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Abstract

With advancements in data sources, software, and image analysis techniques, remote sensing
has become an efficient method for forest classification. However, access to this technology
has been limited for developing countries due to the high cost of high resolution images and
analysis software. A potential solution is that NASA and the European Space Agency provide
free access to mid-low resolution satellite images. In addition, Google Earth Engine (GEE), a
free cloud-based geospatial analysis platform, has allowed researchers from developing
countries to conduct research without relying on costly remote sensing software. This study
evaluates the suitability of the freely available images and the GEE platform for different forest
management applications in Sri Lanka. The research focused on three different scenarios in
vegetation mapping: identifying home gardens, monitoring invasive pines, and forest cover

mapping in a tropical montane region.

Home garden is an agroforestry class seen in tropical countries often overshadowed by global
land cover classifications. This study used a random forest classification algorithm to classify
the home garden, utilizing terrain data and Sentinel-2A images as the dataset. The results
confirmed that the red band of Sentinel-2 and textural metrics derived from grey-level co-

occurrence matrix analysis are effective in identifying home gardens from other forestry classes.

Monitoring the spread of invasive pines is important for forest management in Sri Lanka. This
study used Landsat satellite images for the years 2000 and 2021 to detect the exotic Pinus
caribaea species invasion of native habitats. By using an image difference technique, this
research identified that the extent of these invasive pines had an overall decline over the past
21 years. Further, results showed that broadleaved forests and grasslands located within 100m

of the pine plantations’ borders were susceptible to invasion.



In tropical regions, analysing forests can be difficult due to cloud cover. This research also
focused on methods to enhance classification accuracy using multiple data sources: Sentinel-
1, Sentinel-2, PALSAR-2, and elevation. Six different methods were tested. It was found that
combining radar data with optical and topographical data improved vegetation classification
accuracy. In addition, feature importance analysis using the random forest algorithm indicated

that radar data plays a significant role in tropical land use classification.

The three case studies used in this research demonstrate that GEE and the freely available mid-
low resolution satellite images make the application of remote sensing in Sri Lanka a viable

solution for the monitoring and mapping of landcover.
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Chapter 1
Introduction

This introductory chapter provides an overview of the significance of the research topic, how
forests have changed in the Sri Lankan context, and the role of remote sensing in mapping
vegetation change. The chapter also presents the aim and scope of the thesis, along with

information about the thesis structure and chapter outlines.

Forests can change rapidly due to natural and anthropogenic disturbances, which affect their
environment directly and indirectly. Forests are one of the most important ecosystems on Earth,
as they protect water quality through watershed protection, maintain biodiversity by providing
specific habitats for flora and fauna, and many help reduce climate change by sequestering
carbon dioxide (Perry, 1994). Forest change occurs at different intensities and scales, from a
death of single tree to a disastrous forest fire. Further, anthropogenic as well as natural threats
to vegetation contribute to landscape changes and the instability of ecosystems. Deforestation
in tropical forest regions is one of the main forest disturbances (Palo & Mery, 1996). This
activity results in land degradation, loss of habitats, soil erosion and release of carbon into the
atmosphere. Carbon emissions from deforestation and forest degradation result in the second
largest anthropogenic source of carbon dioxide to the atmosphere, after the burning of fossil
fuels (Zheng et al., 2021). Given that forests have significant ecological values, it is important
that they are monitored. This includes mapping the extent and condition of forests and
establishing forest reference emission levels to standardize national forest statistics, so that

both foresters and policymakers are alerted of changes (Mensah et al., 2019; Perry, 1994).

This research investigated the use of remote sensing for mapping forest change in Sri Lanka,
and focused on applications specific to this region. In particular, vegetation classes, such as
“home garden”, are important to Sri Lanka, yet this vegetation class is overshadowed by the
broad categories of global classifications. Additionally, invasive pines in the montane region
of Sri Lanka are an issue, as these pines escape from plantation areas to natural habitats. As an
island in a tropical region, Sri Lanka’s frequent cloud cover is a significant issue for the
production of maps based on satellite images. Moreover, being a developing country, Sri Lanka
also lacks resources to obtain high-quality satellite images and perform high-level computer

processing.



1.1 Using Remote Sensing for Mapping Vegetation Change

Remote sensing is a proven method for monitoring the spatial extent and condition of a given
vegetation type (Broich et al., 2011; Shimizu et al., 2019). However, change detection through
remote sensing over time has many complications which need careful consideration, as
revealed by Coppin and Bauer (1996) and Mishra et al. (2017). Many advances in remote
sensing include new satellite data sources such as Sentinel and radar (Bouvet, Mermoz, Le
Toan, et al., 2018; Poortinga et al., 2019) and new analytical techniques such as machine
learning classifiers and functions (Lien, 2018). The remote sensing process and techniques are

described further in Chapter 2.

The following section focuses on four aspects of remote sensing that offer opportunities for
mapping vegetation change and were used by this research. These are combining different
satellite images, using Google Earth Engine in a developing country, machine learning

classification techniques, and different vegetation applications.

1.1.1 Combining Different Satellite Images

Most forest studies based on remote sensing use just one data source, which is easy to analyse
but has limitations in accuracy. As Shimizu et al. (2019) emphasised, if using Landsat data
alone, forest monitoring in cloudy tropical regions might have insufficient temporal
observations in the rainy season due to cloud cover, causing delayed or omitted detections of
disturbance events. However, Synthetic Aperture Radar (SAR) is particularly promising in
terms of dealing with data continuity issues, as the radar signal is not affected by clouds
(Carrasco et al., 2019). While this technology can be used to map deforestation and forest
degradation (De Souza Mendes et al., 2019; Shimizu et al., 2019), its original high cost limited
its used by less resourced countries. With the release of SAR observations from Sentinel-1
however, opportunities are now available to utilise these data more widely, especially in
developing countries with limited budgets. Sentinel-1 offers dense observations in many
tropical regions and there are a number of deforestation studies that use these data (Bouvet,
Mermoz, Ballére, et al., 2018; Shimizu et al., 2019). However, few studies (Agapiou, 2020;
Carrasco et al., 2019) combined optical and radar satellites such as Sentinel-1 to detect land-
use change. Poortinga et al. (2019) have shown that a combination of Sentinel-2, Landsat-8
and Sentinel-1 provide a sufficiently dense spatial-temporal data series, even in regions with

persistent cloud cover, including the ability to identify the difference between land cover and



plantation types. In particular, the combination of Sentinel-1 and PALSAR with Sentinel-2

appears to be under-researched — an issue addressed in Chapter 4 of this thesis.

1.1.2 Using Google Earth Engine

Most developing countries are not able to purchase commercial remote sensing software, nor
afford the computer hardware required to run this software, as these programmes are licensed
and generally cost the users. Therefore, freely available cloud-based remote sensing platforms,
such as Google Earth Engine (GEE), are more accessible to developing countries. GEE is a
cloud-based platform launched in 2010 for geospatial analysis that can perform massive
computations (Wu et al., 2018). In particular, one of the best advantages of GEE is that it
removed the need for computers with fast processing speeds and large storage capacities.

Studies that have used GEE for vegetation and forest monitoring and land cover/use change
mapping include global mapping initiatives and studies in developed countries (Carrasco et al.,
2019; Gorelick et al., 2017). The use of GEE for vegetation mapping in developing countries
appears to be under researched (Kumar & Mutanga, 2018) and will be another focus of this
thesis. All the research analysis has been done using GEE and, for the first time, this platform

was used to map home gardens and detect invasive pines.

1.1.3 Using Machine Learning Classification Techniques

With a large amount of image data now available and the ability to combine data sources,
machine learning techniques are proving to provide more accurate mapping results. Though
machine learning classifiers may require larger amounts of training data, higher mapping
accuracy can be achieved compared with conventional classifiers (Tsai et al., 2018). Johansen
et al. (2015) concluded that the CART and Random Forest classifiers produced the highest
user's and producer's accuracy for mapping woody vegetation in Australia using Landsat 5 and
7 images. Shimizu et al. (2019) mentioned that there is limited knowledge on the use of
machine learning algorithms to detect forest disturbances through hybrid approaches that
combine different data sources. This thesis used machine learning techniques to further test
their suitability for enhancing forest mapping accuracy. Further, all three research papers
(Chapters 3,4 and 5) used random forest algorithms for map classification and hyperparameter

tuning and cross-validation in the analysis.



1.1.4 Different Vegetation Applications

Another aspect of remote sensing research is its use for developing different applications of
vegetation studies. As this thesis focused on vegetation mapping, remote sensing was used for
two main applications: agroforestry and forestry classification.

Home garden is an agroforestry class widely used in tropical countries' land use classification,
but is neglected in global scale classification. Classifying a home garden is difficult, as it shows
both cultivation and forestry characteristics and adjoins a house. Therefore, all the research on
home gardens focused on diversity and structure but not the spatial element. This gap has been

addressed in Chapter 3, using spectral and textural features.

Most forest applications focus on classification, including forest degradation or deforestation.
Only a few studies have been conducted to investigate pines invasion, especially using remote
sensing. Further, these studies (Bjerreskov et al., 2021; Kaplan, 2021) have mostly focused on
commercial plantations in the temperate regions. Chapter 4 of this thesis investigates the use
of remote sensing for mapping invasive pines in Sri Lanka where the forest classes are mixed,

including tropical pine plantations that are maintained for soil conservation.

