are not suitable for urban tree classification because of their ground
instantaneous field of view, e.g. 30m for Landsat, which is larger than the characteristic scale of

spatial variation in urban areas, which is approximately 5 to 10m (Alonzo et al., 2016).

Recent developments in remote sensing techniques and the advent of very high spatial resolution
(VHSR) satellite imagery such as GeoEye, Quickbird and WorldView (WV) have improved the
classification of trees in heterogeneous urban environments (Pu and Landry, 2012; Li ez al., 2015;
Hartling ef a/., 2019). While sensors such as GeoEye and Quickbird provide imagery with a spatial
resolution of < 2.5m, their spatial and spectral range does not allow for accurate discrimination of
the structural variation among tree species (Clark e# a/., 2005). Compared to the traditional four
bands of GeoEye and Quickbird, the DigitalGlobe’s WorldView-2 (WV-2) satellite launched in
2009 has four additional bands (red-edge, coastal, yellow, near-infrared 2), which proved to be
capable of discriminating tree species in previous studies (Li ¢# a/., 2015; Alonso-Benito ez al., 2016;

Karlson ez al., 2016). However, the classification of urban trees using VHSR imagery such as WV-
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2 in a heterogeneous area is still sub-optimal due to various factors such as shadow effects, crown
brightness and background noise which pose challenges to extruding valuable information on
urban trees (Liu ez al., 2017). This suggests that non-spectral data may be required to assist in the

discrimination and classification of tree species to get high accuracies.

The integration of Light Detection and Ranging (LiIDAR) and optical data can improve
classification accuracies in urban tree species mapping (Hartling ez a/., 2019). This is attributed to
the integration of textural and spatial information obtained from optical and LiIDAR data,
respectively (Pu and Landry, 2020). In general, ILiDAR sensors scan objects on the ground by
emitting high-density pulses and record the backscattered or reflected light (Wehr and Lohr, 1999).
The distance to the object is measured by recording the time between emitted and backscattered
pulses and using the speed of light to convert the time to distance (Heritage and Large, 2009).
Each pulse contains x; y and g records which represent highly accurate 3-dimensional (3D) position
of ground or non-ground features (Hyyppa, 2000). This enables the sensors to capture
fundamental structural attributes of tree species such as height, crown depth, and other

vegetation's biophysical characteristics (Zhang e7 al., 2015).

Previous studies have used LIDAR data to map fuel types (e.g. Alonso-Benito e# al, 2016),
extraction of buildings and trees (e.g. Demir ¢ a/., 2008), individual tree segmentation (e.g. Li ¢f al.,
2012; Zhang et al., 2015), mapping forest structural types (e.g. Ruiz e 4/, 2016) and urban tree
classification (e.g. Alonzo et al., 2014; Alonzo et al., 2016; Azeez et al., 2019; Hartling ef al., 2019).
The focus on the classification of trees has been on environments with homogeneous species
composition, and there is still a growing interest in tree classification in heterogeneous urban
environments. Moreover, previous studies have been conducted in America, Europe, and Asian
countries, and a few have been carried out in Africa (Kaszta ez /., 2016). This is because the
availability of LiDAR infrastructure in Africa is still limited (Kaszta e a/, 2016). Therefore, it is
vital to map trees in a heterogeneous urban landscape in Africa using LiIDAR and optical remote
sensing data to provide timely and useful information for sustainable urban forest management

and urban planning.

Several studies (e.g., Cho ef al., 2012; Colgan ef al., 2012; Naidoo e# al., 2012) have classified tree
species using integrated optical and LiDAR data. For example, Cho ¢ a/. (2012) used WV-2,
Quickbird, LiDAR and hyperspectral datasets to map common savanna tree species in the Kruger

National Park, South Africa. The study produced an overall accuracy of 79% using the maximum

94



likelihood classifier. Colgan ez /. (2012) mapped savanna tree species using the Support Vector
Machines (SVM) classifier and bidirectional reflectance distribution (BRDF) correction on LIDAR
and hyperspectral data in the Kruger National Park. The study produced an overall prediction
accuracy of 76%. Naidoo ez al. (2012) classified savanna tree species by integrating LiIDAR,
hyperspectral data, and vegetation indices in the Kruger National Park. The study produced an
overall accuracy of 87.68% using the Random Forest (RF) classifier and highlighted the importance
of vegetation indices in the classification of trees. However, other studies (Wu 7 a/, 2018; Pu and
Landry, 2020) found that the addition of LiDAR data might not be that helpful in the classification
of tree species or can improve the classification accuracies only slightly. It is not clear whether
these varying accuracies were due to similar tree height, crowns, shape, or low LIDAR point cloud
density. Thus, it is necessary to carry out studies that classify and map trees in a heterogeneous
environment by integrating high-density LiIDAR and optical data to assess the additional ability of

the LIDAR sensor in improving urban tree classification.

The classification of urban trees faces several challenges, including the complexity of the
environment, the spatial heterogeneity of tree species, and differences in the shape and structure
of trees (Zhang ¢t al., 2015). Urban areas consist of various land use and land cover (LULC) classes
which include built-up, roads, trees, bare soil and water bodies, which makes the filtering process
(distinguish ground and non-ground points) of LiIDAR data more difficult (Yan ez /., 2015). Unlike
trees in forest plantations, which in most cases have the same canopy characteristics, the spatial
heterogeneity of urban trees is a challenge due to their differences in treetops, crown widths and
height (Zhang ez al., 2015). Urban trees' classification also faces challenges because the vegetation
in these environments co-exists with different man-made land cover types (Alonzo ef al., 2014).
These challenges have made the establishment and updating of urban tree inventories much more

difficult for proper planning and sustainable urban tree management (Pu and Landry, 2012).

The City of Johannesburg (Co]J) is complex and consists of, amongst others, tall buildings, roads,
water bodies, grasslands and is considered one of the largest man-made urban forests in the world
(Schiffler and Swilling, 2013; Jombo ef al., 2020). The classification of urban trees in the city using
optical remote sensing data alone is a problem, as they can be confused with man-made structures
(Jombo et al., 2020). To overcome this problem, the fusion of LIDAR data and VHSR imagery can
produce high accuracies in the classification of urban trees and LULC classes. It is against this
background that this study assessed the ability of fused data (WV-2 bands, vegetation indices and

normalised digital surface model (nDSM)) in mapping trees species and other LULC classes in a
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heterogeneous urban environment. The specific objectives of this study were to (1) examine the
effectiveness of the fused dataset in mapping common urban trees and LULC classes in Randburg
municipality, Johannesburg, and (2) rank the importance of WV-2 bands, vegetation indices and
nDSM in the classification of common urban trees and LULC classes in the study area. This
research seeks to provide information that can be used to promote sustainable urban tree

management.

5.2 Methods

5.2.1 Study area

Randburg municipal area is in the CoJ, Gauteng province, South Africa (Figure 5.1). The study
area covers 167.9km” and has a warm climate consisting of high temperatures and rainfall in
summer and low temperatures in winter (Goldreich, 1992). The mean monthly temperature ranges
from 17°C in July to 25°C in January, and average monthly rainfall values range from 6mm in July
to 107mm in January (City of Johannesburg, 2009). The annual rainfall varies between 700 and
720mm (Knight, 2018). The study area lies at an altitude above 1700m and has hard and resistant
quartzite rocks (Knight, 2018). These rocks weather over time to produce thin soils with high

biodiversity, especially vegetation species (Knight, 2018).
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Figure 5.1 The map shows a) South African provinces and b) ESRI’s basemap showing Randburg

municipal area.

The CoJ, which includes the study area, is reported to be amongst the most street-lined cities
globally and comprises a human-made tropical forest (Johannesburg City Parks and Zoo, 2021).
The area is in the grassland biome dominated by a single stratum of vegetation and herbaceous
plants with short stems and perennating organs near the ground (Rutherford and Westfall, 1994).
Large tracts of land have been transformed from grassland to urban woodland due to urbanisation
which led to the planting of invasive tree species (Symes ef al., 2017). The most common alien trees
growing in the study area include jacaranda, oaks, gum, pine and London plane (Turton e a/., 2000;
Schiffler and Swilling, 2013; Mudede ez a/, 2020). The study area is heterogeneous, with different
LULC classes, including water bodies, trees, roads, grasslands, bare land, residential and industrial

buildings (Symes ez a/., 2017; Knight, 2018; Jombo ez al., 2021).

5.2.2 LiDAR data
LiDAR data for the present study was obtained from the municipality of Johannesburg’s

Corporate Geo-Informatics, Development Planning and Urban Management (DP&UM). The
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survey was carried out by the LiIDAR department of the African Consulting Surveyors

(www.africansurvevors.com) between 7 and 9 August 2019 using a Cesna 210 (ZS-MBU) aircraft

with an average point density of 3-4 points per m” The characteristics of the LIDAR survey ate
shown in Table 5.1. The time of the survey was regarded to be corresponding to the field data
collection, aerial photograph and the WV-2 imagery used in this study. The time difference
between the data collection times used in this study was < 4 months. A total of 228 blocks,
measuring 1000m x 1000m per block in size, covered the study area. The data were collected in
the Hartebeesthoek WG29 coordinate system. The LIDAR point clouds were grouped into the

ground and non-ground points by the data provider.

Table 5.1 Summary of flight and sensor characteristics of the LIDAR survey used in this study.

Parameter Value

Average flying height 2200m (above mean sea level) and 500m (above ground level)
Sensor Reigl Litemapper 5600
Flight side overlap 35%

Wavelength 1064nm

Pulse rate 66KHz

Scan angle 60°

Scan width 577m

Beam divergence 0.5mrad

Vertical accuracy +/-20mm

Horizontal accuracy +/-20mm

A Digital Terrain Model (DTM) with a spatial resolution of 2m was derived using the ground
points to match the spatial resolution of the WV-2 image used in this study. The DTM was
produced using the Inverse Distance Weighting IDW) method as described in Xiaoye (2008). The
IDW method was considered to be an appropriate method due to the high density of the point
clouds used in this study (Xiaoye, 2008; Azeez e/ al., 2019). The resultant DTM had a maximum
elevation value of 1805m and a minimum of 1305m (Figure 5.2a). A nDSM was generated by
subtracting the DTM from the Digital Surface Model (DSM) with maximum and minimum values
of the nDSM being 0 and 555m, respectively (Figure 5.2b). This layer showed the top of reflective

surfaces such as tree canopy and building tops.

98


http://www.africansurveyors.com/

Hillshade view of DTM
Value (m)
wor High : 1805

Hillshade view of nDSM
Value (m)

— Low: 0

S Low 11350

0 2,500 5,000 Meters
| GRS P

Figure 5.2 a) Hillshade view of Digital Terrain Model (DTM) and b) Normalised Digital Surface
Model (nDSM) for the study area.

5.2.3 Multispectral data

Cloud-free WV-2 satellite imagery created from 36 scenes was used in the present study. The
municipality of Johannesburg’s Corporate Geo-Informatics, Development Planning and Urban
Management (DP&UM) unit provided the WV-2 satellite imagery acquired on 10 November
2019. The geometric and radiometric anomalies were already corrected on the WV-2 scenes, and
they were projected to Hartebeesthoek WG29 coordinate system to match with the LiDAR data
used in this study. The WV-2 satellite imagery has a spatial resolution of 2m, with eight
multispectral bands, including the traditional four bands, namely: blue (450 to 510nm), green (510
to 580nm), yellow (585 to 625nm) and red (630 to 690nm). The imagery has four additional bands:
coastal (400 to 450nm), red edge (705 to 745nm), near-infrared 1 (NIR1) (770 to 895nm) and
NIR2 (860 to 1040nm). The imagery was orthorectified using the Digital Elevation Model (DEM)
derived from the ground LiDAR point clouds, with a 2m spatial resolution. The orthorectification
of the imagery had a Root Mean Square Error of less than one pixel. The pre-processing was done

using ArcGIS (ESRI ® ArcGIS Desktop: Release 10.6.1, Redlands, California, USA).
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5.2.4 Vegetation indices

In this study, a total of seven vegetation indices were calculated using six WV-2 multispectral
bands (Table 5.2). Previous studies (Mustafa ez a/, 2015; Shojanooti ez al., 2016; Jombo ez al., 2021)
found that vegetation indices are important in the classification of urban trees and LULC classes
using WV-2 imagery. Vegetation indices using the visible and the NIR bands improve the
sensitivity of the detection of green vegetation, which results in high classification accuracies (Xue
and Su, 2017). Vegetation indices such as NDVI have successfully been used in previous studies
to distinguish urban trees from non-vegetated features and produced high classification accuracies
(Mustafa ez al., 2015; Li et al., 2015; Shojanoorti ez al., 2016; Jombo et al., 2021). The vegetation
indices used in this study have successfully classified vegetation species in previous studies shown

in Table 5.2.
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Table 5.2 Vegetation indices used in this study.