1.2 Aim of this research

The main intention of this thesis was to derive robust and accurate information through satellite
images, using solutions that are affordable to Sri Lanka where resources are limited. This
involved identifying the best combination of data sources, image analysis techniques, and also
ensuring the application was relevant to Sri Lanka. For this, vegetation mapping included the
identification of home gardens, and the monitoring invasive pines in the country’s tropical

montane region.

1.3 Scope of this research

This research examined how openly available free remote sensing data sources and Google
Earth Engine cloud platform perform to identify the vegetation cover in a tropical environment
in three different scenarios. The first scenario mapped the home garden class, an agroforestry
class that shares crops and perennial trees on the same landscape and mainly appears as a small
forest patch, due to its stratification. Secondly, this thesis investigated how pine species
escaped from the forest plantations maintained for conservation purposes and invaded the
natural habitat using openly available remote sensing data. Lastly, the research explored how



well the classification accuracy increased when integrating multisource data such as radar,

optical, and topography data to classify the tropical montane land cover.

A mountainous forest site in Sri Lanka was the main focus of this thesis; namely: Belihuloya
in the Sabaragamuwa province — an area with a huge variation in elevation and slope, and wet
and dry climatic characteristics. The area is located within an intermediate climatic zone with
an elevation between 600 and 2000m, and shares different types of vegetation throughout the

area. Due to the steep slopes, many pine plantations are maintained for soil conversation.

No vegetation study has been done in the intermediate zone of Sri Lanka using GEE; therefore,
this research provides an opportunity to promote the use of this technology for countries in

need of free cloud-based remote sensing access.
1.3.1 Specific research questions

1. Isthe GEE platform suitable for mapping vegetation in developing countries?

2. What features are required to distinguish the home garden class from the other
classes?

3. Can invasive pines be monitored in a complex landscape used for conservation?

4. Does the combination of radar and spectral data from different satellites improve

the accuracy of vegetation mapping in cloudy tropical regions?

1.4 The thesis structure and chapter outlines

This thesis consists of six chapters: this general introductory chapter (Chapter 1), a literature
review published as a book chapter (Chapter 2), three chapters comprising peer-reviewed
publications (Chapters 3, 4, and 5), and a concluding chapter (Chapter 6) that provides
discussions and a conclusion. Because chapters 2, 3, 4, and 5 were submitted to different
publication outlets, they follow different specific formatting and referencing styles appropriate

to each publisher.

Chapter 2 — "Using Remote Sensing for Sustainable Forest Management in Developing

Countries"

This chapter is published as a book chapter as Nandasena, W. D. K. V., Brabyn, L., & Serrao-
Neumann, S. (2020). Using Remote Sensing for Sustainable Forest Management in



Developing Countries. In The Palgrave Handbook of Global Sustainability (pp. 1-22).
Springer International Publishing. https://doi.org/10.1007/978-3-030-38948-2 35-1

This chapter describes the remote sensing approach for sustainable forests in a developing
country. Further, it elaborates on the Sustainable Development Goal 15; sustainable forest
management. Moreover, it focuses on how developing countries can use open and freely
available remote sensing data and platforms to conduct forest-related studies. More extensive
literature can be found in each peer-reviewed paper (Chapters 3-5), as they explore three

different remote sensing approaches in three different scenarios.

Chapter 3 - "Using Google Earth Engine to classify unique forest and agroforest classes using
a mix of Sentinel 2a spectral data and topographical features: a Sri Lanka case study"
Chapter 3 is a peer-reviewed paper published as "W. D. K. V. Nandasenaa, Lars Brabyn
and Silvia Serrao-Neumann 2022. Using Google Earth Engine to classify unique forest
and agroforest classes using a mix of Sentinel 2a spectral data and topographical
features: a Sri Lanka case study. Geocarto International Journal 37, NO. 25, 9544—
9559". https://doi.org/10.1080/10106049.2021.2022010

This chapter investigates the importance of remote sensing in classifying a unique agroforestry
class, a home garden. A single date Sentinel-2 image was used to extract the features to classify
the home garden class. It used textural and spectral classification and showed the importance

of texture features in identifying home gardens in Sri Lanka.

Chapter 4 - "Monitoring invasive pines using remote sensing: a case study from Sri Lanka"
Chapter 4: is a peer-reviewed paper published as Nandasena, W., Brabyn, L. & Serrao-
Neumann, S. Monitoring invasive pines using remote sensing: a case study from Sri
Lanka. Environmental Monitoring Assessment 195, 347 (2023).
https://doi.org/10.1007/s10661-023-10919-1

This chapter looks into the expansion of exotic pines into the natural environment using change
analysis and images from two different years (2000 and 2021). Landsat-8 and Landsat-7 were
used to extract the features and identify the grassland and broadleaved forest that are vulnerable

to pine invasion.


https://doi.org/10.1007/978-3-030-38948-2_35-1
https://doi.org/10.1080/10106049.2021.2022010
https://doi.org/10.1007/s10661-023-10919-1

Chapter 5- "Evaluating the Addition of Radar with Optical Data for Vegetation Mapping in a

Tropical Montane Region: a Case Study in Sri Lanka™

Chapter 5: this paper was submitted to the " Journal of Mountain Science."

This chapter investigates the usefulness of radar data combined with optical data to map
vegetation in tropical montane regions with frequent cloud cover. It evaluates six different
scenarios of using spectral, backscattering, and elevation data on mapping vegetation. The
chapter concludes that radar or optical data alone cannot obtain satisfactory results. However,

when combining radar with optical data, the vegetation mapping accuracy is increased.

Chapter 6 — "Discussion and Conclusion”

This final chapter synthesizes previous chapters' results and summarises the research questions’
answers. This chapter recaps the contribution of this research in the remote sensing of
vegetation. Limitations of this research are discussed, including suggestions for future research

that address these limitations.
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Chapter 2
Using remote sensing for sustainable forest management in
developing countries
This chapter is published as a book chapter as Nandasena, W. D. K. V., Brabyn, L., & Serrao-
Neumann, S. (2020). Using Remote Sensing for Sustainable Forest Management in Developing

Countries. In The Palgrave Handbook of Global Sustainability (pp. 1-22). Springer
International Publishing. https://doi.org/10.1007/978-3-030-38948-2_35-1

Abstract

Sustainable forests are productive, multi-functional, and evolving renewable resources that can
meet ever-changing needs. Investing in sustainable forests represents a global investment in
social-ecological resilience because forests are capable of soil and water conservation, carbon
sequestration, providing habitats, and supporting livelihoods. While the Sustainable
Development Goal 15 promotes the sustainable management of all types of forests, including
the restoration of degraded ecosystems to substantially increase reforestation globally,
deforestation rates continue to increase worldwide. In particular, within developing countries
there is often significant pressure on forests to accommodate intense population growth and
support local livelihoods dependent on forest products. Hence, improved forest management
initiatives are paramount. Remote sensing is recognised as an effective monitoring tool for
forest sustainability. This technology is used for mapping vegetation cover and detecting
deforestation and degradation from local to global scales. This chapter discusses remote
sensing technology, its applications to forest studies, and how significant advances in open data
policy and cloud computing over the last decade provide opportunities for developing countries
to use remote sensing to map and monitor forest extent and structure, and thereby assist

sustainable forest management goals.

Key Words: Open Source, Cloud Computing, Reforestation, Sustainable Development Goal

15, Google Earth Engine
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2.1 Introduction

Forests play an important role in reducing water runoff and soil erosion, and in conserving and
protecting biodiversity. However, rapid population growth coupled with commercial
agricultural development contribute to increased deforestation, degradation, and adverse
environmental impacts (Mitchell, Rosenqvist, and Mora 2017; Palo and Mery 1996). Most
countries establish forest plantations to reduce encroachment on natural forests and to provide
timber requirements. Nevertheless, continued pressure on forest resources raises the debate on
managing forests sustainably for future generations. This has increased attention to
afforestation, reforestation, and agroforestry practices such as taungya and home gardens
(Cannell 1988).

Advancing the United Nations (U.N.) Millennium Development Goals, the 17 Sustainable
Development Goals (SDGs) were established in 2015 to focus on global sustainability (United
Nations 2015). In particular, SDG 15 (Life on Land) promotes the sustainable management of
all types of forests that halts deforestation, restores degraded forests, and substantially increases
afforestation and reforestation globally. To fulfil SDG 15, we need accurate information about
what happened, and is happening, within the forest extent and the changes occurring over time.
Remote sensing plays an important role in this by providing information on different scales
(global, regional and national) which can be used for forecasting based on past land use cover
changes. Furthermore, this technology is a proven method for mapping and monitoring the
forest's condition (Broich et al. 2011; Shimizu, Ota, and Mizoue 2019).

Although most of the world’s significant tropical forests are found in developing nations, other
forest types (e.g. temperate, Mediterranean, boreal, and conifer) have drawn more interest
among remote sensing scientists over the past decades (Franklin 2001). Additionally,
researchers from developing countries face challenges imposed by limitations in technical
expertise and significant financial investments required by high-performance computing
infrastructure necessary for tropical forest research (Lechner, Foody, and Boyd 2020).
Furthermore, tropical forest research is also challenged by how the near-permanent cloud cover
limits optical image availability (Mitchell, Rosengvist, and Mora 2017; Boyd and Danson
2005), as well as the remote sensing pre-processing requirements that are demanding and time-
consuming. However, the availability of open-source Earth Observation (E.O.) data is
ameliorating these difficulties in this research domain (Mitchell, Rosengvist, and Mora 2017).

For example, Sentinel satellites have higher temporal frequency and constellation boost
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capability that functions well against cloud-dominated tropical areas (Mitchell, Rosengvist, and
Mora 2017; Bhunia, Shit, and Sengupta 2021); Sentinel’s Synthetic Aperture Radar (SAR)

sensor has demonstrated reliable detection of cloud-free images (Boyd and Danson 2005).

Remote sensing, machine learning approaches and time series analysis have been used to create
datasets for global forest mapping, including forest change and drivers of change datasets that
are freely available for subsequent analyses (see Table 2.1).

Table 2.1 Global land cover Data Sets

Data set Time Satellite Resolution  Source
period

University of Maryland 2009 AVHRR* 1km Defries and Hansen

Global Land Cover (2010)

Classification

Global Land Cover 1992-1993 AVHRR 1km Earth Resources

Characterization Observation  And
Science (EROS)
Center (2017)

Global Land Service 2019 Copernicus  100m Marcel et al. (2020)

Land Cover  Type 2001-2019 MODIS**  500m Friedl and Sulla-

(MCD12Q1) Version 6 Menashe (2019)

Global forest change 2000-2020 Landsat 30m Hansen et al. (2013)

Global Forest Canopy 2019 GEDI and 30m Potapov et al. (2021)

height Landsat

*Atmospheric Administration Advanced very high-resolution radiometer,** Moderate
Resolution Imaging Spectroradiometer, *** Global Ecosystem Dynamics Investigation

Most global-scale land cover products consist of classes defined at the biome level (Gong et al.
2016). Land cover types that are significant but not prevalent in major biomes, however, are
often neglected. Thus, global land cover datasets can experience loss of information and errors
at the local scale, hiding the heterogeneity among regions (Erasmi et al. 2007). In particular,
the home garden, a predominant agroforestry class in tropical developing countries, comprises
a knowledge gap in current literature because it has not been included in available global land
cover products (Pérez-Hoyos et al. 2017). This is because home gardens require products at a
much higher resolution, such as 10m grid (Mathieu, Freeman, and Aryal 2007), when most
available products are between 500m to 1km spatial resolution (see Table 2.1). Hence, details
of land cover types unique to a region or a local area are hard to identify and may compromise

a country’s ability to manage their forests more sustainably.

This chapter advances the discussion on the use of remote sensing technology and its

applications to forest studies. In particular, it explores how significant advances in open data
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policy and cloud computing over the last decade provide opportunities for developing countries
to manage forests more sustainably. The chapter is structured as follows. Section 2.2 describes
remote sensing technologies and processes, including open-source data and cloud-based
platforms. Section 2.3 analyses the applications of remote sensing in forest management, while
future research opportunities are explored in Section 2.4 Lastly, the summary is presented in
Section 2.5.

2.2 Remote Sensing Technology

Remote sensing is evolving rapidly, particularly because it acts as a technological interface
between engineering, computer science, geography and various other disciplines (Lechner,
Foody, and Boyd 2020). Hence, this technology has been used widely to detect, quantify and
map forest types of rough or challenging terrain areas because it provides reliable and updated
information more efficiently (Biswas et al. 2020; Liu et al. 2018). In addition, in recent years,
remote sensing has been used in integrated analysis, combining optical and radar data with
Geographical Information System (GIS) data, topographical data, and climate data. Remote
sensing often follows a process from image capture to classification and accuracy assessment
as shown in Figure 2.1. Within each step in this process, significant advances are being made.
The following sections describe the different steps in this process in more detail. This process

is executed using specialised remote sensing software platforms, and these are reviewed first.

Sampling Design

Inputs Satellite Image and GIS Data (Topography, Climate data)

Training Data Reference Data

Spatial domain Confusion

matrix

CEmEN Statistic
Data fusion Topographical

Process Name | Image Capture Image Image Feature Extraction | Image Classification Accuracy

Preparation nhancement ssessment
(Section
Number) (2.2.2) (2.2.4) (2.2.5) (2.2.6) (2.2.7) (2.2.8)

Figure 2.1 The remote sensing process

Radiometric

Remote Sensing
Process
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2.2.1 Remote sensing software platforms

In past years, a number of commercial remote sensing software has been developed capable of

efficiently processing massive amounts of remote sensing data using various computer

operating systems. These include:

1)

2)

3)

ENVI - a commercial remote sensing software designed by L3Harris Geospatial to
process large multispectral and hyperspectral remote sensing data
(https://www.l3harrisgeospatial.com/Software-Technology/ENVI). This software

offers a wide range of traditional and non-traditional image classifiers since 1974
and requires US$8370 for a subscription.

ERDAS IMAGINE - one of the oldest Geoinformatics software developed in 1978
by Hexagon Geospatial (https://www.hexagongeospatial.com/products/power-

portfolio/erdas-imagine). It contains comprehensive and sophisticated tools for

image analysis with $3500 expense for an annual licence.
PCI Geomatica - a leading remote sensing, photogrammetry, and cartographic
software  developed in 1982 by PClI  Geomatics Corporate

(https://www.pcigeomatics.com/index.php). It offers a high degree of automation

and customised workflow, costing $2229 for a subscription.

In contrast, freely available remote sensing platforms have been emerging and gaining

popularity, thanks to the contributions of many software developers in open source geospatial

analysis (Bhunia, Shit, and Sengupta 2021). The four most common platforms currently in use

are the following:

1) Geographic Resources Analysis Support System (GRASS) - an open-source software

2)

3)

4)

operating since 1984 for geospatial analysis, image processing, and spatial modelling.

This can couple with the statistic software R and be available as a standalone package

with grass scripting.

System for Automated Geoscientific Analyses (SAGA) specialist package - released in

2004, it offers diverse functions, including raster analysis and object-oriented

classification (Rocchini et al. 2017).

Quantum GIS (QGIS) - released in 2002, it is more user-friendly software, and currently

has one of the largest GIS user communities in the world (Steiniger and Hay 2009).

Google Earth Engine (GEE) — is a freely available (but not open-source) cloud-based

platform for non—commercial geospatial analysis launched by Google in 2010. It
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enables users to process data and create products without significant investment in

computing infrastructure (Gorelick et al. 2017).
Despite the free and open-source desktop software platforms and their advancement of image
processing functions, retrieving and downloading satellite images on large scales remain
challenging in the abovementioned platforms. Google has addressed this issue by introducing
an online geospatial analysis platform: GEE with well-trained algorithms and time-series
images through the Google Earth Timelapse. GEE has focused primarily on global forest
monitoring and measurement in order to support Reducing Emissions from Deforestation and
Degradation Plus (REDD+) activities in the developing world. Therefore, this platform was
initially built by publishing a complete archive of more than 25 years of historical Landsat
imagery of tropical regions freely to developing countries (Kumar and Mutanga 2018) because
these countries need to establish national baselines for deforestation as required under the

REDD mechanism that would pay tropical countries to protect forests.

Currently, the GEE platform includes a massive multi-petabyte data catalogue encompassing
over 40 years of E.O. datasets retrieved from different satellites, such as Landsat, MODIS,
National Oceanographic and Atmospheric Administration Advanced very high-resolution
radiometer (NOAA AVHRR), Sentinal-1, 2 and 3, and Advanced Land Observing Satellite
(ALOS) (Kumar and Mutanga 2018). This product enables planetary wide visualisation and
provides free access for the research sector, education sector, and non-profit purposes to the
data processing algorithms and cloud computing facilities (Lee, Cardille, and Coe 2018).
Moreover, the GEE data catalogue includes many pre-processed datasets to streamline spatial
analysis and enhance the analysis with minimal cost, time, and equipment. For example,
Landsat Surface Reflectance has been atmospherically corrected while Sentinel-1 SAR pre-

processed for thermal noise removal, radiometric calibration, and terrain correction.

Cloud computing delivers different computer services, including networks, servers, data
storage, databases, software, and analytics, over the internet without direct active management
by the user. It further enables users to save storage space on desktop computers, collaborate
effectively, and reduce the dependency and cost of expensive computer hardware. As a cloud
computing platform, GEE enables the processing of petabytes of image data (Gorelick et al.
2017), combined with other vector data, within the cloud environment and removes the need
to store, process, and analyse the large volumes of satellite data on a desk computer (Kumar
and Mutanga 2018). Further, this reduces the users’ dependency on specialist remote sensing

software and removes the need for software license subscriptions and expensive computer
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hardware that benefited developing countries the most. Furthermore, researchers can upload
their vector and raster data to the platform and share the repositories with other users to view

older versions of the scripts.

Therefore, understanding and monitoring forest resources can be more easily implemented in
developing countries where computing resources are limited. Jahromi et al. (2020) identified
Asian and African countries had employed the GEE platform more often to conduct forest-
related problems. Similarly, Kumar and Mutanga (2018) recognised that GEE eliminates
geospatial analysis barriers, especially for developing countries. Moreover, GEE benefits
researchers worldwide, demonstrating the power of using large-scale computing to address
global environmental problems and assists users to create real-time data sets. For example,
global forest watch (GFW), launched in 2014, was solely developed using GEE. Table 2.2
shows recent research that uses GEE from the global to the local scale, to detect forest changes.
In addition to providing a facility to monitor forests, GEE has teamed up with the Global
Partnership on Sustainable Development Data of the U.N. for accelerating the progress of
SDGs by providing satellites data and advanced cloud computing technologies (UNBigData
2019).
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Table 2.2 Summary of recent forest studies of GEE in different scales.