Index name Abbreviation Bands Formula Application
examples

Normalized NDVI NIR1, red NIR1 — red (Demir ¢t al., 2008;

Difference NIR1 + red Omer et al., 2016;

Vegetation Fang et al., 2018)

Index

Normalized NDVI2 NIR2, red NIRZ — red (Hartling ez al.,

Difference NIR2 + red 2019; Varin ez al,,

Vegetation 2020)

Index—NDVI2

Normalized NDVI-GR NIR1, green, red NIR1 — (green + red) (Gitelson ez al,

Difference NIR1 + (green + red) 1996; Hartling e al.,

Vegetation 2019)

Index—

Green/Red

Ratio

Normalized NDVI-Y NIRT1, yellow NIR1 — yellow (Waser ez al., 2014;

Difference NIR1 + yellow Hartling e al., 2019)

Vegetation

Index—Yellow

Normalized NDRE NIR1, red edge ~ NIR1 —red edge (Wezyk et al., 2019)

Difference Red NIR1 + red edge

Edge Index

Notrmalized NDRE2 NIR2, red edge ~ NIRZ —red edge (Hartling ez al.,

Difference Red NIR2 + red edge 2019)

Edge Index 2

Green GNDVI NIR1, green NIR1 — green (Omer et al., 20106;

Normalized NIR1 + green Wezyk ez al., 2019)

Difference

Vegetation

Index

5.2.5 Reference data

Fieldwork was conducted in September 2019, and coordinates for common urban trees were
uploaded into a handheld Global Positioning System (GPS) Garmin eTrex 20 X (GPS; Garmin
International Inc., Kansas, USA). A stratified purposeful sampling method was used to identify
the common urban trees in the study area due to its ability to capture different tree types rather
than identifying tree species in the same class (Patton, 2002). The study area was partitioned into
four equal sections, each measuring roughly 42km” In each section, the samples for the common
urban trees were selected using the zigzag sampling technique (Paulo e a/., 2005; Almeida and

Tomé, 2009). This technique involves inserting points along a zigzag transect inside the zone
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segments, and the trees closest to the points are chosen for analysis (Paulo ef a/, 2005). The
sampling method was used mostly on the streets where urban tree species coordinates were
delineated on the WV-2 satellite imagery. A total of 472 samples were used to classify the five
common urban trees, which are Oak (Quercus spp.), Pine (Pinus spp.), London plane (Platanus spp.),
Jacaranda (Jacaranda spp.) and Gum (Ewucabjptus spp.) as shown in Table 5.2. The samples for the
classes were georeferenced using a high resolution (0.5m) aerial photograph acquired on 6
November 2019. A total of 1540 samples for the common urban trees and the LULC classes were
used in this study. These samples were randomly split into 70% training (» = 1078) and 30% test
(n = 462) as shown in Table 5.3.

Table 5.3 Total number of training and test datasets for common trees and land use and land

cover (LULC) classes used in this study.

Category Common name  Latin name Code  Training Test Total
dataset  dataset number
of
samples
Common trees ~ Gum Eucahptus spp.  ES 72 31 103
Jacaranda Jacaranda spp. JS 63 27 90
London plane Platanus spp. PL 49 21 70
Oak Quercus spp. QS 46 20 66
Pine Pinus spp. PN 100 43 143
LULC Bare soil - BS 75 32 107
Grassland - GL 147 63 210
Other vegetation - ()Y 166 71 237
Road - RD 112 48 160
Utban built-up - UB 152 65 217
Waterbody - WB 96 41 137
Total 1078 462 1540

5.2.6 Image data fusion and classification

Following data attainment and pre-processing, the nDSM was fused with the WV-2 imagery and
vegetation indices images using ENVI (5.4) software suite (Harris Geospatial Solutions,
Broomfield, CO, USA). The Image Stack (IS) fusion was used to integrate the bands from the
WV-2 imagery, seven vegetation indices and nDSM into a single file. The IS fusion combines

separate referenced image bands into a single image file (Milewski e a/, 2009). The IS fusion has

102



successfully been used to integrate optical multispectral bands, vegetation indices and nDSM to

classify urban trees at high accuracy (Forzieri et al., 2010; Luo ef al., 2015; Hartling ez al., 2019).

5.2.7 Image segmentation

Prior to the object-based classification, image segmentation was done to produce image objects
(IOs) that were used to classify common urban trees and LULC classes in this study. The multi-
resolution segmentation (MRS) algorithm, a bottom-up region merging process, was used to
segment the fused dataset. The eight multispectral bands of WV-2 were given a band weight
coefficient of 1, and the nDSM was assigned a weight coefficient of 2. Previous studies indicated
that assigning a higher band weight coefficient for the nDSM at the segmentation stage effectively
extracts more meaningful objects, such as tree species and built-up features (Pu and Landry, 2012;
Pu and Landry, 2020). The band weight coefficients used in this study were derived from previous
studies which used similar classes and VHSR data in heterogeneous urban environments (Pu and
Landry, 2012, 2020; Jombo ez al., 2021). The colour criterion was assigned a weight of 0.8, and the
shape feature variable was allocated the remaining value of 0.2. Previous studies (e.g. Pu and
Landry, 2020; Jombo e# a/., 2021) indicated that desired results are produced in the classification
of urban trees and LULC classes when the shape feature variable is given less weight than the
colour criterion. The scale factor is one of the vital MRS algorithm parameters, and its value
controls the relative sizes of the IOs, which impacts the classification accuracy (Benz ez al., 2004).
A scale factor controls the internal heterogeneity of the IOs and is consequently correlated with
their average size, 273, a large scale factor value enables high internal heterogeneity while increasing
the number of pixels per IO (Benz ef al, 2004). Seven different scale settings (10, 15, 20, 25, 30,
35, 40, 45 and 50) were tested in this study, and the final segmentation scale factor was chosen
based on assessing the shape of the IOs. The degree to which the resulting IOs match most
individual tree crowns' feature boundaries was visually compared and these I0s were used in the

object-based classification analysis.

5.2.8 Feature selection

In selecting segments used for the classification of common urban trees and LULC classes, shape
and spectral information were used. The determination of the features to use in object-based
classification is a challenge because it is time-consuming to select the perfect features to use from
the hundreds or thousands of spectral, textural, contextual and geometrical feature variables
available in the Definiens eCognition Developer software (Zhou et al., 2012). To reduce the

aforementioned challenge, the Feature Space Optimization (FSO) tool was used to identify the
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optimal feature variables to use in the classification of the common urban trees and LULC classes.
The FSO helps distinguish classes using the nearest neighbour method on the selected features
(Zhou et al., 2012). The shape and spectral variables used in selecting 1Os include the spectral,
geometry and textural variables. The mean and brightness values for the 8 multispectral bands of
WV-2 imagery were used to select IOs. The use of shape and spectral information in selecting
IOs has produced satisfactory results in previous studies (Mustafa ez a/, 2015; Fang ef al., 2018;
Hartling ez al., 2019).

5.2.9 Classification methods

The classification of common urban trees and LULC classes on the 1Os derived from the fused
dataset was done using eCognition Developer (Version 9.3.1, Definiens AG, Munich, Germany)
software. Two machine learning classifiers were applied to the IOs to classify common urban trees
and LULC classes; these are RF and SVM. The two classifiers were used due to their powerful

performance in urban trees classification (Le Louarn ez 4/, 2017; Pu ez al., 2018; Jombo ez al., 2020).

5.2.9.1 Random Forest classifier

The RF developed by Breiman (2001) is a powerful machine learning algorithm built on the
classification and regression trees (CART). The trees are made from the training samples by
drawing out a subset through a bagging approach. The algorithm is governed by three parameters

which are mtry, nodesize and ntree. The mtry is the number of the sampled variables that range from

1 to # (total number of variables). In classification, the default ##y is m , which plays a role in
reducing the calculation time required to run the model (Breiman, 2001; Collins e a/, 2018). The
nodesize is the minimal size of terminal seeds that have to be split, and the ##ree is the number of
trees chosen in the RF ensemble (Breiman, 2001). In the RF classifier, the binary classification
ntrees are built with replacement drawn from the training samples. These n#rees contribute a unit
vote, and the correct classification from all the trees is determined by the majority votes (Breiman,
2001). The samples that are not in the bootstrap sample are used for validating the tree
performance and are known as the out-of-bag (OOB) data. The RF classifier uses the input
variables' explanatory power, known as variable importance (VI). The VI has two metrics, namely,
the Mean Decrease in Accuracy (MDA) and a Mean Decrease in Gini (MDG) (Breiman, 2001).
The most important variables are the ones with high MDA and MDG values. The 10-fold cross-
validation method was used to find the optimum ##ree and mtry parameters. In this study, the zry
value of 6, ntree value of 2500 and node size of 5 were used. The classification was done using

eCognition Developer (Version 9.3.1, Definiens AG, Munich, Germany) software.
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5.2.9.2 Support Vector Machines

The Support Vector Machines (SVM) classifier is a supervised method that uses a hyperplane to
separate features into different classes (Vapnik, 1995). If classes are not linearly separable, the SVM
algorithm uses the kernel functions to transform non-linear observations into linear ones. The
common kernel functions used for vegetation classification are sigmoid, linear, radial basis
function (RBF) and polynomial (Azeez ez al., 2019). Previous studies that used the kernel functions
highlighted that the RBF performs better than other kernels due to various factors, which include
its efficiency in an infinite-dimensional feature space, and it only requires the tuning of two
parameters which are cost (C) and gamma (y) (Xu e# al., 2012; Omer ez al., 2015; Azeez et al., 2019).
The C determines the trade-off between the margin maximization and minimization of the training
error (Vapnik, 1995). A large C value accepts a smaller margin hyperplane if the decision function
correctly classifies the training samples. A lower C value causes the optimizer to search for a larger-
margin separating hyperplane, even if the hyperplane misclassifies more samples (Vapnik, 1995).
The y parameter influences the shape or curvature of the hyperplane separating the training data.
If the y is small, the decision boundary is close to linear, which affects the non-linear classification
data; on the other hand, when the y is high, this results in overfitting (Vapnik, 1995). In this study,
the classification of common urban trees and LULC classes using SVM was done using eCognition

Developer (Version 9.3.1, Definiens AG, Munich, Germany) software.

5.2.10 Accuracy assessment

The accuracy of the RF and SVM maps was done using confusion matrices computed using the
test dataset. The observed and the predicted data were compared to assess the user’s and
producer’s accuracy. The uset’s accuracy is the total number of correctly classified samples in a
class divided by the total number of classified samples in that class (Congalton, 1991). On the
other hand, the probability that a sample belongs to a certain class and the classifier accurately
assigns it to such a class is the uset’s accuracy (Congalton, 1991). The overall accuracy was
calculated by averaging the correctly classified samples among all classes (Congalton, 1991).
Cohen’s kappa index of agreement (KIA) was also calculated to evaluate if there is an agreement
between reference data and the classifier (Congalton, 1991). The KIA statistic ranges from -1 to
+1, where 1 represents a perfect agreement, -1 indicates an agreement that is worse than the one
expected by chance, and 0 shows agreement by random chance (Cohen, 1960). The most effective
classifier between RF and SVM was found by comparing the accuracies and the KIA statistic

values.
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5.2.11 McNematr’s test

The McNemar’s test was used in this study to determine the significance and statistical reliability
of the RF and SVM classifiers. This test is non-parametric and shows differences among the
classifiers’ confusion matrices (Foody and Mathur, 2004). The test was applied in this study due
to its ability to compare thematic maps with the same test samples used for validation. The

McNemar’s test was calculated starting with figuring out the Z value as follows:

fiz2 + f21 .
I = ———— Equation 5.1
Vfiz = fa1

in which fj, denotes the correctly classified test samples by the SVM classifier and incorrectly
classified by RF. The incorrectly classified samples by the SVM classifier but correctly classified by
the RF classifier are represented by f1. The Z value can be referred to as the chi-squared
distribution table with a single degree of freedom (Congalton ez a/., 1983). At a 95% confidence
interval, the Z value should be greater than 1.96 for the test to be statistically significant (Dwyer,

1991). The McNemar’s test was expressed using a chi-squared ( ¥%), computed as follows:

x* = (fiz— f21)2/ (fiz + f21) Equation 5.2

In order to imply that the performance of the RF and SVM classifiers was significantly different,
the y? value obtained from equation (5.2) was supposed to be greater than 3.84 based on the chi-

squared table at a 95 % confidence interval.