Author Focus Period Area/scale Satellite/ Data Source
Hansen et al. (2013) Forest change 2000-2012 Global Scale Landsat

Johansen, Phinn, and Woody vegetation change 2004-2010 Queensland, Australia Landsat 5&7

Taylor (2015)

Tsai et al. (2018) vegetation and land use types 2011 and 2016 Fanjingshan National Nature Landsat 5&8

Wu et al. (2018)
Zurgani et al. (2018)

Zhang et al. (2019)
Deng et al. (2020)

Srinet et al. (2020)

Biswas et al. (2020)
Ranagalage et al. (2020)

Global forest NPP

Land use change

mapping bamboo distribution
Eucalyptus plantations

Mapping plant functional types

Forest type mapping

Forest cover dynamics and

drivers

2004-2013

1999, 2005, 2009,
and 2015
2013-2018
2013-2018

2008-2018

2018

2019
1992 and1999

Reserve, China
Global Scale

Savannah River basin, U.S.

Hainan Island, China
Guangxi province of China

Northwest Himalayan foothills of
India

Myanmar

Dry zone of Sri Lanka

MODIS and ESA Landcover
Landsat 7

Landsat 8
Landsat 8, Sentinel
MODIS
MODIS-Terra and SRTM

2, and

Landsat, Sentine 1&2
Landsat 8 and Forest cover

maps
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2.2.2 Image capture

Remote sensing technology acquires information from a distance by recording electromagnetic
energy reflected or emitted from the earth surface, typically including satellite-borne or
airborne sensors. Two types of sensors are used to capture an image: passive and active remote
sensing. Passive remote sensing (see Figure 2.1-a) measures reflected electromagnetic
radiation from a surface. Examples of passive remote sensing types are Multispectral Scanning
(MSS) (Landsat) and Push Broom Scanners such as SPOT. In contrast, active remote sensing
(see Figure 2.1-b) system emits radiation on the study object and measures the reflected
radiation. The most common types are radar, which operates within the microwave region in

the electromagnetic spectrum, and LiDAR (Light Detection and Ranging).

Most vegetation applications use optical data sources in the visible and near-visible regions of
the spectrum (Shimizu, Ota, and Mizoue 2019). Forest applications have widely used the near-
infrared (NIR) region because of its sensitivity to determine vegetation evapotranspiration,
plant health and distinguish forest types (Verbyla 1995; Rees 2013). Radar in remote sensing
is beneficial in areas with a thick cloud cover due to the advantage of low atmospheric
absorption, which can penetrate through clouds. Radar falls into the microwave region where
the larger than 1cm electromagnetic radiation is categorised (Rees 2013). LiDAR is an active
optical sensor and airborne remote sensing with similar principles to a radar system. Since this
system can determine three-dimensional space for the target location, it is beneficial for
identifying biophysical information on the forest.

2.2.3 Data sources
2.2.3.1 Commercial data

Higher-resolution optical data is available commercially through missions by private
companies and governments in North America and Europe, such as the following. The SPOT
missions by the French National Centre for Space Studies (CNES) offer high-resolution optical
imagery since 1986 and have a resolution of 5-20m. The latest satellites, SPOT 6 and SPOT 7,
are identical satellites that detect ground cover changes and remain operational until 2024. The
Pleiades mission was also launched by CNES in 2009 as a constellation of two spacecraft with
2.8m spatial resolution. The GeoEye mission, operated by Digital Globe of the United States

with a high spatial resolution of 1.64m, was launched in 2008.
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2.2.3.2 Open-source data

Free and open access data policy leads and supports the expansion of remote sensing
applications, which use large amounts of data that vary spatially and temporally. Further, this
leads to local, regional, and global mapping of annual forest change, global surface water extent,
human settlements, and land cover. This policy maximises the societal benefit and supports
remote sensing scientists from developing countries with limited resources to purchase
expensive satellite images. For example, the United States Geological Survey (USGS) Landsat
programme made Landsat available for free via the internet since 2008 (Zhu et al. 2019), which
spurred the adoption of similar policies globally, including the European Space Agency’s
Sentinel images in 2014 (Carrasco et al. 2019). The emergence of free and open access data
policies coincided with the expansion of cloud-based platforms, such as GEE, that have
dramatically assisted the establishment of long-term forest monitoring programmes (Mitchell,
Rosenqvist, and Mora 2017) and increased research using satellite data (Crowley and Cardille
2020). The Landsat and Sentinel missions are further explored in terms of how they contribute

towards achieving SDG 15 and how they benefit scientific research for developing countries.

Landsat. As shown in Table 2.3, Landsat is the longest-running terrestrial satellite since 1972,
started by NASA and the U.S. Geological Survey (USGS). Landsat products have been widely
used for regional-scale vegetation mapping with various sensors (Xie, Sha, and Yu 2008). The
Multispectral Scanner (MSS) was carried on Landsat 1, 2, and 3 with a spatial resolution of
about 79 meters and Thematic Mapper sensor with a spatial resolution of 30m and collected
data in seven spectral bands on Landsat 4 and 5. Currently, Landsat 7 and 8 are operational in
space. The Enhanced Thematic Mapper Plus (ETM+) sensor of Landsat 7 has been designed
to seasonally monitor vegetation growth cycles, deforestation and agricultural land use on a
global scale . The Landsat 8 has launched in 2013 and has two sensors; the Thermal Infrared
Sensor (TIRS) and the Operational Land Manager (OLI).
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Table 2.3 Summary of freely available Open-source data

Satellite name  Data source Missions Spatial Launched
resolution in

Landsat USGS Earth Explorer Landsat1-8 30m 1972

Sentinel European Space Agency  Sentinel 1-6 10m-60m 2014

MODIS NASA Terra and Aqua 250m 1999

NOAA- USGS NOAA 6-14 1.1km 1979

AVHRR

GEDI International Space GEDI 1km 2019
Station

BIOMASS European Space Agency Biomass 60m 2023

P-band SAR

satellite

SRTM NASA SRTM GL1 30m 2000

Sentinel. Sentinel is a family of Earth Observation missions developed by the European Space
Agency under the Copernicus Programme, carrying a range of technologies, such as radar and
multispectral imaging instruments for land, oceanic, and atmospheric monitoring. The
Sentinel-1 mission comprises two polar-orbiting satellites: Sentinel-1A launched in 2014 and
Sentinel-1B in 2016. These satellites are capable of day and night radar imaging for land and
ocean services using the Synthetic Aperture Radar (SAR) sensor, with a 10m spatial resolution,
that has the ability to acquire imagery in all weather conditions (European Space Agency). The
Sentinel-2 mission also comprises two polar-orbiting satellites, Sentinel 2A launched in 2015
and Sentinel 2B in 2017, with a multispectral high spatial resolution image sensor. The spatial
resolution of Sentinel-2 (Table 2.3) varies with the bands. The blue, green, red, and NIR bands
have a resolution of 10m, the red—edge and short wave infrared (SWIR) bands 20m, and all
others 60m (Poortinga et al. 2019). Sentinel-2 constellation improves the capture of canopy
gaps and clearing in tropical forests (Mitchell, Rosengvist, and Mora 2017). These satellite data
have benefits for tropical forest cover studies because they acquire images with a higher spatial
resolution (20m) of spectral bands in near-infrared (band5, band 6, band 7, and band 8a)
(Addabbo et al. 2016). Further, Sentinel 1 radar data add more information on vegetation

structure (Biswas et al. 2020).

The following sections from 2.2.4-2.2.8 explore remote sensing classification. The process of
image classification through remote sensing extracts meaningful units of information from

satellite imagery into different classes and involves the following main steps: image
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preparation, image enhancement, feature extraction, image classification and accuracy

assessment (see Figure 2.1).

2.2.4 Image preparation

Image preparation, or pre-processing, involves ensuring that the images are accurate and have
minimal distortion from the atmosphere. Radiometric pre-processing affects the brightness
values of an image to correct for sensor malfunctions, and geometric correction is the process
of changing spatial coordinates of the image to the corresponding spatial coordinates on the
Earth’s surface (Rees 2013). Moreover, correction of the atmospheric propagation effect is
necessary if more than one scene is to be treated in the same study because atmospheric errors
are possible causes for inconstancy (Verbyla 1995). This can be done using several methods
such as the histogram minimum method, dark object subtraction, and more advanced
atmospheric correction models such as MODTRAN (MODerate resolution atmospheric
TRANsmission) and ATCOR (Atmospheric and Topographic Correction). Different platforms
have their own set of atmospheric algorithms for specific satellite images (e.g.
simpleCloudScore, FMask).

2.2.5 Image Enhancement

Image enhancement aims to produce better images than the original satellite images (Lillesand,
Kiefer, and Chipman 2008). Therefore, image enhancement techniques emphasise satellite
image features such as edges, boundaries, or contrasts to improve the image quality and detail.
As shown in Figure 2.1, there are two types of image enhancement techniques: 1) spatial
domain, or spatial filtering, deals with pixel manipulation; and 2) frequency domain, or contrast
modification, decomposes the image into signal via Fourier transforms (Rees 2013). Spatial
filtering includes two types; low pass filter- smooths the image and reduces noise, and high
pass filter- sharpens the appearance of an image and is used for edge detection. Contrast
modification has several types. The linear contrast stretch is the simplest type of enhancement
in this category that involves identifying maximum and minimum brightness values and
applying a transformation to stretch this range to fill the entire range (Bajpai and Soni 2017).
Histogram Equalisation is the most common and conventional contrast modification method
used to enhance the contrast within an image because it assigns more brightness values to the

frequently occurring portions of the histogram.
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2.2.5.1. Data fusion

The process of combining images or data from different sources with varying extents in time
and space is known as data fusion. This process brings images of varied resolution into a single
image (Campbell and Wynne. 2011). Because of the broad range of characteristics of images
collected by varied sensors and the routine availability of digital data, there has been an
increasing incentive to bring data from varied systems together into a single image (Campbell
and Wynne. 2011). Traditionally, data fusion involves merging multispectral images of coarse
spatial resolution with a finer spatial resolution of the same region. Image fusion can be applied
to varied forms of remotely sensed data, such as merging multispectral images with radar or
digital elevation data. There are several techniques used for image fusion. The High Pass Filter
(HPF) and ARSIS are methods used as spatial domain procedures; these methods extract the
high-frequency variation of a fine resolution image and then insert it into the multispectral

framework of a corresponding coarse resolution image.

2.2.6 Feature extraction

Feature extraction involves extracting useful information from images. This information is then
used for classification. Feature extraction can involve combining data to produce higher-level

information that produces more accurate classifications.

2.2.6.1 Spectral feature extraction

Spectral bands and vegetation indices that can be used for classifications are known as spectral
features. Usually, spectral bands such as red-edge bands, NIR, Shortwave infrared (SWIR) and
visual bands are suitable for forest analysis (Wessel, Brandmeier, and Tiede 2018; Addabbo et
al. 2016). Vegetation indices (V1) are developed by combining several spectral values that are
added, divided, or multiplied in a manner designed to measure biomass or vegetative vigour
(Campbell and Wynne. 2011). Most vegetation indices combine the red spectral region (0.6-
0.7 um) and NIR (0.7-0.11 um) to enhance the vegetation signal while minimising non-
vegetation influences (Chuvieco 2016). These indices provide information about vegetation
greenness or the presence of vegetation in the selected image, such as the normalised difference
vegetation index (NDVI) use NIR and red band.
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2.2.6.2 Textural feature extraction

Texture feature extraction uses statistical measures based on the spatial distribution of grey
levels of an image (Kuplich, Curran, and Atkinson 2005). The common textural feature
extraction methods include spatial co-occurrence and the grey-level co-occurrence matrix
(GLCM). The GLCM, proposed by Haralick, Shanmugam, and Dinstein (1973), has been
extensively used for forest classification (Cheng and Wang 2019; Kuplich, Curran, and
Atkinson 2005), where shadow patterns caused by different tree structures give rise to a
distinctive texture (Hall-Beyer 2017).

2.2.6.3 Topographical analysis

Topographical features derived from remote sensing play a significant role in forest
classification and help to differentiate the spatial distribution of forest types. Further,
topography improves classification accuracy for areas with significant elevation or slope
differences (Deng et al. 2020). Digital Elevation Model (DEM) is used to derive topographical

features such as slope, hill shade, aspect, and elevation.

2.2.7 Image classification

Forest classification can be perform using a pixel-based or object-based classification approach
(Camarretta et al. 2020). Pixel-based classification uses the spectral pattern of each pixel as the
numerical basis for categorisation (Vick 2008). Many researchers identified that a “salt and
pepper” effect was produced in a pixel-based classification of a high spatial resolution image
(Weih and Riggan, n.d.). In contrast, object-based classification groups pixels into objects and
classifies those objects based on their shape, size, colour, spatial variation, and context
(neighbouring information) (Crowley and Cardille 2020). According to Vick (2008), object-
based classification outperformed pixel-based classification methods because spectral and

contextual information usage leads to higher accuracy.

2.2.7.1 Collecting reference data

Reference data are used to interpret and analyse what is being sensed and to validate the
classification. This can be collected at a different time from training data used to classify, such
as field data collection or forest inventory, or to collect the reference data at the time as training
data. In this case, data can be randomly split into two sets; training and reference data (Green
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2017). This is an effective approach when going to the field is expensive and time-consuming.
Another valid and practical option is to use high-resolution images such as Google Earth with
prior knowledge of the study area to validate classification. This is when search and travel costs
are prohibitive and when the extent of the study area is extensive (Biswas et al. 2020). There

is also another possible way to collect the reference data at the time as training data.

2.2.7.2 Training and testing data sampling

Training data refers to a sample of observation, typically consisting of points or polygons, that
relate image pixels or objects to interpret classes plays a vital role in supervised classification
(Elmes et al. 2020). Five different sampling strategies have been commonly applied to build
the training and testing datasets in forest research (Campbell and Wynne. 2011): 1) Simple
random sampling- the elements to be verified are chosen so that all of them have the same
probability of being selected; 2) Stratified random sampling is selected by dividing the
population into regions or strata, according to a variable used in the classification (e.g.
elevation); 3) Systematic random sampling- sample units are selected from a randomly selected
starting point at regular intervals; 4) Systematic unaligned sampling - this modified systematic
sampling by including the randomness into the sampling procedure reduces the regularity bias
and completes the coverage of the territory; 5) Cluster sampling- a group of observations is

selected as a sampling unit instead of using single pixels.

Pixel based
Object based

I

Supervised Learning Unsupervised Learning
Traditional Parallelepiped
Classification
Maximum Likelihood ISODATA

Training
Data

\4

Support Vector Machine
(SVM) K-means
Classification and Regression

Machine Learning Tree
(CART)

Random Forest
(RF)

Figure 2.2 Image classification

24



2.2.7.3 Traditional classifications

Unsupervised classification is the process of grouping pixels' spectral properties into clusters
and assigning a class to each cluster (Jensen 2016). The major problem of this approach is that
the classes produced from an automated system do not closely relate to the land cover class
available on the ground. The K-means algorithm tries to cluster data based on their similarity,

whereas the ISODATA conventional method allows for a different number of clusters.

In contrast to unsupervised classification, supervised classification begins with the user
identifying the land cover for a sample of pixels (training sets) in the image. The parallelepiped
classification uses dimensional boxes, which are determined according to the number of bands
in the image and then enclose the training data for each class. If a pixel exists within a particular
box, then it is assigned to the corresponding class. Maximum likelihood classification shows
the probability distributions for each class, using the training data, in which a given pixel with

maximum likelihood is classified into a corresponding class (Rees 2013).

2.2.7.4 Machine learning classifiers

Supervised classification through the machine learning technique is a rapidly developing area
in remote sensing. Researchers use various machine learning algorithms (see Figure 2.2) to
map forests, monitor degradation and examine carbon sequestration. Vapnik developed SVM
method in 1995 (Lien 2018), works efficiently with small training data sets. This method
focuses on the optimal separation of hyperplanes between classes using training samples
(Jensen 2016). CART is a multi-stage binary decision tree classifier introduced by Leo Breiman
in 1984. Out of these, random forest is recognised as the most outperformed machine learning
for forest classification (Johansen, Phinn, and Taylor 2015; Carrasco et al. 2019). Breiman
(2001) proposed the RF classifier, which runs efficiently on large datasets, and it is an
integrated learning method based on the decision tree, combined with many ensemble methods
of supervised learning (Wessel, Brandmeier, and Tiede 2018). One of the main advantages of
this method is that it estimates what variables are most important in the classification (Johansen,
Phinn, and Taylor 2015). Although GEE provides various traditional computational algorithms
for supervised and unsupervised classifications, increasingly machine learning algorithms are

now being used.
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2.2.8 Accuracy assessment

Accuracy assessment is a crucial step in remote sensing of forests as it determines whether the
resulting classification will be useful for effective decision-making and forest analysis. Remote
sensing is often an iterative process that experiments with different processes and algorithms
to determine the most accurate classification. This trial and error approach relies on having

robust methods for accuracy assessment.

There are a number of ways to investigate the error in image classification: An error matrix,
alternatively called a confusion matrix, evaluates the classification performance and
characterises the errors. In addition to these errors, a confusion matrix can be used to compute
overall classification: accuracy designates the accuracy reported in the error matrix, producer
accuracy is interested in how well a specific category is classified, and user accuracy indicates
the probability of the selected sample classified on the image representing the selected category
on the ground (Congalton 2001). Further, kappa statistic helps to estimate classification
accuracy compared to the randomly assigned reference data of class to each image pixel. Kappa
analysis generally comes with professional imagery analysis software as well as cloud-based

platforms.

2.3 Application of remote sensing for forest monitoring and management

Recent advances in computer vision, machine learning, and remote sensing technologies offer
new tools for detecting, monitoring, estimating, and mapping forests globally, regionally and
locally. This section discusses the use of remote sensing applications for sustainable forest
management under three categories: forest cover classification, forest structure estimation, and

forest change detection.

2.3.1 Forest classification

Increasingly, information on the spatial extent and arrangement of forest cover types, forest
ecosystems, and forest stands are required for effective management. Forest mapping is
generally carried out within spatial, temporal, or taxonomic hierarchies and on a geographic
phenomenon (Franklin 2001). Even though remote sensing is recognised as an effective tool
for global-scale forest cover mapping, it may lead to the loss of regional variations in forest
cover classes, including those related to sustainable forestry systems such as agroforestry
practices (Carrasco et al. 2019). For example, a home garden is an agroforestry system

generally regarded as a sustainable forest system (Kehlenbeck and Maass 2004), which
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primarily reside in the humid tropics. This agroforestry system comprises a piece of land with
a dwelling house and some form of vegetation cover (Mattsson et al. 2013). The small size and
fragmented distribution may lead to the loss of this sustainable forest class from several global
land cover datasets that have been developed using satellite imagery such as AVHRR, MODIS
and Copernicus (Carrasco et al. 2019). This may limit the ability of tropical developing

countries to effectively manage forest environments that are important to their region.