5.2.12 Variable selection

The variable importance calculated by both the RF and SVM classifiers was used to rank the WV-
2 bands, vegetation indices and nDSM according to their ability to classify common urban trees
and LULC classes in the study area. Subsequently, a forward variable selection method (Sutter and
Kalivas, 1993) was employed to identify the least number of variables with high accuracy.
Numerous RFs were iteratively fitted consecutively utilizing the ranked variables. Initially, new
RF models were built using the top-ranked variables, and for the next iteration, the second top-
ranked variables were added. This process was done repeatedly until all the variables (7 = 16) were
considered. Lastly, the subsets with the lowest OOB error rate for the RF classifier were taken as
the optimum classification variables. The variable's ranking was done, and the variables that led to

a decrease in the OOB rate were selected. The variables that did not decrease the OOB error rate
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and those thatled to its increase were not chosen for the final classification model. The importance
of the variables using the SVM classifier was ranked by generating a Receiver Operating
Characteristic (ROC) curve and calculating the area under the ROC curve (Guyon and Elisseeff,
2003). The variables with high ROC curve variable importance were chosen to classify and map

common urban trees and LULC classes using the SVM algorithm.

5.3 Results

5.3.1 Segmentation of used dataset

The fused dataset (WV-2 bands, vegetation indices and nDSM) was segmented using the
multiresolution segmentation (MRS) algorithm. After conducting trial and error on the fused
image, the optimum MRS scale parameter of 20 was used; this scale produced 15,457,579 objects.
The 1Os tend to be over-segmented, and this was done deliberately to keep the relatively small
tree objects identifiable (Puissant ef @/, 2014). A subsection of the fused dataset and a segmented

portion of the study area are shown in Figure 5.3.

Figure 5.3 a) Subsection of the fused dataset (WV-2 bands, vegetation indices and nDSM) and b)

segmented subsection of the fused dataset.

5.3.2 Classification of the common urban tree species and LULC classes
The 1O0s were classified using RF and SVM classifiers and the images had a total of 11 classes
consisting of five common urban tree species (Eucalyptus, |acaranda, Platanus, Pinus and Quercus spp.)

and six LULC classes (bare land, built up, grassland, other vegetation, road, and waterbody) (Figure
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5.4). The classification maps showed that the built-up was spread all over the study area, and most
of the common trees are situated along the streets (Figure 5.4). There is more built-up and bare
land in the southern part than the northern part of the study area (Figure 5.4). The common urban

trees were mainly located along the streets and close to built-up features (Figure 5.4).
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Figure 5.4 Classification maps for common urban trees and land use and land cover (LULC)

classes using a) RF and b) SVM classifiers.

5.3.3 Validation

The classified fused imageries with WV-2 bands, vegetation indices and nDSM using RF and SVM
classifiers were validated using the test dataset (Tables 5.3 and 5.4). All the variables (# = 16) and
the most important variables (7 = 12) were used to classify the common urban trees and the LULC
classes. The RF classifier produced an overall accuracy value of 96%, and SVM produced 93%.
using all the variables (7 = 16). Cohen’s KIA for RF (0.95) was greater than the one for the SVM
classifier (0.92) (Table 5.4).
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Both the user’s and producer’s accuracies for the common urban trees and LULC classes using the
RF classifier were above 85% (Table 5.4a). The highest user’s accuracy for the RF classifier was
100% for the road and waterbody classes, while the lowest was for Platanus spp. class (86%). The
producer’s accuracies for the RF classifier were all above 85%, with the highest being 100% for
the built-up, Platanus spp., Quercus spp., road, and waterbody classes (Table 5.4a). The lowest user’s
accuracy was 88% for other vegetation class where some of the samples in this were misclassified
as Jacaranda spp., Platanus spp., Quercus spp., grassland, and Eucalyptus spp. (Table 5.4a). The user’s
accuracies for the SVM classifier ranged from 85% for Jacaranda and Quercus spp. to 100% for the
road and waterbody classes (Table 5.4b). The producer’s accuracies for the SVM classifier ranged
from 84% for bare land to 100% for built-up, Quercus spp., road, and the waterbody class (Table
5.4b). The user’s accuracies for the common urban trees based on the RF classifier were greater
than or equal to the ones for SVM. The producet’s accuracies for the common urban trees based
on the RF classifier were all greater than the one for the SVM classifier, except the value for the

Jacaranda spp. class (Table 5.4a and 5.b).
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Table 5.4 Confusion matrix for a) Random Forest (RF) classifier and b) Support Vector Machines (SVM) using all the variables (» =16). The classes
namely, Jacaranda spp. (JC), built-up (BU), Bare land (BL), Platanus spp. (PL), Quercus spp. (QS), other vegetation (OV), Pinus spp. (PN), road (RD),

grassland (GL), waterbody (WB) and Eucabjptus spp. (EC). Cohen’s Kappa Index of Agreement (KIA), user’s accuracy (UA), producer’s accuracy (PA)

and overall accuracy (OA) were calculated. The total (TL) number of the test samples in the rows and columns are also shown.

a) RF using all the variables (» = 106) b) SVM using all the variables (# = 106)

Class JC BU BL PL QS OV PN RD GL WB EC TL UA Class JC BU BL PL QS OV PN RD GL WB EC TL UA
JC 26 0 0 0 0 1 0 0 0 0 0 27 9 ]JC 23 0 0 1 0 3 0 0 0 0 0 27 85
BU 0 64 3 0 0 0 0 0 0 0 0 67 96 BU 0 59 6 0 0 0 0 0 0 0 0 65 91
BL 0 0 30 0 0 0 0 0 1 0 0 31 97 BL 0 0 31 0 0 0 0 0 1 0 0 32 97
PL 0 0 0 18 0 2 0 0 0 0 1 21 86 PL 0 0 0 18 0 2 0 0 0 0 1 21 86
QS 0 0 0 0 19 1 0 0 0 0 0 20 95 QS 0 0 0 0 17 3 0 0 0 0 0 20 85
oV 2 0 0 0 0 66 3 0 0 0 0 71 93  OW 1 0 0 0 0 63 4 0 0 0 3 71 89
PN 0 0 0 0 0 0 42 0 1 0 0 43 98 PN 0 0 0 0 0 0 42 0 1 0 0 43 98
RD 0 0 0 0 0 0 0 48 0 0 0 48 100 RD 0 0 0 0 0 0 0 48 0 0 0 48 100
GL 0 0 0 0 0 3 0 0 5 0 0 62 95 GL 0 0 0 0 0 1 0 0 62 0 0 63 98
WwWB 0 0 0 0 0 0 0 0 0 41 0 41 100 WB 0 0 0 0 0 0 0 0 0 41 0 41 100
EC 0 0 0 0 0 2 0 0 0 0 29 31 94 EC 0 0 0 0 0 4 0 0 0 0 27 31 87
TL 28 64 33 18 19 75 45 48 o1 41 30 462 TL 24 59 37 19 17 76 46 48 64 41 31 462

PA 93 100 91 100 100 88 93 100 97 100 97 PA 96 100 84 95 100 83 91 100 97 100 87

OA =96 OA =93

KIA = 0.95 KIA=0.92
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The RF classifier outperformed SVM in the classification of common urban trees and LULC
classes in this study using the selected variables (# = 12). The RF classifier produced an overall
accuracy of 97%, while SVM generated a value of 94% (Figures 5.5a and 5.5b). The Cohen’s KIA
values for both classifiers improved from 0.95 for RF and 0.92 for SVM to 0.96 and 0.93 for RF
and SVM classifiers, respectively (Tables 5.4 and 5.5). The uset’s accuracy for the RF classifier for
the built-up class (98%) using the selected variables (» = 12) improved from 96% using all the
variables (7 = 16). All the user’s and producer’s accuracies for both classifiers (RF and SVM) using
the selected variables (#» = 16) were greater than or equal to the values produced using all the

variables (7 =106) in this study (Tables 5.4 and 5.5).
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Table 5.5 Confusion matrix for a) Random Forest (RF) classifier and b) Support Vector Machines (SVM) using the selected variables (# =12). The
classes namely, Jacaranda spp. (JC), built-up (BU), Bare land (BL), Platanus spp. (PL), Quercus spp. (QS), other vegetation (OV), Pinus spp. (PN), road

(RD), grassland (GL), waterbody (WB) and Eucahptus spp. (EC). Cohen’s Kappa Index of Agreement (KIA), user’s accuracy (UA), producer’s accuracy

(PA) and overall accuracy (OA) were calculated. The total (TL) number of the test samples in the rows and columns are also shown.

a) RF using all the variables (» = 12)

b) SVM using all the variables (z = 12)

Class  JC BU BL PL QS OV PN RD GL WB EC TL UA Class JC BU BL PL QS OV PN RD GL WB EC TL UA
JC 26 0 0 0 0 1 0 0 0 0 0 27 96 JC 24 0 0 1 0 3 0 0 0 0 0 28 86
BU 0 64 1 0 0 0 0 0 0 0 0 65 98 BU 0 50 6 0 0 0 0 0 0 0 0 65 91
BL 0 0 32 0 0 0 0 0 1 0 0 33 97 BL 0 0 31 0 0 0 0 0 1 0 0 32 97
PL 0 0 0 21 0 0 0 0 0 0 0 21 100 PL 0 0 0 18 0 2 0 0 0 0 1 21 86
Qs 0 0 0 0 19 1 0 0 0 0 0 20 95 QS 0 0 0 0 17 3 0 0 0 0 0 20 85
ov 2 0 0 0 0 66 3 0 0 0 0 71 93 OW 0 0 0 0 0 63 4 0 0 0 3 70 90
PN 0 0 0 0 0 0 42 0 1 0 0 43 98 PN 0 0 0 0 0 0 42 0 1 0 0 43 98
RD 0 0 0 0 0 0 0 48 0 0 0 48 100 RD 0 0 0 0 0 0 0 48 0 0 0 48 100
GL 0 0 0 0 0 3 0 0 50 0 0 62 95 GL 0 0 0 0 0 1 0 0 62 0 0 63 98
WB 0 0 0 0 0 0 0 0 0 41 0 4 100 WB 0 0 0 0 0 0 0 0 0 4 0 41 100
EC 0 0 0 0 0 2 0 0 0 0 29 31 94 EC 0 0 0 0 0 4 0 0 0 0 27 31 87
TL 28 64 33 21 19 73 45 48 61 41 29 462 TL 24 59 37 19 17 76 46 48 64 41 31 462

PA 93 100 97 100 100 90 93 100 97 100 100 PA 100 100 84 95 100 83 91 100 97 100 87

OA =97 OA =94

KIA = 0.96 KIA= 0.93
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5.3.4 Statistical comparisons

McNemar’s test was applied to both the RF and SVM classified maps using 462 samples (Table
5.6). The test was calculated using the classified maps generated using the selected variables (7 =
12). The correctly classified samples by both the RF and SVM were 457, while the incorrectly
classified samples by both classifiers were 3 (Table 5.6). The incorrectly classified samples by RF
but correctly classified by SVM were 0, whilst the correctly classified samples by RF and incorrectly
classified by SVM were 2 (Table 5.6). The test indicated no significant differences in the accuracy
of RF and SVM classifiers, as shown by the p-value (0.16), which is greater than 0.05 at a 95 %
confidence interval. The Z value (1.42) was less than 1.96 and the y? (2.00) was less than 3.84,

which shows no significant differences in the accuracy of the two classifiers.

Table 5.6 The comparison of classification accuracies for RF and SVM classifiers using

McNemat’s test. The McNemar’s chi-squared value is represented by x? and X is for

summation.
Classifier RF
Correct Incorrect 2
SVM Correct 457 0 457
Incorrect 2 3 5
2 459 3 462
x?=2.00 p-value = 0.16 Z value = 1.42

5.3.5 Variable importance and ranking

The nDSM variable was the most important in classifying the common urban trees and LULC
classes, as shown by a high MDA and MDG scores of 0.98 and 0.61, respectively, using the RF
classifier (Figure 5.5). The NIR2 band followed by the NIR1, NDVI-GR had higher MDA values
(Figure 5.5). The NIR1 band followed by NIR2, NDVIGR, red and red edge bands had high
MDG values. The GNDVI and NDRE2 had the lowest MDA and MDG values (Figure 5.5),
which indicated that they were the least important variables in the classification of the common

urban trees and LULC classes in this study (Figure 5.5).
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Figure 5.5 Mean Decrease in Accuracy (MDA) and Mean Decrease in Gini (MDG) values for the
variables used in the classification of common urban trees and land use and land cover (LULC)

based on the Random Forest (RF) classifier.

The forward feature selection using the RF classifier indicates that a subset with 12 variables
produced the lowest OOB error rate of 4% (Figure 5.6). The use of all the variables (# = 106)
yielded an OOB error rate of 20.01% (Figure 5.6). The OOB error rate increased from 4% to
16.82% when the 13" variable was added (Figure 5.6). The RF algorithm was used to classify
common urban trees and LULC classes using a) all the variables (# = 16) and b) the selected

variables (7 = 12).
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Figure 5.6 Forward feature selection results for identifying the optimal subset of variables using
the OOB error rate in the RF classifier. A black arrow shows the optimal subset of variables with

the lowest OOB error rate.