Recent developments in remote sensing techniques, including new analytical methods (Lien
2018) and satellite data sources such as sentinel, radar, and LIiDAR (Bouvet et al. 2018;
Poortinga et al. 2019), provide a promising alternative to accomplish and support the
sustainable management of forest environments in resource-constrained countries. Therefore,
feature extraction, including spectral, spatial, and textural features derived from remote sensing,
play a significant role in forest classification. Biswas et al. (2020) used this combination in
heterogeneous landscapes when a single pixel can cover several forest types, while Sothe et al.
(2017) and Addabbo et al. (2016) used a combination of features to distinguish between species

with similar spectral and temporal signatures.

2.3.2 Forest structure

Structural features of forests are helpful indicators of forest conditions. These features include
tree height and species composition, such as forest crown closure, diameter at the breast height,
volume, height, stem density, age, and stage of development (Franklin 2001). Traditional
methods used to measure forest structure are time-consuming and costly (Camarretta et al.
2020). With technological advancements in sensors and platforms, remote sensing helps
determine these indicators in order to improve ecological restoration and forest restoration

projects.

Identification of canopy height is important to understand aboveground biomass and the basal
area (Lim et al. 2003; Ingram, Dawson, and Whittaker 2005) used to measure ecosystem
productivity and health and to assess carbon sequestration. Vegetation indices have been used
widely in the estimation of biomass (Foody 2003). LIiDAR technology has been used to
measure tree heights and detect canopy volume by retrieving horizontal and vertical
information at a high spatial resolution (Camarretta et al. 2020; Mitchell, Rosenqgvist, and Mora
2017).
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Another importance of recognising structural indicators is for monitoring forest restoration to
measure the effectiveness of the restoration project. In this scenario, indicators such as tree
dimension and aboveground biomass are helpful indicators that can be estimated through
remote sensing. There is an abundance of proposed automated methods to segment crowns
and measure tree heights (Camarretta et al. 2020). While several studies used optical data,
LiDAR, or their fusion to measure above ground biomass, Jucker et al. (2017) developed global
diameter and biomass allometries that can be used for biomass estimation using relatively

simple remote sensing metrics.

2.3.3 Forest change detection

Remote sensing helps detect and monitor forest changes across an area, supporting sustainable
forest management. Forest change can happen in landscape patterns, function, and all spatial
and temporal scales due to natural and human disturbances and ecological succession. Many
instances show remote sensing can identify changes caused by natural disturbances such as

floods, wildfire, wind, insects, and diseases (Franklin 2001).

Forest fires are predominant factors of forest disturbance globally, and fires broadly impact
long-term forest dynamics and biodiversity at both local and regional scales (Lafortezza et al.
2008). Detection of active fires and impact of fires have been a significant application of remote
sensing. Daily global observations of fire occurrences are available through AVHRR, SPOT
VEGETATION, or MODIS sensors (Franklin 2001). After a forest fire, predominate causes of
forest disturbance are insect outbreaks and wind (Lafortezza et al. 2008), which are investigated
chiefly through field-based activities where remote sensing influence is minimal. Several
studies looked into the stressed and healthy trees while others focused on early detection,
defoliation, and forest damage assessment (Muchoney and Haack 1994). However, there is a

clear need for continued forest health monitoring by remote sensing.

Consequently, in an incident of canopy removal or when there is a change in the canopy cover
reflectance, there is an increase in visible reflectance while a decrease in near-infrared
reflectance (Franklin 2001), and at the same time, cleared areas are displaying brighter than
forested areas in the spectral response of SAR images. Therefore, forest change detection helps
identify ongoing deforestation and degradation around a particular area (Reusing 2000). Since
forest structure change can manifest in different ways regionally, locally, and at the ecosystem
level, asserting a particular method remains challenging due to the specific nature of the

degradation. Thus, improved metrics for capturing forest cover change spatially and temporally
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ensure sustainability among the forests. Mondal, McDermid, and Qadir (2020) have used a
multi-scale, satellite-based approach to identify the forest degradation from 2000-2016 in
South Asia and specified the importance of utilising the higher resolution satellite data to assess
the forest cover at the national level. Further, they emphasise the disadvantages of moderate
scale satellite studies towards detecting long-term negative changes affecting forest structure,

composition, and functions.

2.4 Future research

The remote sensing process consist of many steps as reviewed in this chapter. There are many
research opportunities to develop improvements in these steps. This section highlights a few
of these research opportunities, especially with regards to the needs of developing countries.

Over the past years, there has been significant research on accuracy assessment techniques
because of their importance in the practical and theoretical aspects (Foody 2002; Janssen and
van der Wel 1994). Although kappa has been widely used in remote sensing research, this has
also been extensively criticised because the degree of chance agreement may be overestimated
(Wang and Weng 2013). Foody (2020) argued that the kappa coefficient is a chance agreement
that is not an index of accuracy, and therefore, accuracy assessment should finally be heeded
with confusion matrix and per-class accuracy. Wang and Weng (2013) also specify that kappa
analysis is suitable when all the errors in the matrix are considered of equal importance. There
is more research opportunity to develop new accuracy estimation or test the validity of kappa

statistics towards forest mapping in this scenario.

The near-permanent cloud cover often challenges tropical forest researchers. In recent years,
radar data from Sentinel 1 helps overcome the cloud cover limitations in the tropics (Poortinga
et al. 2019), but for higher accuracy, data fusion is preferable because it combines different
data sources with varying extents in time and space. Although tropical forest research focuses
on spatial radar and optical data fusion, more research needs to address temporal aggregation
(Biswas et al. 2020). Furthermore, South Asian regions, which are highly dynamic areas for
deforestation and degradation, remain understudied compared to research carried over Europe,
China and North American continent to detect temporal changes to manage the forest
sustainably (Mondal, McDermid, and Qadir 2020; Miettinen, Stibig, and Achard 2014).

Advances in machine learning algorithms and open access data facilitated massive

computations in cloud platforms that lead to temporal analysis on a global scale. In contrast,
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smaller agroforestry classes, important for countries and cultures, are often neglected from
global data sets. In order to minimise this effect, more remote sensing studies need to identify
features important to sustainable forest practice in developing countries, such as home gardens.
(Kehlenbeck and Maass 2004; Abebe et al. 2013).

Exploring the potential of open-source data to estimate forest variables over a large area are
needed when LiDAR products are not cost-effective. In that scenario, recently launched
missions such as GEDI (Potapov et al. 2021) helps estimate the forest heights, and those
launching soon, such as the BIOMASS mission, carry a p-band synthetic aperture radar, hold
enormous potential on forest carbon calculations (Dupuis et al. 2020). Further, Mission
Algorithm and Analysis (MAAP) is a cloud-based platform developed for generating forest
biomass products by NASA and ESA, fully operational from 2021. MAAP comprises tools and
algorithms specifically developed to map ecosystem structures from space-born datasets such
as Biomass NISAR (NASA-ISRO SAR Mission) and GEDI (Albinet et al. 2019). These
opportunities will lead developing nations in monitoring and managing forest degradation
before it turns into deforestation, therefore, paving the way for SDG 15.

2.5 Summary

Sustainable Development Goals were established to focus on global sustainability with broad
17 goals to be achieved by 2030. Special attention has been given to forest protection and
management under the SDGs goal 15 due to its importance towards livelihood and poverty
eradication. Consequently, accurate information of forest structure and spatial and temporal
change detection is crucial for sustainable forest management. In that scenario, remote sensing

is a proven method to monitor forest degradation, deforestation and to measure forest variables.

In recent decades, advances in remote sensing, machine learning, and GIS have created new
ways to conduct forest research. The most significant advancement in remote sensing occurred
with the availability of open-source data, followed by the improvement of open source or freely
available software and cloud-based platforms. These factors enhance the capability of the
developing countries to conduct research and monitor forests in a very effective and efficient

way.
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Chapter 3
Using Google Earth Engine to classify unique forest and agroforest
classes using a mix of Sentinel 2a spectral data and topographical
features: a Sri Lanka case study

This chapter was published as "W. D. K. V. Nandasenaa, Lars Brabyn and Silvia
Serrao-Neumann 2022. Using Google Earth Engine to classify unique forest and
agroforest classes using a mix of Sentinel 2a spectral data and topographical features:
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Abstract

Global land cover classifications may lead to the loss of important local and
national nuances such as forest and agroforestry classes. These classes are
important to local contexts because they contribute to sustainable land
management systems. This paper demonstrates the application of Sentinel-2A
satellite images, elevation data, and the Google Earth Engine platform to generate
more detailed, specialist land cover classification for forestry classes important
in Sri Lanka deriving ten spectral, 16 textural, and three topographical features
from the input datasets. The random forest classification model discriminates
vegetation types as forest, forest plantations, shrub, grassland, home garden, and
cultivation with an overall accuracy of 94% and kappa value of 0.91. Results
indicate the elevation feature contributes the most to discriminate forest and
agroforestry classes, and red band (664.6 nm) textural metrics derived from grey-
level co-occurrence matrix analysis are more useful for separating the home

garden from other land cover classes.

Keywords: home garden, random forest, grey-level co-occurrence matrix

3.1 Introduction

Forests are the largest land-based carbon pool (Liu et al. 2018) and play an important role in
reducing water runoff and soil erosion and conserving and protecting biodiversity. However,

rapid population growth coupled with agricultural development contributes to increased
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deforestation. Agroforestry systems that cultivate trees and crops together in agricultural lands
can offset the deforestation effects because they can reduce the stress on forests (Mattsson et
al. 2013). While cultivating trees and crops together is a traditional practice in many tropical
regions around the world, attention to this land management strategy has grown more recently

because of its potential contribution to achieving sustainability goals (Kumar and Nair 2006).

Nonetheless, global initiatives that classify environments inadvertently change the way
environments are being conceptualised (Cheng and Wang 2019). In particular, global satellite
image archives and massive shared image processing servers, such as Google Earth Engine
(GEE), may lead to the loss of regional variations in land cover classes, including those related
to agroforestry systems. This may limit the ability of some countries to more effectively
manage forest environments important to their region. Hence, information regarding the spatial
distribution of both forest and agroforest types must continue to be generated to support
sustainable land cover management (Cheng and Wang 2019). Recent developments in remote
sensing techniques are a promising alternative to support land management in resource-
constrained countries. Specifically, the refinement of both the spatial and spectral features of
sensors and increasing improvement in classification algorithms have strengthened remote
sensing usability as a source for detecting forestry and agroforestry related land cover types,
tree species, and tree species groups mapping. Building on this, the paper uses Sri Lanka as an
example to demonstrate the application of freely available Sentinel-2A satellite images,
elevation data, and the GEE platform to generate more detailed, specialist land cover
classification for forestry classes. While many researchers have identified forest cover changes
in Sri Lanka (Lindstrom et al. 2012; Perera K. et al. 2012), some studies classified the country's
land cover (Premakantha et al. 2009; Rathnayake et al. 2020), while others prioritised unique
land cover classes such as home garden (Perera Kithsiri and Tsuchiya 2009; Mattsson et al.
2013). Very few studies have differentiated and categorised agroforestry classes using remote
sensing. In particular the mapping of the "home garden' class using remote sensing has not
been researched. This paper will address this knowledge gap as this is an important land use in
Sri Lanka.

3.1.1 The Use of Remote Sensing and Image Analysis for Forest Classification

During the last decade, there has been a development in the availability of medium and high-
resolution satellite data and the functionality and power of remote sensing platforms (Carrasco

et al. 2019). While high-resolution data help provide more accurate information on tree species
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identification by gathering data on different tree spacing and tree crown sizes, they are too
expensive for many developing countries like Sri Lanka. With the emergence of the GEE
platform in the last decade (Zurgani et al. 2018), many scientists have successfully conducted
research globally, including those in developing countries that originally could not do so
because of the costs involved. This has been enabled because the GEE platform allows users
to store images in the cloud and provides greater computing power for image processing and

analysing (Carrasco et al. 2019).

Remote sensing is an effective tool for global-scale land cover mapping, and several global
land cover datasets have been developed using satellite imagery such as AVHRR, MODIS and
Copernicus (Carrasco et al. 2019). Global-scale land cover datasets consist of land cover types
defined at the biome level (Gong et al. 2016), but the major classes not prevalent in the tropics
are often neglected (Erasmi et al. 2007). Thus, global land cover classification datasets
inevitably experience loss of information and errors because detail at local scales may be
missing, thus hiding heterogeneities among regions (Erasmi et al. 2007). Nevertheless, various
researchers (Stibig et al. 2007; Gong et al. 2016) have highlighted the low-level accuracy of
these datasets, especially among human settlements and croplands. As Mertes et al. (2015)
stated, human settlements in rural areas are easy to confuse with fallow land or bare land.
Simultaneously, croplands in the tropical region are often underestimated because cropland
could be mixed with natural vegetation or bare lands (Yu et al., 2013). In contrast, Stibig et al.
(2007) identified the overestimation of cropland in South Asia, where infrastructure, populated
areas, forest fragments, and bare lands are hard to separate from cropland and are thus
incorporated. Furthermore, these products restrict the minimum detectable area of change and
lead to mixed land cover types resulting in a significant information loss (Erasmi et al. 2007),
especially in small-scaled heterogeneous landscapes such as annual and perennial crops,

grasslands, and agroforestry systems common in the South and Southeast Asia.

Localised, national land cover classification systems vary worldwide. In the Sri Lankan
context, the land cover classification system has many differences compared with global land
cover datasets (Table 3.1). A key distinction is the addition of extra classes such as 'home
garden'. A similar nuanced classification also applies to the forest class. In the Sri Lankan land
cover classification system, the forest class is divided into four broad categories: dense forests,
open forests, forest plantation and reservation. In contrast, global land cover datasets identify
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forest cover according to the climate and leaf variability, such as evergreen, broadleaf,
deciduous, or as a single biome.

Although many studies (Erasmi et al. 2007; Stibig et al. 2007; Rathnayake et al. 2020) have
used remote sensing techniques to map land cover classes in South and Southeast Asia, very
few studies focus on classifying agroforestry systems. Home gardens are an agroforestry
system that requires high spatial resolution satellite data because of their small size and
fragmented distribution. This agroforestry type is generally regarded as a sustainable
production system (Kehlenbeck and Maass 2004), primarily in humid tropics. Home gardens
have been identified as the oldest land use activity, only to shifting cultivation in the tropics
(Pushpakumara et al. 2012). From the prehistoric era, home gardens have gradually spread to
many humid regions in the south and southeast Asia, including Indonesia, the Philippines,
Thailand, Sri Lanka, India and Bangladesh. At present, this land use is widespread throughout
East and West Africa, and Mesoamerica and the Pacific Islands and also found outside the
tropics, such as in Europe (Kumar and Nair 2006). Though home gardens are common in many
regions, components and composition may vary between regions (Kehlenbeck and Maass
2004). In Sri Lanka, the home garden comprises a primary land use class (Das and Das 2014;
Sangakkara and Frossard 2016), totalling about 18.2% of total land cover (Land Use Policy
Planning Department 2020). The home garden, also known as a homestead (Rathnayake, Jones,
and Soto-Berelov 2020), comprises a land with a dwelling house and some form of vegetation
cover, with an average size ranging from 0.05 to 2.5 ha (Mattsson et al. 2013). This land use
system is important for Sri Lanka in relation to the percentage of land area occupied and its use
for timber and fuelwood production and, food and nutritional security for the household
(Pushpakumara et al. 2012). Therefore, remote sensing techniques are required to identify this
essential land use class.
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Table 3.1 Comparison of Sri Lankan and Global Land Cover classification classes

Classification Name

University  of
Global
Classification GLC?!

Maryland

Land Cover

Global Land

Characterization?

Cover

Global Land Service®

Land Cover Type
(MCD12Q1)

Version 6 *

National Land use

Classifiaction®

Extent

Water Classes

Forest Classes

Grassland classes

Shrub Classes

Cropland Classes

Barren land Classes
Urban area Classes

Other Classes

Global
Water

Evergreen need leaf forest

Evergreen broadleaf forest
Deciduous Needleleaf forest
Deciduous broadleaf forest
Mixed forest

Woodland

Grassland

Wooded grassland/scrubland

Closed shrub land
Open shrub land
Cropland

Barren
Urban and built

Global
Water

Evergreen Needleelaf forest

Evergreen broadleaf forest
Deciduous Needleaf forest
Deciduous broadleaf forest

Mixed forests
Grasslands
Woody savannas
Savannas

Closed scrublands
Open scrublands
Croplands

Barren or sparsely vegetated
Urban and build-up
Permanent wetlands
Permanent snow and ice

Global
Seasonal water

Permanent water

Forest

Herbaceous vegetation

Shrub land
Cropland

Bare/sparse vegetation
Build-up

Show
Moss and lichen

Global

Water bodies

Forest

Grasslands
Savannas

Shrub lands
Croplands

Barren
Urban and built up
Wetland

Sri Lanka
Water bodies

Dense forest

Open forest
Forest plantation
Reservation

Grasslands

Shrub

Agricultural land
Bare land
Abandoned
land

Built up land
Wetland
Rocks

agricultural

Homesteads/ home garden
Sandy areas

Source: Defries and Hansen (2010)%, Earth Resources Observation and Science (EROS) Center (2017)2, Marcel et al. (2020)3,
Friedl and Sulla-Menashe (2019)*, Land Use Policy Planning Department (2018)°
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3.2 Material and Methods

3.2.1 Study area

The study area covers an area of 25,517ha and is located in the Belihuloya region in the
Sabaragamuwa province of Sri Lanka (Figure 3.1). The terrain is a combination of flat, rugged,
and mountainous areas with the dominant soil group of Reddish Brown Earths and Low Humic
Gley soils. The Hawagala mountain range, which has an altitude ranging from 530m to 1414m,
is in the north of the study area, and in the south corner, there is a large reservoir known as the
Samanala reservoir spreads along 897ha with an altitude of 400m. According to the Sri Lankan
elevation classification, this region lies in the mid-country, where the elevation ranges between
600m to 900m. The region belongs to the intermediate climate zone and has both wet and dry
characteristics as it receives 2500mm, and 1750 mm mean rainfall during the Northeast
monsoon and Southwest monsoons, respectively, with a short and less prominent dry season.
The mean annual temperature is about 27 °C. Vegetation in the study area presents a less
marked climatic and phenological response to seasonality and consists of patches of montane

forests, grasslands, shrubs and pine plantations.
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3.2.2 Inputs

Following section describes the framework (Figure 3.2) developed for this research.

____________________________________________________________

Step 2: Differentiation
on vegetation and non-
vegetation area

NDVI >0.35

/ Yes N‘\{O

In situ land
cover classes

Veaetative areas Non-Veoetative areas

Step 3. Feature
extraction

Feature extraction (texture, spectral and [«

elevation

Step 5: Accuracy
assessment

Accuracy  assessment for the selected
classification from step 4

1

1

: Feature selection validation | 1

Step 4: Selecting 1aan !
the best K-fold |
Classification . '
Trainina !