Figure 5.7 plots the ROC curve variable importance considered in SVM classification. The analysis
showed that 12 variables produced high ROC variable importance ranging from 83% to 96%, as
shown in Figure 5.7. The variables with high ROC variable importance were used for classification
using the SVM algorithm. The variables with less ROC curve variable importance were removed
when the classification was done using 12 variables. It is evident from the plots (Figures 5.6 and
5.7) that the variables selected by both RF and SVM were the same in the classification of common

urban trees and LULC classes in this study. The classifications were done using a) all the variables
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(n = 16) and b) the selected variables (#» = 12). The classifications were done using both the RF

and SVM classifiers.
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Figure 5.7 ROC curve importance for identifying the optimal variables based on the SVM
classifier. A black arrow shows the optimal variables with the highest ROC curve variable

importance end.

5.4 Discussion

5.4.1 Effectiveness of fused data

Several studies have indicated LiDAR data's success combined with VHSR imagery and vegetation
indices in the classification of trees in areas with homogeneous species composition. In contrast,
this study was undertaken in a heterogeneous urban landscape that includes high rise buildings,

grassland and trees with varying treetops, crown widths and height. Accordingly, the classification

116



of tree species in a heterogeneous urban environment is challenging due to the spectral similarity
between classes, the complexity of features and spatial variations. Such classification is needed,
particularly in South Africa, where there is a dearth of urban tree information vital to municipalities
for sustainable urban tree management. This study aimed to classify common tree species and
LULC classes by integrating WV-2 bands, vegetation indices, and nDSM in a heterogeneous urban

area to assist in urban tree management.

In complex urban environments, object-based ensemble analysis produces high accuracies due to
its ability to account for differences of illumination gradients in individual tree crowns, which
affects the spectral response (Hartling ez a/, 2019). Segmentation is important in object-based
ensemble analysis, and its scale parameter size has a substantial influence on classification accuracy
(Benz ez al., 2004; Colgan et al., 2012; Alonzo et al., 2014; Azeez et al., 2019). In this study, the MRS
algorithm with a small-scale parameter of 20 was used, and it assisted in the provision of shapes at
the exact location which matched the individual tree crowns and LULC classes. This algorithm also
reduced the amount of time needed in the classification and analysis process whilst keeping vital
spectral information on the 10s, which played a role in producing high accuracies. This is in line
with previous studies (Alonzo e al., 2014; Azeez et al., 2019; Pu and Landry, 2020), which indicated
that small segmentation scale parameter is important in distinguishing urban tree and LULC classes
with high classification accuracies. The use of object-based segmentation on fused data (nDSM,
VHSR imagery bands and vegetation indices) has been proven to be effective in producing high
accuracies, and this is comparable to other studies (e.g. Hellesen and Matikainen, 2013;

Hamedianfar ez a/., 2014; Hartling ez al., 2019).

5.4.2 Accuracies and Mcnemar’s test

The results using both RF and SVM classifiers using the selected variables (# = 12) produced
overall accuracies of 97% and 94%, respectively (Tables 5.5a and 5.5b). These accuracies were
higher than the ones produced in the studies by Le Louarn ez a/. (2017), Pu ez al. (2018) and Jombo
et al. (2021), in which similar urban trees and LULC features were classified using the same
classifiers. Jombo ez al. (2021) used object-based ensemble analysis to classify common urban trees
and LULC classes at the accuracy of 91.9% for RIF and 87.3% for SVM using WV-2 imagery and
NDVI. The accuracies in our study were higher with the addition of nDSM and seven vegetation
indices which played a role in the classification. This corroborates the findings of Hartling ef a/.
(2019), Fang et al. (2020) and Varin ez al. (2020), which show that the use of fused nDSM and

optical remote sensing data improves classification accuracies. This is due to the ability of the
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nDSM data to detect the structural attributes of trees and LULC features in combination with the

textural/spatial information from WV-2 imagery (Zhang ¢t al., 2015).

In this study, high Cohen’s KIA, user’s, and producer’s accuracies were obtained, which indicates
that the use of fused data (WV-2 bands, vegetation indices and nDSM) produces good results in
the classification of trees in a heterogeneous urban environment. The user’s and producer’s
accuracies using the selected variables (7 = 12) for both RF and SVM algorithms were above 80%,
with Cohen’s KIA values of 0.96 (RF) and 0.93 (SVM) (Table 5.5). This is in line with previous
studies (Hellesen and Matikainen, 2013; Azeez e# a/., 2019) in which similar results were attained
in classifying tree species using both multispectral and nDSM data. Hellesen and Matikainen (2013)
used the object-based ensemble analysis to map shrub and tree cover using nDSM and optical
remote sensing data in Denmark at an accuracy of 96.7% with varying user’s accuracies ranging
from 74.9% to 98.5% and 92.6% to 97.4% for the producer’s accuracy. Hamedianfar ez a/. (2014)
also used object-based ensemble analysis to classify urban LULC using fused data (WV-2 bands,
vegetation indices and nDSM) at an overall accuracy of 92.84% and varying uset’s accuracies from
81.3% to 100% and 76% to 100% for the producer’s accuracies. In this study, the lowest
producer’s accuracy for RF was 90% due to the spectral similarity between other vegetation,
Jacaranda spp., Quercus spp., grassland, and Ewucalyptus spp. classes (Table 5.5a). Moreover, the other
vegetation class produced low producer’s accuracy of 83% using the SVM classifier and this was
because of its spectral similarity with Jacaranda spp., Platanus spp., Quercus spp., grassland, and
Eucalyptus spp. (Table 5.5b). This might be because the tree species had a similar phenological
timing and they shared the same spectral characteristics expressing the leaf emergence and

senescence stages (Fang e al., 2020).

5.4.3 Importance of WV-2 bands, vegetation indices and nDSM

The nDSM data, NIR1 and NIR2 bands had high MDA and MDG values showing that they played
a critical role in classifying the common urban trees and LULC classes using the RF classifier in
this study (Figures 5.5 and 5.6). Both SVM and RF selected the same important variables in the
classification of common urban trees and LULC classes in this study (Figures 5.5 and 5.6). These
findings are in accord with recent studies (Fang ez a/, 2018; Hartling e al., 2019; Varin ez al., 2020),
which highlight that nDSM data is important in the classification of trees because it shows
differences in the crown structure, while the multispectral bands located in the visible region such
as NIR1 and NIR2 assist in depicting the unique phenology of leaf pigments and function of leaf

area development. In this study, feature variables such as the vegetation indices helped separate
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vegetated areas (e.g., tree classes and grassland) from non-vegetated areas such as built-up and bare
land classes. This is supported by Zhou ez a/. (2012), Hellesen and Matikainen (2013) and Loozen
et al. (2020), who highlighted that the NIR spectral region and indices based on this region are vital
in the classification of trees due to their usefulness in separating tree species from non-vegetated

features.

5.4.4 Importance of the study

This study's results can offer information to municipalities, urban forest managers, and other
stakeholders involved in urban tree management. This can help formulate urban tree inventories
essential in decision-making and policy formulation to promote urban sustainable resource
management (Klobucar e# a/, 2020). This study was conducted at the municipality level, and it
would be of greater value to be investigated at a district or national level to improve the
understanding of methods and data used in the formulation of urban tree inventories. The use of
remote sensing techniques shows the spatial distribution of urban trees, helping municipalities
reduce problems faced in cities. These problems emanate from less tree canopy cover, including
rising air and land surface temperature, air pollution, and noise pollution (Wang ¢z a/., 2018). These
problems can be reduced by proper monitoring, classification, mapping, and management of urban

trees using information acquired from remote sensing technology such as LIDAR and VHSR

imagery.

5.5 Conclusions

This study shows the effectiveness of fused data (WV-2 bands, vegetation indices and nDSM) in
the classification and mapping of common urban trees and LULC classes. To that end, the fused
data were effective in the classification of common urban trees and LULC classes in this study, as
shown by high accuracies of 97% for the RF classifier and 94% for the SVM classifier. These
results corroborate the ability of the fused dataset in the classification of tree species and LULC
classes in a heterogeneous urban environment. Object-based ensemble analysis also contributed
to high accuracies due to its use of objects, spatial information, including their location, shape,
area, and textural pattern to produce sensible classifications. The nDSM was the most effective
variable, and the inclusion of the vegetation indices also assisted in the classification of common
urban trees and LULC classes using the two machine learning algorithms. This study's results can
be relevant to other cities across the world where similar heterogeneous environments can adapt
data fusion methods of this study. Such information is vital for tree planting programmes and

encourages municipalities to acquire high point-cloud LiDAR data that can assist in urban tree
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management, reducing problems such as the growth of urban heat islands, pollution, and increased

energy consumption.
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Chapter Six

Assessing the spatiotemporal dynamics of vegetation coverage and land surface

temperature in a heterogeneous urban area

This chapter is based on Jombo, S., Adam, E., Byrne, M.]. and Newete, S.W. Assessing the
spatiotemporal dynamics of vegetation coverage and land surface temperature in a heterogeneous

urban area. Remote Sensing. (Under review)
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Abstract

Urban trees play a critical role in alleviating land surface temperatures in cities. In remote sensing
studies, vegetation indices are widely used to examine the relationship between Land Surface
Temperature (LST) and vegetation cover. The vegetation cover can be measured using the
Normalised Difference Vegetation Index (NDVI). In this study, the LST-NDVI relationship was
assessed in each of the seven city-regions (A-G) in Johannesburg using Moderate-Resolution
Imaging Spectroradiometer (MODIS) datasets to provide a basis for urban ecological planning
and environmental protection. This study's specific objective was to determine the spatiotemporal
dynamics of vegetation coverage and LST in the seven city-regions over 19 years, between 2001
and 2020. The relationship between LST and NDVI was also examined over the years of study.
The results showed a significant spatiotemporal difference in LST and NDVI values in the city-
regions with a negative correlation between them, ranging from -0.03 to -0.76. The LST values
increased in all the city-regions with the highest value of 20.1°C in city-region G, followed by
19.6°C in city-region E. The vegetation cover decreased over the years, with the lowest NDVI
value in city-region G (0.39), followed by city-regions ¥ (0.43) and D (0.48). The city-regions with
high LST and low vegetation cover include the city-centre and highly populated suburbs. This
indicates that areas with greater vegetation cover have low LSTs and vice versa. These findings
provide useful information for municipal authorities and other stakeholders to undertake
appropriate decisions to tackle Urban Heat Island (UHI) effects by adopting effective urban

planning and management interventions.
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6.1 Introduction

Rapid urbanization and urban climate changes are critical global problems and require fundamental
considerations for urban planning in the 21 century (Amani-Beni e 4/, 2019). Urban Heat Island
(UHI) is one of the consequences of rapid urbanisation (Ahmed ez a/, 2020), and it is described as
an urban area that is significantly warmer, as opposed to nearby rural areas (Howard, 1833). The
UHI is caused by replacing vegetation with paved surfaces in the process of urbanisation (Aina ez
al., 2017). The presence of vegetation helps regulate the urban climate through its evaporative
cooling effect by which reduces air and land surface temperatures (Baris ez a/, 2009). Urban
vegetation provides several ecosystem services, and among these are moderating temperatures by
providing shade, reducing wind speed and cooling through evapotranspiration, and thus
decreasing the risk of heat-related diseases for urban dwellers (Ferrini ez a/, 2020). Trees and other
green spaces within built-up structures can reduce air temperatures by 3°C (McPherson and
Simpson, 2003). Consequently, finding effective measures to reduce and mitigate the UHI effects

has drawn much attention in urban ecology and planning studies for sustainable urban

development (Zhou ez al., 2017; Amani-Beni e7 al., 2019; Alexander, 2020).

In many countries, meteorological departments measure air temperature at weather stations or
airports (Aina ef al., 2017). Although the data collected from weather stations are more accurate
than those acquired from remote sensing satellite data, this on-site data collection procedure is
more costly and time-consuming for large areas (Odindi ez 2/, 2015). In addition, the arrangement
of landcover structures and different land uses in urban environments makes it difficult to obtain
accurate temperature results using data from weather stations. Therefore, thermal spatial
distribution is better described using remote sensing satellite data (Alexander, 2020). The advent
of remotely-sensed satellite data has provided cost-effective and dependable data acquired
regularly at varying spatial resolutions and extents (Odindi e @/, 2015). Remote sensing data have
been used in various studies such as forest ecology (Lechner ef al, 2020), biology (Nimit e al.,
2020) and thermal remote sensing (Guha and Govil, 2020) over large spatial extents. The
popularity of RS data emanates from its good quality and availability, accompanied by continual

improvements in processing algorithms (Odindi ez a/., 2015).

Most previous studies have focussed on the relationship between Normalised Difference
Vegetation Index (NDVI) and Land Surface Temperature (LST) in European and Asian cities (Yue
et al., 2007; Huang and Ye, 2015; Alexander, 2020; Guha and Govil, 2020). NDVI is an indicator

or measure of vegetation abundance (Lechner ef a/., 2020), while LST is the temperature at the
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interface between air and the ground surface (Rao ¢z a4/, 2021). Huang and Ye (2015) spatially
modelled urban vegetation and LST in Beijing, China. They found that NDVI is negatively
correlated with LST, suggesting that urban vegetation is capable of reducing LLST. Alexander (2020)
examined the spatial pattern of LST and its relationship with spectral indices and land cover in
Aarhus Kommune municipality, Denmark. The study found a high negative correlation between
the percentage of tree cover and LST, ranging from -0.68 to -0.75. Guha and Govil (2020) assessed
the spatiotemporal variation of the NDVI-LST relationship from 2012 to 2018 using Landsat
imagery in Raipur city in India. The results showed an LST increase of 11.62°C between 2012 and
2018, and it was negatively correlated with NDVI. The three aforementioned studies noted a
negative correlation between LST and NDVI, suggesting that vegetation can reduce LST.
Therefore, it is necessary to examine the NDVI-LST relationship in African cities focussing on
different city-regions with varying climate conditions, which has not been addressed in previous

studies.

A few such studies have been conducted in African cities (e.g., Odindi e a/., 2015; Hardy and Nel,
2015; Adeyemi e7 al., 2015; Mudede ef al., 2020; Ngie, 2020; Magidi and Ahmed, 2020). Hardy and
Nel (2015) examined the UHI in Johannesburg using ASTER and Landsat data. They found
typically high LST values in informal settlements due to low vegetation cover. Odindi ef a/. (2015)
highlighted the importance of vegetation in mitigating UHI effects by reducing LSTs using
Moderate-Resolution Imaging Spectroradiometer (MODIS) and Landsat data in the Ethekwini
municipal area. Both studies (Hardy and Nel, 2015; Odindi e a/., 2015) highlighted that the use of
night-time satellite imagery is better than the daytime scenes as most of them are not usable due
to the presence of clouds. Mudede e a/. (2020) determined the LST-NDVI relationship in two
suburbs of the city of Johannesburg, namely Sandton and Rosebank, using Landsat 8 satellite data.
The results showed a negative correlation of -0.90 between LST and NDVI. These studies were
conducted at a municipal and suburb level, but not at a city-regional extent, which can help forest

managers identify city-regions where tree planting can be done to reduce air and LST's.

The City of Johannesburg is heterogeneous, with various land use and cover classes, including tall
buildings, impervious surfaces, trees, grass, and water bodies (Knight, 2018). The spatial
distribution of vegetation in the city shows a wide disparity, with many trees located in the wealthy
northern suburbs and fewer trees in the poor southern suburbs (Storie, 2014). This wide disparity
of trees was due to the apartheid town planning and socio-cultural divide, where the northern

suburbs were dominated by white people and the southern suburbs, which had lower property
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prizes, were designed for black residents in the city (Mabin, 2014). The city's climatic conditions
differ, where rainfall and temperature are slightly higher in the north than in the southern city-
regions (Storie, 2014). With a high number of trees, the northern part of the city is believed to
have lower temperatures. There has been rapid urbanization over the years in Johannesburg due
to population growth and in-migration of people from places in South Africa and other countries
(City of Johannesburg Metropolitan Municipality, 2020). As the population continues to increase
in the city, the spatiotemporal dynamics of vegetation coverage and its relationship with LST need
to be examined. The relationship between population and LST has produced inconsistent results
across different cities and countries over the years, requiring further research (Adeyeri ez al., 2017
Ahmed ez al., 2020; Jung ez al., 2021). The heterogeneity of the landscape due to rapid urbanization,
population rise, vegetation presence (Guha and Govil, 2020) and varying climatic variations in the
city-regions influence the spatiotemporal dynamics of vegetation coverage and LST. It is,
therefore, essential to examine the spatiotemporal dynamics of vegetation coverage and LST in

the city-regions of Johannesburg.

To the best of our knowledge, there has not been any study undertaken in South Africa that
focussed on the spatiotemporal dynamics of vegetation coverage and LST at a city-regional level
using night-time MODIS data. The choice of MODIS data for this study was because it is available
and easy to access over large areas. Furthermore, the data can be acquired daily, after every 8 and
16 days (Hong e al, 2011). This study determines the spatiotemporal dynamics of vegetation
coverage and LST in the seven city-regions of the city of Johannesburg. This study's first objective
was to determine changes in the spatial distribution of vegetation and LST across the seven regions
of the city with a five-year interval from 2001-2020 (2001, 2005, 2010, 2015 and 2020). The second
objective was to analyse the variances of mean LST and NDVI values in the study area. This was
investigated to determine the vegetation coverage and LST changes over the study period in the
seven city-regions. This has the potential to guide the municipality to find ways that can promote
urban greening whilst reducing air and surface temperatures. The third objective was to examine
the relationship between NDVI and LST, which could be important to municipalities,
policymakers, local and regional urban planners in finding ways to reduce the effects of LST for

sustainable urban development.
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6.2 Materials and methods

6.2.1 Study area

The study was conducted in the City of Johannesburg, in South Africa, situated in Gauteng
Province with a total area of 1 645km?* (Deshpande e al, 2017). The city centre is located at
latitudes 26° 20" 41" S and longitude 28° 04' 73" E (Figure 6.1). The study area has a population
of approximately 5.05 million people, and it is growing due to the high birth rate and inflow of
people from other provinces and countries (City of Johannesburg Metropolitan Municipality,
2020). The study area has a seasonal climate with wet summers and dry winters, and the warmest

month is January, with an average annual temperature of 20.6°C (Nana ez 4/, 2019).
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Figure 6.1 Map of South Africa and the study area with the seven city-regions (A-G) of the City

of Johannesburg.

The study area has seven city-regions (A-G), as shown in Figure 6.1. Each municipal city-region is
responsible for delivering health services, social development, housing, libraries, sports and other
community-based programs to improve people's livelihoods (Wapwera and Egbu, 2013). Some of
the areas in the city-regions are shown in Table 6.1. The city is often referred to as an urban forest

due to its vast number of tree species which may exceed 10 million (Schiffler and Swilling, 2013).

126



Urbanization in the study area has contributed to a rise in UHI intensity where it has been shown
that the city centre can be 11°C warmer in the summer season with lower relative humidity

(< 43%) in comparison to surrounding areas (Knight, 2018).

Table 6.1 Some of the suburbs located in the seven city-regions of the City of Johannesburg (Co)).

City-region Areas

A Kya Sands, Fourways, Lanseria, Dainfern, Diepsloot and Midrand
B Rosebank, Randburg, Parktown, Melville, Mayfair and Emmarentia
C Constantia Kloof, Roodepoort, Florida and Northgate

D Soweto, Protea Glen, Dobsonville and Doornkop

E Houghton, Alexandra, Sandton, Orange Grove and Wynberg

F Johannesburg South and Inner City

G Protea South, Orange Farm, Ennerdale, Eldorado Park and Lenasia

6.2.2 Multispectral remote sensing data

The study used the Terra MODIS (MOD11A2) eight-day data to retrieve LST and MOD13A2
data for NDVI. Both the MODIS LST and NDVI were obtained from the United States
Geological Survey (USGS) website (https://earthexplorer.usgs.gcov). The MODIS LST and NDVI

datasets were downloaded from the Land Processes Distributed Active Archive Centre (LP
DAAC), which partners with USGS and the National Aeronautics and Space Administration
(NASA). The MODIS products were used in this study due to their simplicity and robustness
(Ramon Solano 7 al., 2010; El Kenawy et al., 2019), and the LSTs and NDVIs were calibrated for
atmospheric noise in the NASA labs. The images were downloaded from the warmest month
(January) in the study area (Ngigi, 2009; Adeleke ez a/., 2020). The datasets were collected on the
1" and 17" of January in 2001, 2005, 2010, 2015 and 2020. A total of twenty MODIS images were
downloaded, with two for each year. Both the MODIS LST and NDVI have 1 km (actual 0.928
km) spatial resolution, and they are generated every 8 days and 16 days, respectively (Wan, 2006;
Ramon Solano ¢# al., 2010). Using the random points function in ArcMap, 50 random points in
each city-region were created, and the same points were used to extract both LST and NDVI

values for all the years of study (2001, 2005, 2010, 2015 and 2020).

6.2.2.1 Image preprocessing
The thermal values for the MOD11A2 were converted from Kelvin x 200 to degtrees Celsius (°C).

The digital numbers were converted to temperature in °C using the equation:
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LST, = DN * 0.02 — 273.15 Equation 6.1

where LST. is the converted LST image and DN is the digital number (Zhang e al., 2013). The

MOD13A2 images for the NDVI were converted to real values using the equation:

NDVI¢c = DN * 0.001 Equation 6.2

where NDVI¢ is the converted NDVI image, DN stands for digital number, and 0.001 is the scale
factor. This was done to convert the data to give real values between -1 and 1 for the NDVI. The

LST and NDVI values were converted using the raster calculator in ArcMap 10.6 software (Esti

ArcGIS, 2018).

6.2.2.2 Land Surface Temperature

The MOD11A2 Terra eight-day LST datasets were acquired on the 1st and the 17th to match the
MOD13A2 16-day 1-km images acquired on the same dates. A total of ten MOD11A2 images
were downloaded in January, with two for each year. The MOD11A2 night mode was used in this
study due to its reliability and avoid contamination by atmospheric aerosols and clouds that affect
Terra daytime mode (Odindi e al., 2015; El Kenawy e al., 2019). The MOD11A2 datasets have
increasingly been used and produced satisfactory results in various thermal research and remote
sensing studies (Imhoff ez 4/, 2010; Odindi ez /., 2015; Rotem-Mindali e7 a/., 2015; Islam and Ma,
2018; El Kenawy ez al., 2019).

6.2.2.3 Meteorological data

The validation of derived MODIS LST data was done using in-situ measurements from weather
stations. This study used the atmospheric and meteorological data collected from Johannesburg-
Botanical Gardens weather station in city-region B of the study area (Table 6.2). The atmospheric
and meteorological data were obtained from the South African Weather Service (SAWS). The
SAWS provided data from a single weather station due to the unavailability of atmospheric and
meteorological data from the other weather stations in the study area. The weather station's average
values were used to verify the MODIS LST on the same day the satellite images were acquired.
Pearson’s correlation and linear regression analysis were performed to measure the correlation
between average MODIS LST values and average temperature values obtained from the study

area's weather station.
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Table 6.2 Temperature, wind and humidity readings collected at Johannesburg-Botanical Gardens

weather station at the time of MODIS LST imagery overpass.

Date Minimum Maximum Mean Average wind Humidity

temperature temperature temperature speed (m/s)

@9) @9) O
01/01/2001 13 24.3 18.7 4.6 87
17/01/2001 13.6 25.9 19.8 1.6 100
01/01/2005 16.8 29 22.9 1.8 86
17/01/2005 16.5 29.5 21.2 1.2 76
01/01/2010 17.2 29.6 23.4 0 58
17/01/2010 16.3 27.7 22 1.5 93
01/01/2015 14.1 25.7 19.9 1.3 77
17/01/2015 16.8 30.4 23.6 1.4 45
01/01/2020 14.8 30.2 22.2 1.7 56
17/01/2020 13.9 28.5 21.2 2.5 62

6.2.2.4 Normalised Difference Vegetation Index (NDVI)

The MOD13A2 16-day 1-km datasets from the 1% and the 17" of January in the years 2001, 2005,
2010, 2015 and 2020 were used. The two datasets for each year were integrated to derive a map
with mean NDVI values. This was achieved by adding the mean NDVI values for the two
MOD13A2 datasets and dividing them by 2 using the raster calculator in ArcMap 10.6 software
(Esri ArcGIS, 2018). The MOD13A2 datasets were used to determine the level of greenness in
the study area. These datasets have produced high accuracies in previous studies (Song ez a/., 2013;

Soto-Mardones and Maldonado-Ibarra, 2015; Marzban e7 al., 2017).

6.2.3 Statistical analysis

The LST and NDVI datasets were first put on a data screening procedure to scan and identify any
unexpected or cells with missing data. Both the MODIS LST and NDVI datasets were tested using
the One-Sample Kolmogorov-Smirnov test over the years (2001, 2005, 2010, 2015 and 2020). The
One-Sample Kolmogorov-Smirnov test revealed that the data were normally distributed. A two-
way Analysis of variance (ANOVA) was used to ascertain whether there were differences in the
LST and NDVI values in the study area over the years (2001, 2005, 2010, 2015 and 2020). The
null hypothesis data analysis was carried out using the Number Cruncher Statistical System (NCSS)

statistical software (Version 20.0.2).

6.2.3.1 Pearson’s correlation analysis
The Pearson’s correlation analysis was performed between LST and NDVI to determine the
influence of vegetated areas on LST in the study area's seven city-regions. The correlation

coefficients were produced showing the relationship between LST and ND VI in all the city-regions
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were produced. An assumption that LST values are negatively correlated with NDVI values was

considered before performing Pearson’s correlation test.

6.3 Results

6.3.1 Spatiotemporal distribution and variations of LST

Descriptive statistics showing the LST values for each of the study periods were generated (Table
6.3). The minimum LST, maximum LST and standard deviation (SD) values for city-regions A to
G for 2001, 2005, 2010, 2015 and 2020 are shown in Table 6.3. The highest maximum LST value
(20.1°C) was in city-region G in 2020 (Table 3). The minimum LST (13.0°C) was recorded in city-
region B in 2001(Table 6.3). The SD varied across the city-regions during the study period, the
highest SD (1.0) was in city-region G in 2020, whilst the lowest was 0.3 in city-region A (2015)
(Table 6.3).

Table 6.3 Minimum (Min), maximum (Max) and standard deviation (SD) land surface temperature
(LST) values for city-region A to G for the years 2001, 2005, 2010, 2015 and 2020 in

the study area.

2001 2005 2010 2015 2020

City- Min Max SD Min Max SD Min Max SD Min Max SD Min Max SD
region

132 163 0.7 142 166 0.6 156 167 05 166 167 03 151 169 0.6
130 166 0.6 139 170 05 162 176 0.7 175 186 04 142 187 0.6
143 170 06 142 179 04 154 182 0.7 166 183 05 16.6 186 0.7
151 176 08 152 178 0.6 156 179 04 166 189 0.6 163 195 09
157 174 09 143 177 08 157 178 07 161 181 0.7 164 196 0.8
156 179 08 161 181 05 158 182 0.6 152 185 0.8 160 195 0.7
150 183 1.0 158 187 06 164 187 06 161 186 05 162 20.1 0.7

DTEmU oW

The mean LST maps retrieved from 2001, 2005, 2010, 2015 and 2020 in city-region A to G of the
study area are shown in Figure 6.2. The highest LST values were found in the southern part of the
study area, and low LST values were in the city's northern part (Figure 6.2). There has been an

increase in LST values over the years in all the city-regions.
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Figure 6.2 Maps with mean LST values for city-regions A to G in the city of Johannesburg over
the study periods of a) 2001, b) 2005, c) 2010, d) 2015, and ¢) 2020.
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The maximum MODIS LST values in all the city-regions are shown in 2020 (Figure 6.3). The
highest mean MODIS LST value (20.1°C) was recorded in city-region G (2020), whilst the lowest

maximum LST value (16.3 °C) was recorded in city-region A in 2001.

21 -

20 4 o

o]

/ Region
® A

g 19-
7 o o es
@ / 73 ®c
2] 0 ®D
Q @
O 18 - - ® E
= ®F
O G
17 -
16 T T T T T
2001 2005 2010 2015 2020
Year

Figure 6.3 Mean MODIS LST values for city-regions A to G in the years: 2001, 2005, 2010, 2015
and 2020.

6.3.2 Validation of MODIS LST data

There was a significant positive relationship between the MODIS LST values and temperature
obtained from the weather station. This was indicated by Pearson’s correlation analysis (« = 0.05)
and linear regression, which produced a correlation coefficient of 0.94. The coefficient of
determination (R* between MODIS LST values and in-situ weather station temperature data
values for the years of study (2001, 2005, 2010, 2015 and 2020) was 0.89 (Figure 6.4). This indicates

that the MODIS LST data correlate well with in-situ weather station temperature data.
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Figure 6.4 Ground-based weather station vs MODIS LST values in degrees Celsius (°C) for the
years: 2001, 2005, 2010, 2015 and 2020.

6.3.3 Spatiotemporal distribution and variations of NDVI

Descriptive statistics showing the NDVI values for each of the study periods were generated. The
minimum NDVI, maximum NDVI and standard deviation (SD) values for city-regions A to G for
the years 2001, 2005, 2010, 2015 and 2020 are shown in Table 6.4. The highest value for the NDVI
(0.69) was recorded in city-region A in 2001 (Table 6.4). The minimum NDVI value (0.13) was
recorded in city-region G in 2020 (Table 6.4). The SD varied across the city-regions in the years
of study, and the highest SD value (0.16) was for city-region F in 2010 (Table 6.4).

133



Table 6.4 Minimum (Min), maximum (Max) and standard deviation (SD) values for NDVI in city-
regions A to F for 2001, 2005, 2010, 2015 and 2020 in the study area.

2001 2005 2010 2015 2020

City- Min Max SD Min Max SD Min Max SD Min Max SD Min Max SD
region

A 0.21 0.69 0.08 025 0.67 007 021 0.65 012 022 063 012 0.16 0.65 0.11
B 0.30 0.67 0.05 023 065 0.09 025 0.63 0.10 0.28 0.60 0.09 0.15 0.64 0.08
C 0.20 0.65 0.08 020 0.61 010 0.17 0.60 0.11 018 052 0.11 0.18 0.58 0.07
D 0.18 0.54 0.10 0.19 052 0.12 0.18 0.51 0.10 024 050 0.12 020 0.48 0.11
E 0.22 0.57 0.08 024 055 013 0.22 053 013 025 052 011 020 0.50 0.09
F 0.20 0.52 012 022 050 015 0.19 048 0.16 019 045 0.15 022 043 0.14
G 0.14 0.49 0.07 019 045 0.09 0.19 043 0.08 0.15 044 0.09 0.13 0.39 0.07

The NDVI maps retrieved for the years 2001, 2005, 2010, 2015 and 2020 for city-regions A to G

are shown in Figure 6.5. The high NDVI values were found in city-regions A, B and C (Figure

6.5).
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Figure 6.5 Maps with mean NDVI values for city-regions A to G in the years: a) 2001, b) 2005,

¢) 2010, d) 2015 and ¢) 2020.
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The maximum NDVI values showed a progressively decreasing trend from 2001 to 2020 across
the city except for city-regions A, B and C (Figure 6.6). The highest mean NDVI value (0.69) was
in city-region A in 2001, and the lowest was 0.39 in city-region G in 2020 (Figure 6.0).
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Figure 6.6 The mean NDVI values for city-regions A to G in the study area for the years: 2001,
2005, 2010, 2015 and 2020.

6.3.4 Analysis of variance on MODIS LST and NDVI data

The results with their significance level for LST mean values in each city-region are shown below
(Table 6.5). There was a significant difference between mean LST values for city-region B with
city-regions (C, D, E, F and G). The differences in mean LST values for the other city-regions
were non-significant (p>0.05), meaning that there were no significant differences in the LST mean

values (Table 6.5).
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Table 6.5 Two-way ANOVA test results with Tukey’s post hoc test in the city-regions for LST
values for the years: 2001, 2005, 2010, 2015 and 2020.

City-region A B C D E F G
A .
B 0.30" .
C 1.00™ 0.01° .
D 1.00™ 0.04° 0.99" .
E 1.00™ 0.03” 0.97" 1.00™ .
F 0.99" <.001" 0.98" 0.75" 0.59" .
G 0.95" <.001" 0.82" 0.34" 0.20" 1.00™
p< 0.05 = *, Not significant = **

The results with their significance level for NDVI mean values in each city-region are shown below
(Table 6.6). The results showed a significant difference between mean NDVI values for city-region
D with city-regions A, E, F and G. The differences in mean NDVI values for the other city-regions
were non-significant, meaning that there were no significant differences in the NDVI values (Table

6.6).

Table 6.6 Two-way ANOVA test results with Tukey’s post hoc test in the city-regions for NDVI
values for the years: 2001, 2005, 2010, 2015 and 2020.

City-region A B C D E F G
A .
B 0.34" .
C 0.13" 1.00” .
D 0.14" 0.14" 0.37" .
E 1.00” 0.33" 0.12" <.001" .
F 0.93" 0.94" 0.72" 0.01°  0.93" .
G 1.00” 0.67" 0.35" <.001"  1.00" 1.00™
p< 0.05 = *, Not significant = **

6.3.5 Relationship between LST and NDVI

The NDVI was derived from MOD13A2 images to establish a quantifiable relationship with
MODIS LST data (MOD11A2). The Pearson correlation coefficients between MODIS LST and
NDVI were calculated for the study area in all the city-regions (A to G). The correlation
coefficients were all negative, with the lowest value of -0.76 (city-region A) in 2020 (Table 6.7).
The highest change (-0.58) was in city-region C between 2015 and 2020, whilst the least change (-
0.01) was in city-region B between 2001 and 2005 (Table 6.7).
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Table 6.7 The Pearson correlation coefficients between MODIS LST and NDVI for the seven
city-regions over the study periods: 2001, 2005, 2010, 2015 and 2020.

Correlation coefficient

Year 2001 2005 2010 2015 2020
City-
region
A -0.57 -0.52 -0.16 -0.41 -0.76
B -0.18 -0.19 -0.05 -0.33 -0.44
C -0.12 -0.19 -0.03 -0.10 -0.68
D -0.40 -0.28 -0.07 -0.52 -0.63
E -0.49 -0.33 -0.28 -0.38 -0.58
F -0.57 -0.46 -0.40 -0.13 -0.23
G -0.59 -0.45 -0.43 -0.35 -0.62

6.4 Discussion

The study assessed the impact of vegetation on land surface temperature (LST) in the seven city-
regions (A to G) of Johannesburg. The mean LST maps (Figure 6.2) shows that there has been an
increase in the LST over the years and a decline in vegetation coverage in all the city-regions (Figure
6.5). The highest mean LST value was 20.1°C in city-region G in 2020 (Table 6.3). This city-region
includes areas such as Orange Farm and Lenasia (Table 6.1 above). The other high L.ST's were in
city-regions E (19.6°C), D and F (19.5°C), and these include ateas such as Alexandra, Soweto and
Inner City in city-regions E, D and F, respectively (Table 6.3). The rise in LST was due to the
presence of bare land and built-up areas, whereas low LST values are associated with vegetated
areas. This is in line with Mudede e a/. (2020), who highlighted that there are high LST values in
areas such as Soweto and Alexandra, for which they believed it was due to the occurrence of more
open spaces and bare lands that are known as poor absorbers of solar radiation. This is supported
by Ahmed e a/. (2013) and Odindi ef a/. (2015), who asserted that high-temperature values are
associated with built-up areas and bare land, whereas areas of low temperatures are associated with
water bodies and vegetated areas. The rise in LST values is also caused by structures made of metal
sheets made by people who stay in informal settlements in areas such as Soweto and Alexandra,
located in city-regions D and E, respectively (Ngie, 2020). The high LST values in city-region F,
which includes the Inner-city, can be associated with the expansion of the city where several
buildings have and are still being constructed. This is supported in previous studies (Ranagalage ez
al., 2019; Mudede e¢f al., 2020; Das and Angadi, 2020) that the expansion of cities increases LST
through the conversion of urban forests and open green spaces to industrial, commercial and

housing spaces.
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The vegetation cover decreased progressively over the study periods except for city-regions A, B
and C from 2015 to 2020 (Figure 6.6). The rise in mean NDVI values in city-regions A, B and
from 2015 to 2020 might be due to an increase in trees through tree planting programmes such as
the Annual Arbour Week or Month, Champion Tree Project and the Million Trees Programme
(Department of Environment Forestry and Fisheries, Forestry and Fisheries, 2020). The high
vegetation cover was mainly in city-regions A and B in 2020 with areas such as Fourways,
Diepsloot and Rosebank whilst low vegetation cover was in city-regions D, FF and G with areas
such as Soweto, Inner City and Orange Farm (Figure 6.6). Higher NDVI values are associated
with areas with abundant vegetation, such as green residential areas and vegetated public parks in
the northern part of Johannesburg. This is in line with findings in the literature (Yue e a/, 2007;
Ahmed et al., 2013; Rotem-Mindali e a/, 2015) which highlighted that high NDVI and low LST
values are associated with vegetated urban land use and land cover areas such as parks, crop fields
and urban forests. This is also supported by Maree and Khanyile (2017), who indicated that high
NDVI values in the city of Johannesburg are associated with suburban areas having green leafy
trees, lawns, gardens and irrigated farms. The vegetated areas with high NDVI values maintain low
temperatures due to their ability to reflect more radiation compared to built-up surfaces that

absorb and re-emit the solar energy at night (Adeyeri e a/., 2017).

This study shows that LST values (Table 6.5) and NDVI values (Table 6.6) varied in some city-
regions. There was an increase in LST over the study periods (Figure 6.3). The lowest maximum
NDVI value of 0.39 (Table 6.4) and the highest LST value of 20.1°C were in city-region G in 2020
(Table 6.3). This may be due to population growth where it rose from 3 226 055 in 2001 to 4 434
827 in 2011 (Statistics South Africa, 2020). The rise in population in Johannesburg is at a rate of
approximately 3% after every five years (Statistics South Africa, 2020). A rise in population in
urban areas also increase the housing demands. An increase in population is associated with a loss
of vegetation cover to expand suburban areas, which increase LST (Mudede e7 /., 2020). Statistics
South Africa (2020) highlight that population growth in the suburbs of Soweto and Rosebank
increases the demand for decent accommodation. This in turn exacerbates the UHI intensity if no

measures are taken to increase the Vegetation cover.

To understand the relationship between LST and vegetation cover, Pearson’s correlation analysis
was carried out between LST and NDVI values in all the seven city-regions of the study area. The
results show that LST and NDVI exhibited a negative correlation in all the city-regions over the
years of study (2001, 2005, 2010, 2015 and 2020). The strongest negative correlation was -0.76 in
city-region A, followed by -0.68 in city-region C in 2020 (Table 6.7). This indicates that in all the
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city-regions when LST increased, NDVI decreased. The high LST values are due to low vegetation
cover resulting in low evapotranspiration. Evapotranspiration occurs when sun rays hit tree
canopies which cause evaporative cooling (Adeyeri ef al., 2017). The presence of vegetation reduces
LST because it creates an albedo 15% more than impervious surfaces due to lower heat absorption
and higher longwave radiation reflection (Adeyeri ef /., 2017). The negative relationship between
LST and NDVI in urban areas is in line with previous studies (Ahmed e7 @/, 2013; Adeyeri ez al.,
2017; Mudede ez al., 2020), where they found that LST values increase with a decrease in vegetation

cover, and vice versa.

Urbanisation due to population growth and economic development are amongst the main drivers
of a high rise in LST and a decline in vegetation cover due to the continuous cutting down of trees
in urban centres (Mudede e7 /., 2020). The municipalities, the health care sector and stakeholders
involved in urban planning and management can use LST and NDVI maps to assess the UHI
across the seven city-regions of the city of Johannesburg (Ngie, 2020). This study is important to
policymakers in making decisions to reduce LST in the most affected areas and implementing tree
planting schemes for urban greening and sustainable urban development for future years (Mudede
et al., 2020). The spatial distribution and relationship between LST and NDVT aspects are vital to
researchers focussing on urban ecosystem studies, urban tree management and city temperature

studies (Mushore ¢z al., 2017).

This study provides information on the spatiotemporal dynamics of vegetation coverage and its
relationship with LST to municipal authorities and other stakeholders to facilitate decision making
for management intervention to mitigate UHI effects. It should be noted that the findings obtained
from MODIS datasets are coarser than other multispectral sensors (e.g. Landsat, Sentinel and
SPOT data) and are suitable for mapping over large areas. The spatial resolution of 1000m for
both MOD11A2 and MOD13A2 may produce inaccurate results due to their failure to perfectly
determine the thermal and vegetation characteristics in a smaller heterogeneous urban
environment. Therefore, it is recommended to use higher spatial resolution imagery such as
Landsat and ASTER when high accuracies are required. However, as aforementioned, the weather
data from SAWS was only for a single weather station (Johannesburg-Bot Tuine), the lack of ground
validation data from all the weather stations in the city affect the accuracy of the results obtained.
This problem could be resolved by ensuring the weather stations in all the city-regions measure all

the appropriate atmospheric and meteorological data for validation purposes.
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6.5 Conclusions

In this study, we examined the spatiotemporal dynamics of vegetation coverage and LST at a city-
regional level in Johannesburg, over 19 years, between 2001 and 2020. The spatial distribution of
both LST and NDVI provides essential information for understanding the city's local temperature
variations, which can help introduce effective ways to minimise the adverse impacts of high
temperatures. The LST was negatively correlated to NDVI, which suggests that the presence of
vegetation reduces LST. Therefore, urban planners should maximise their effort to adopt effective
urban greening plans to minimise the negative impacts of high LST. It is recommended that the
municipality and other stakeholders in urban planning and management advise residents,
companies, and all inhabitants in all the city-regions to stop tree removal and start tree-planting
programmes to reduce LST that would eventually reduce the UHI effects. These measures will
ultimately contribute towards global warming mitigation and climate change impacts in areas where

most people live.
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Chapter Seven

Synthesis
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7.1 Introduction

Accurate identification and classification of urban tree species are crucial in urban forest
management (Ajewole, 2010). This is important for developing sustainable management
programmes, which include the identification of potential planting spaces, the increase and
maintenance of existing tree canopy cover and informing policymakers (Roy ez a/, 2012). Urban
forest managers require information on the status, spatial distribution, changes, and ecosystem
services they bring to the urbanites (Escobedo ¢z 4/, 2011). However, the monitoring and mapping
of urban trees are challenging due to vatious factors that include the landscape's heterogeneity and
image resolution (Agarwal ez a/., 2013). Remote sensing uses various image processing methods to
identify, classify, map, and monitor urban trees (Alonzo ez al., 2016). Therefore, precise techniques
for urban tree classification are required to capture information using airborne and spaceborne

sensors (Le Louarn ez al., 2017; Brabant ez al., 2019; Li ez al., 2019).

This thesis mapped urban trees using different remote sensing datasets, including hyperspectral
data from field spectroscopy, Light Detection and Ranging (LiDAR) point-cloud data,
WortldView-2 (WV-2) and Moderate Resolution Imaging Spectroradiometer (MODIS) satellite
imagery. Chapter 2 explored the potential of feature selection methods in classifying urban trees
using field spectroscopy data. It revealed that feature selection methods can reduce the high
dimensionality and classify urban trees, with accuracies ranging from 64% to 95.3%. The study did
not show the spatial distribution of the common urban trees in the study area. We found the
necessity of using very high spatial resolution (VHSR) multispectral data to classify the common
urban trees and show their spatial distribution. Chapter 3 assessed the capability of remote sensing
to map and classify urban tree species using WV-2 imagery. The study used pixel-based
classification methods to classify the common urban trees and other land use and land cover
(LULC) classes. The results indicated that pixel-based classification methods can classify common
urban trees and LULC classes, showing their spatial distribution, with accuracies of 84.2% and
81.2% for random forest (RF) and support vector machines (SVM) classification algorithms,
respectively. The need to reduce misclassifications due to factors such as “mixed pixel problem”
encouraged the use of an object-based classification method that considers among others, the
shape, location and textural properties of a feature. Chapter 4 examined SVM and RF classification
algorithms' performance in the object-based mapping of common urban trees and other LULC
classes using WV-2 multispectral imagery. It shows that the RF and SVM classifiers perform well
in classifying the common urban trees and other LULC classes in the study area, with accuracies

of 91.9% for RF and 87.3% for SVM. Structural data such as LIDAR can improve the accuracies
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in the classification and mapping of urban trees and LULC classes. Chapter 5 examined the
effectiveness of the fused dataset (WV-2 bands, vegetation indices and normalised Digital Surface
Model (nDSM)) in mapping common urban trees and the LULC classes. It revealed that the fused
dataset was effective in the classification, with accuracies of 97% and 94% for the RF and SVM
classification algorithms, respectively. The information from the classification using VHR data
alone and fused data are essential for urban forest managers and municipalities in tree planting
programmes that can reduce problems such as the emergence and growth of Urban Heat Islands
(UHIs). Chapter 6 assessed the spatiotemporal dynamics of vegetation coverage and land surface
temperature (LLST) in the seven city-regions of the City of Johannesburg (CoJ) over 19 years,
between 2001 and 2020. It revealed a decrease in vegetation cover and an increase in LST's in all
the seven city-regions of the CoJ over the years of study. The study indicated that areas with a high

amount of vegetation cover had low LST's and vice versa.

The study area used in Chapters 2, 3, 4 and 5 is Randburg municipal area. Chapter 6 used the CoJ
as the study area. The fieldwork was carried out in September 2017 and March 2019. However,
due to differences in the datasets used in some of the chapters, the training and test samples of

the common urban trees and other LULC classes differ from each chapter.

7.2 Summary of the findings

A summary of the findings for each objective and research question in this study is provided
below.

7.2.1 The potential of feature selection methods in the classification of urban trees using
field spectroscopic data.

Hyperspectral data can accurately classify urban trees in heterogeneous urban environments
(Alonzo et al., 2014; Liu et al., 2017; Aval et al., 2019). However, due to the exorbitant cost and high
data dimensionality of hyperspectral data, its application in urban classification is still limited. The
“Hughes effect” is the major problem in applying hyperspectral data in tree species classification
(Liu et al., 2017). The “Hughes effect” occurs when the number of samples is less than the number
of features dataset used, and this results in low accuracies, especially when using the classification
algorithms that were designed for low-dimensional data (Kiala es a/, 2019). The high data
dimensionality and high volume of hyperspectral data have been reduced by using feature selection
methods to select key wavelengths to produce high accuracies in the classification (Serpico and
Bruzzone, 2001; Mureriwa et al., 2016). The feature selection methods include Support Vector

Machines (SVM) wrapper, Partial Least Squares Discriminant Analysis (PLS-DA), Guided
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Regularized Random Forest (GRRF), Principal Component Analysis (PCA) and Genetic
Algorithm (GA). The use of feature selection methods in the classification of urban trees using

hyperspectral data has often been overlooked in South Africa and remains largely unexplored.

The potential of feature selection methods is essential for effectively classifying urban trees using
field spectroscopic data. Chapter 2 explored the potential of feature selection methods to classify
six common urban trees using field hyperspectral data. The feature selection methods used in this
chapter were PCA-DA, PLS-DA and GRRF. The objectives were to identify the optimal
wavelengths (i.e. from 350 to 2500 nm) using the three feature selection methods and compare
their effectiveness in identifying the key wavelengths that precisely classify the common urban
trees. The RFF and SVM performance was assessed in the classification of the selected key
wavelengths by each of the feature selection methods. The results revealed that the three feature
selection methods were able to identify the key wavelengths that precisely classify the common
urban trees. The GRRF method selected 13 wavelengths, whilst both the PCA-DA and PLS-DA
selected 10 wavelengths. The feature selection methods selected wavelengths mostly in the Short-
Wave Infrared (SWIR) region of the electromagnetic spectrum. The wavelengths located in the
SWIR region of the electromagnetic spectrum were 10 for the PCA-DA, 9 for the PLS-DA and 8
by the GRRF. The SVM classifier produced overall accuracies of 95.3%, 93.3% and 86% using
the GRRF, PLS-DA and PCA-DA techniques, respectively. Moreso, the RF classifier produced
88.7%, 72% and 64% for the GRRF, PLS-DA and PCA-DA techniques, respectively. The study
revealed that the GRRF method was the most effective and efficient feature selection tool
compared to PCA-DA and PLS-DA in reducing the high dimensionality of field hyperspectral
data. Although this study was conducted using field spectroscopic data, it did not show how the
spatial distribution of the species in the study area. It was recommended that very high-resolution
multispectral data such as WV-2 could assist in showing the spatial distribution of trees and
increase accuracies in the study area. This would assist municipalities and stakeholders in urban

tree planning and management.

7.2.2 The capability of remote sensing to classify and map urban alien tree species using
high-resolution multispectral data.

The classification and mapping of urban trees have long been done using traditional field-based
surveys or interpretation of aerial photographs, which are tedious, costly and challenging to use in
large areas (Alonzo 7 al., 2016). Remote sensing techniques offer solutions to the aforementioned

problems by offering robust, repeatable and efficient ways of classifying and mapping tree species
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(Myeong ¢t al., 2000). The use of hyperspectral data has overcome labour problems in classifying
trees, but it is costly and requires more computer processing time due to the high dimensionality
of data. The hyperspectral data used in chapter 2 did not show the spatial distribution of the tree
species as field spectroscopic data were used. To save time and show the spatial distribution of the
tree species, VHSR imagery was used in this chapter. The WV-2 imagery has successfully been
used in the classification of urban trees, producing good accuracies due to its good geometric,
radiometric and spectral resolution (Li e a/, 2015; Shojanoott ef al., 2016; Yan et al., 2018). The
classification method and image appropriateness are fundamental requirements in classification to
produce high accuracies (Lu and Weng, 2007). Machine learning algorithms such as RF and SVM
have been used to classify urban trees and produced high accuracies (Puissant e a/., 2014; Li et al.,
2015; Le Louarn ez al, 2017). The RF and SVM machine learning algorithms were used in this

study to classify the common urban trees and other LULC classes on WV-2 imagery.

The use of VHSR satellite imagery is vital in the classification of tree species and LULC classes in
a heterogeneous urban environment. Chapter 3 assessed the capability of pixel-based analysis
methods using VHSR satellite imagery to map and classify urban alien tree species and other LULC
classes in the Randburg municipal area. The study examined RF and SVM machine learning
algorithms' effectiveness in the classification of common urban alien tree species and other LULC
classes in the study area. The study also tested the utility of WV-2 spectral bands and compared
RF and SVM's effectiveness in the classification of the common urban trees and LULC classes in
the study area. The study revealed that the RF and SVM algorithms effectively classified common
urban alien trees and LULC classes in the study area, with overall accuracies of 84.2% for RIF and
81.2% for SVM. The red, red-edge, NIR1 and NIR2 bands were the most effective in the
classification with Mean Decrease Accuracy (MDA) values ranging from 0.14 (red edge) to 0.16
(red). The RF classifier outperformed the SVM algorithm by 3%, though there were no significant
differences in their confusion matrices at a 5% significance level as they produced a Z value of -
1.64, which was less than 1.96. However, there were some misclassifications in the study, and these
were due to various factors, which include spectral signature overlap, “mixed pixel problem”, and
the reference points’ location errors. These misclassifications can be solved using object-based
ensemble analysis to produce high accuracies (Le Louarn ef al, 2017). Therefore object-based
ensemble analysis was worth considering for the classification of the urban trees and LULC classes
to improve the accuracies whilst reducing the problems encountered using pixel-based

classification techniques.
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7.2.3 The ability of object-based ensemble analysis in classifying common urban trees
using high-resolution multispectral data.

Pixel-based classification methods have been used to classify urban trees and LULC classes using
WV-2 imagery (Immitzer ez al., 2012; Liu and An, 2019; Jombo e a/., 2020). The methods have
been affected by various factors, including the “mixed pixel” problem, urban complexity, and
shadow effect, resulting in low accuracy (Le Louarn ez a/., 2017). These problems were proven to
be overcome by object-based classification techniques as they consider several properties such as
the object’s location, area, shape and texture (Agarwal ef /., 2013). The Co]J has a heterogeneous
landscape that includes high rise buildings, roads, trees, water bodies and bare land (Schiffler and
Swilling, 2013). This heterogeneity makes it difficult to classify urban trees and LULC classes using
pixel-based techniques. Therefore, it was necessary to examine whether object-based analysis can

be used to classify urban trees and other LULC classes in the study area.

Object-based methods in the classification of tree species in a heterogeneous urban environment
are crucial as they can produce higher accuracies than pixel-based techniques (Le Louarn ef al.,
2017). Chapter 4 examined whether object-based ensemble analysis can improve the accuracies in
classifying common urban trees and other LULC classes using VHR satellite imagery. The study
examined RF and SVM classification algorithms' performance in the object-based mapping of
common urban trees and LULC classes using WV-2 imagery in the Randburg municipal area. The
study showed that RF and SVM algorithms are capable of classifying urban trees and LULC classes
in a heterogeneous environment. The classification algorithms produced accuracies of 91.9% for
RF and 87.3% for SVM. This illustrated an improvement in the overall accuracies from the ones
produced using the pixel-based classification techniques. The RF classification accuracy increased
from 84.2% to 91.9%, and SVM accuracy increased from 81.2% to 87.3%. The increases for both
classification algorithms were more than 5%, showing a significant improvement. The RF
classification algorithm performed better than SVM wusing both pixel-based and object
classification techniques. The study recommended the use of the object-based classification
technique of fused WV-2 imagery with structural data such as Light Detection and Ranging
(LiDAR) that incorporates several properties such as tree height and measurement of crown spread

that can increase the accuracy levels.
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7.2.4 The ability of a combination of airborne LiDAR point-cloud data and very high-
resolution imagery in the classification and mapping of common urban trees.

The integration of VHR imagery with LiDAR data can improve the accuracies in mapping urban
tree species and LULC classes (Hartling er @/, 2019). This is due to the integration of
spatial/textural information from VHR imagery, and LIDAR data provides structural/vertical
information, which is vital in the classification of tree species (Pu and Landry, 2020). The
classification of urban trees in heterogeneous environments faces challenges because the
vegetation in these environments co-exists with man-made LULC features (Alonzo ef al., 2014).
The study area (Randburg municipality) is complex, and it was, therefore, necessary to assess the
ability of fused LiIDAR data and WV-2 imagery in the classification of the common urban trees

and LULC classes.

In Chapter 5, the study examined the effectiveness of fused data (nDSM, WV-2 bands and
vegetation indices) in mapping common urban trees and LULC classes in the Randburg municipal
area. The importance of the nDSM, WV-2 bands and vegetation indices in the classification of the
common urban trees and LULC classes was ranked. The results revealed that the fused dataset
effectively classified the common urban trees and LULC classes in the study area, with high
accuracies of 97% for RF and 94% for the SVM classifier. The study also highlighted that the
nDSM, NIR2, NIR1 and Normalized Difference Vegetation Index Green/Red Ratio NDVIGR)
were the top-ranked variables in classifying the common urban trees and LULC classes in the study
area. The results from the study are essential to municipalities to promote tree planting
programmes in areas with less tree cover and encourage the purchase of high-point cloud LiIDAR
data that can help reduce problems such as the emergence of Urban Heat Islands (UHIs) in the
CoJ. Therefore, there was a necessity to determine how the city-regions in the CoJ have lost tree

coverage over the years and how this was related to LST in the city.

7.2.5 The spatiotemporal dynamics of vegetation coverage and LST in a heterogeneous
urban area.

The presence of vegetation such as trees is an effective way to regulate the urban climate by adding
air moisture content which reduces LSTs (Baris e# a/, 2009). Trees can moderate temperatures by
reducing wind speed, cooling through evapotranspiration and providing shade, which can lower
the risk of heat-related illnesses for urban dwellers (Ferrini ez a/., 2020). Consequently, research on
effective measures to mitigate the UHI effects is crucial in urban ecology and planning for

sustainable development (Alexander, 2020). The CoJ has a heterogeneous landscape with various
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LULC classes that include buildings, grasslands, water bodies and trees (Knight, 2018). The spatial
distribution of trees in the CoJ shows a wide disparity, with a low amount of trees in the southern
part of the CoJ and a high amount of trees in the wealthy northern suburbs of the city (Storie,
2014). Various factors influence vegetation coverage and LST's spatiotemporal dynamics,
including rapid urbanisation and population growth (Guha and Govil., 2020). To the best of my
knowledge, there has not been any study that has focussed on the spatiotemporal dynamics of
vegetation coverage and LST at a city-regional level in South Africa using night-time MODIS data.
Therefore, it was necessary to determine the spatiotemporal dynamics of vegetation coverage and

LST at a city-regional level in the Co].

In this research, chapter 6 determined the changes in the spatiotemporal dynamics of vegetation
coverage and LST across the seven regions of the city with a five-year interval from 2001-2020
(2001, 2005, 2010, 2015 and 2020). In the study, the relationship between LST and NDVI values
were analysed. The vegetation coverage decreased over the years in all the city-regions, whilst LST
values increased. The highest LST increase was 20.1°C, whilst the lowest NDVI value was 0.39,
and they were all in city-region G in 2020. The results also revealed a significant spatiotemporal
difference in LST and NDVI in the city-regions with a negative correlation between them, and the
values ranged from -0.03 to -0.76. This study indicated that city-regions with a high amount of
vegetation cover have low LSTs and vice versa. The findings of this study provide important
information to the municipalities to carry out appropriate programmes that help reduce the

emergence of UHIs.

7.3 Conclusions

The following conclusions can be drawn based on the objectives of this study:

e Several studies used field spectroscopic data to classify tree species in South Africa and
produced high accuracy results. However, few studies have classified tree species in a
heterogeneous urban environment. The majority of studies that used field spectroscopic data
to classify trees were conducted in commercial forests and savanna environments. The use of
tield spectroscopic data in classifying urban trees in Southern African urban environments has
not been well examined. The outcomes of the study indicated that field spectroscopic data can
be used to classify urban trees in a heterogeneous urban environment, with accuracies ranging

from 64% to 95.3%, though the spatial distribution of the species in the study area was not
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shown. These outcomes triggered the desire to test VHSR WV-2 imagery to show the common
urban trees' spatial distribution in the study area.

The classification of common urban trees and other LULC classes using RF and SVM
classification algorithms produced accuracies of 84.2% and 81.2%, respectively on VHSR WV-
2 multispectral imagery. The outcomes indicated that urban trees can be classified and mapped
using pixel-based classification methods on VHR images. The results also indicated that the
NIR1, NIR2, red and red edge bands were the most influential in the classification of urban
tree species.

The classification of common urban trees using object-ensemble analysis produced high
accuracies of 91.9% and 87.3% using RF and SVM classification algorithms, respectively, on
VHSR WV-2 imagery. The high accuracies were due to spatial information, which includes
shape, directional pattern, area and location of the image objects in the object-based analysis.
These results indicated that object-based ensemble analysis performs better than pixel-based
classification methods in the classification of urban trees and LULC in a heterogeneous urban
environment. The classification accuracies for both RF and SVM classification algorithms
using pixel-based classification methods increased by 7.7% and 6.1%, respectively, when the
object-based ensemble analysis was used.

A combination of airborne LIDAR point cloud data and VHSR produced high accuracies in
mapping common urban trees. The incorporation of vegetation indices also assisted in the
classification of trees and other LULC classes. As a result, the combination of WV-2 satellite
imagery, nDSM and vegetation indices produced accuracies of 97% for RF and 94% for SVM
in the classification and mapping of tree species in a heterogeneous urban environment. This
indicated an increase in the RF and SVM algorithms' accuracies using object-based ensemble
analysis and when LiDAR data was incorporated in the classification of the common urban
trees and LULC classes in the study area. The overall accuracies for both the RF and SVM
classifiers increased by 5.1% and 6.7%, respectively.

The spatiotemporal dynamics of vegetation coverage and LST can be obtained using remote
sensing data. The results of the study showed that vegetation has been decreasing over the
years with the lowest NDVI value of 0.39, whilst LST has been increasing over the years, with
the highest increase of 20.1°C in city-region G in 2020. The findings of this study can assist
urban planners in finding areas that need tree planting to reduce LST and increase NDVI

values.
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In conclusion, this study indicated the efficiency of various techniques in the classification and

monitoring of tree species in a heterogeneous urban environment. The findings contribute to the

establishment of a comprehensive urban tree inventory for sustainable urban tree management.

While remote sensing multispectral imagery alone is inadequate to address all the needs of urban

tree management, the use of information generated through image analysis is a step towards

creating a comprehensive urban inventory that supports urban greening programmes for

conservation, development and management of tree resources.

7.3 Research limitations and future directions

Several limitations were encountered in this study, and these include:

The use of MODIS data in assessing the spatiotemporal dynamics of vegetation coverage and
LST (Chapter 6) have several challenges. The MODIS data were particularly important to the
study because of their easy availability and coverage of the historical data for the study periods
required. However, the data's low spatial resolution makes it difficult to extract detailed
information from the mapping. The spatial resolution of both MOD11A2 and MOD13A2
were 1 km which might have produced low accuracy results in this study due to their failure to
account for thermal and vegetation changes in small landcover classes. Chapter 6 also
depended on data from the South African Weather Service (SAWS) to validate the MODIS
LST data. However, the weather data used in this study was only from a single weather station

which might have reduced the validity.

The ability to classify urban trees in urban environments shows an advancement in remote
sensing science. However, successful urban tree classification depends on understanding the
spatial, spectral, and temporal resolution limitations, which can hinder tree species
classification and mapping in different environments. Future studies should focus on
identifying and employing biochemical and biophysical traits of trees per species type to

enhance the interpretability of remote sensing data used to produce tree species maps.

Recent advancements in hyperspectral imaging, small-format cameras on unmanned aerial
vehicles (UAVs) have been used to classify urban trees. In comparison to the data acquisition
using aitborne and satellite methods, UAVs data collection approaches have several
advantages, which include, ability to collect data under unfavourable imaging situations, e.g.
under high cloud coverage. The UAVs also do not depend on airports to take off and the

availability of satellite sensors in an area of interest. They are also cost-efficient and can provide
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data with a high temporal and spatial resolution (Jang ¢z a/., 2020). However, UAVs have limited
flight duration, and they can be unstable in windy conditions, which makes them difficult to

use in large scale areas(Wang ez 4/, 2019).
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