Random forest Accuracy assessment '

|

1

1

1

1

1

Figure 3.2 Overview of the five steps used to carry out the analyis

3.2.2.1 Multispectral Sentinel 2A Image

The Sentinel-2 constellation includes two identical satellites: Sentinel 2A was launched in 2015

and Sentinel 2B in 2017. The temporal resolution of Sentinel-2 is ten days, but it decreases to

five days when both the satellites are operational, in the equator (Bhattacharjee et al. 2021) and
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has a spectral resolution from 443-2190nm. The spatial resolution of both Sentinel-2 is
different in 13 spectral bands. These are blue (490nm), green (560nm), red (665nm), and Near-
infrared (NIR ) (842nm) bands at 10m resolution, red—edge (705-783nm) and shortwave-
infrared bands (SWIR) (1610-2190nm) at 20m resolution, and three atmospheric correction

bands at 60m resolution, including cirrus-cloud screening (Band 10) (Forkuor et al. 2018).

Studies that use Sentinel-2 found that it outperformed Landsat 8 because of improved spatial
and spectral capabilities (Forkuor et al. 2018; Biswas et al. 2020) and a practical option for
forest monitoring and mapping (Addabbo et al. 2016). Moreover, this satellite has a high
potential for forest species classification and the differentiation of vegetation types in a
complex landscape involving small land parcels (Wessel et al. 2018; Mngadi et al. 2021). The
Sentinel-2A cloud-free image acquired on 02.04.2020 used in this study was extracted from
GEE. The data derived from Sentinel-2 level-2A image have been orthorectified and
atmospherically corrected to obtain surface reflectance. Only the 20m spatial resolution bands
were resampled to a 10m scale based on bicubic interpolation in this study. Finally, the clipping

operation was executed.

3.2.2.2 Elevation Data

The Shuttle Radar Topographic Mission (SRTM) provides digital elevation data (DEM) on a
near-global scale. The SRTM Plus version with a spatial resolution of 30m and vertical
resolution of 10m (Bourgine and Baghdadi 2005) was acquired from GEE, and topographic
features such as elevation, aspect, and slope were extracted.

3.2.2.3 Training and Validation

Mixed sampling was selected for the research: point and polygon sampling. However, point
sampling does not work well in the home garden context because households and trees need to
be represented. Therefore, polygonal sampling was used to get a clear picture of the home
garden. The adopted classes in the study area and their respective number of points and
polygons used for training were: forest (191), pine plantation (212), grassland (156), shrub
(106), home garden (115), and cultivation (51).

This research used WorldView-3 images dated on 26.03.2020 and 17.04.2020 in Google Earth

with prior knowledge of the study area to validate forest classes. WorldView-3 satellite
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provides 1.24m multispectral resolution at the nadir and 1.38m resolution at the 20° off-nadir.
This method is a valid and practical option when search, and travel costs are prohibitive and
when the study area is extensive (Biswas et al. 2020). Google Earth imagery was used by Zhang
et al. (2019), Deng et al. (2020), and Senanayake et al. (2020) to collect field sample points,
where Das and Das (2014) and (Perera Kithsiri and Tsuchiya 2009) used it to validate home

garden in India and forest cover in Sri Lanka, respectively.

Table 3.2 Validation points use for decide NDVI threshold
Date Nov 13th 2020

Vegetation area 200

Number of points )
Non-vegetation area 200

3.2.3 Feature extraction

3.2.3.1 Spectral Feature Extraction

Normalised Difference Vegetation Index (NDVI — Equation 3.1) was used to select the
vegetative area by filtering non-vegetative areas, including water and urban. According to
USGS (2018), moderate NDVI values (from 0.2 to 0.5) correspond to sparse vegetation, and
higher NDVI values (from 0.6 to 0.9) correspond to the dense vegetation. Taufik et al. (2016)
selected NDVI values more than 0.35 (moderate and high NDVI values) to extract the
vegetation class. Correspondingly, in this research, the mean NDVI value (0.35) of the ground

sampling pixels (Table 3.2) was selected to differentiate non-vegetation and vegetation.

(NIR — RED)

NDVI =
(NIR+RED)

(3.1)

In forest studies, red-edge bands, NIR, SWIR and visual bands are suitable for the analysis
(Addabbo et al. 2016; Wessel et al. 2018); therefore, all these bands in the Sentinel-2 image
were selected to train the classifier. Furthermore, the Red-Green Chlorophyll Index (Equation
3.2) vegetation index was also used as a spectral feature.

Red edge3
Red edgel

RGCI = (3.2)
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3.2.3.2 Data reduction

PCA- Principal Component Analysis (PCA) is a data-dependent analysis that employed to
reduce the extracted features' dimensions from data and isolate variation types in individual
components (Liu et al. 2018), ultimately improving the results (Wessel et al. 2018; Nordin et
al. 2019). PCA was applied to the original image to extract the principal components (Wang
et al. 2016) from the data. After a visual examination, the second principal component was

selected, and the other seven PC bands were eliminated.

3.2.3.3 Texture Feature Extraction

Texture, such as roughness or linear patterns, are just as useful as colour (spectral) information
for differentiating land use classes (Kuplich et al. 2005). This study used the grey-level co-
occurrence matrix (GLCM) for texture feature extraction, proposed by Haralick et al. (1973),
which has been extensively used for land cover classification and forestry (Kuplich et al. 2005;
Feng et al. 2015; Cheng and Wang 2019). This analysis often requires setting four parameters:
window size, spectral bands, quantization level (defined as the range of reflectance values in a
particular spectral band), and spatial component (the distance between pixels and the angle or
direction) (Puetz and Olsen 2006; Sothe et al. 2017). However, GEE only allows two
parameters to be set: spectral bands and window size. In this research, the textural metrics were
mainly calculated for the second PC band derived from PCA classification. GLCM was applied
to all nine spectral bands and but only the most important 16 textural bands were used for the
classification. Out of these parameters, window size affects the performance of the textural
metrics for classifying land use. Small windows may amplify differences and increase noise
content in the texture of the image. However, large windows cannot effectively extract texture
information due to the smoothing that results (Sothe et al. 2017). Therefore, a proper window
size helps extract the particular landscape feature by matching the patch size. Three different
moving windows were chosen and applied for the second PC band to analyse how classification
accuracy changes with texture window size: 5x5 size (5), 10x10 size (10), and 15x15 size (15).
Texture features derived at the most accurate window size (5%5) was added as a band to the
selected image for further classification. Once the selection of window size was completed, the
statistical measures were designed to extract the characteristics of the matrix (Ouma et al.
2008).
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3.2.4 Classification using Random Forest

Random Forest (RF) was used for image classification in this study because of its robustness
and efficiency (Feng et al. 2015). It is an integrated learning method based on the decision tree,
combined with many ensemble methods of supervised learning (Wessel et al. 2018). Breiman
(2001) proposed this method, and it has been increasingly used for image classification in
remote sensing due to its flexible, nonparametric nature and ability to limit overfitting (Feng
et al. 2015; Cheng and Wang 2019) and achieve higher accuracy than other machine learning
methods (Sothe et al. 2017; Liu et al. 2018). In order to run the classifier, the number of trees
(ntree) and the number of features in each split (mtry) need to be set up (Biswas et al. 2020).
The maximum number of trees used for this research was 350, with variables per split set to
the default of the random forest algorithm, which uses the square root of the number of

variables concerned.

One of the main advantages of random forest method is that it can provide information on each
input variable's contribution to classification accuracy (Feng et al. 2015). The mean decrease
Gini (mdg) variable measured internally by the RF algorithm in GEE was used to determine
the importance measure of each feature used (Forkuor et al. 2018) in partitioning the training
data into the defined vegetation classes during the model building process. Higher Gini scores
correspond to consistently found features and are more important to the model. Therefore, the
most significant variables were selected (Table 3.3). The important variable (feature)
assessment was re-run separately on the home garden to identify the significant variables. All
the importance values were normalized using the mean and the standard deviation to put the

variables on the same scale for a better representation.
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Table 3.3 Variables used for the Main classification

Selected features Variables

Spectral
Bands B3, B4 ,B5, B6, B7 ,B8, B8A, B11,B12
Vegetation index RGCI

*Textural B2 diss, B3 contrast, B3 savg, B4 _diss,

B4 dvar, B4_inertia, B4 _savg, B4 var,

B5_savg, B8A savg ,B8 savg, B1l savg

B12 savg, PC2, pc2_corr, pc2_savg
Topography Elevation

Slope

Aspect

Note: * Diss- Dissimilarity, contrast- Contrast, Savg- Sum of Average dvar- Difference of

variances, inertia- Inertia, Var- Variance, Corr- Correlation

3.3 Results

The final map of the forest and agroforestry classification shown in Figure 3.3 corresponds to
vegetation distribution. The dense forest is the most dominant land cover class with an extent
of 5347.79 ha, followed by the home garden (3448.01 ha) cultivations (2699.48 ha) and pine
plantations (1455.4 ha); grassland (444.39 ha) is the least dominant vegetation type. The dense
forest can be seen on the gentle slopes and the flat regions in the southern corner of the study
area. In contrast, Pinus plantations are located on ridges and steep areas where the slope is
higher than 18% (Figure 3.4). Home gardens are spread around the study area, whereas

grassland is concentrated north of the study area.
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Figure 3.4 Slope map of the study area

K-fold cross-validation procedure was used to estimate the accuracy of the random forest
classifier. This study adopted fivefold cross-validation by dividing the data into five randomly
stratified folds. In each experiment, one of the data folds was left for validation (30%), and the
remaining used to train the classifier (70%). The performance quality of the trained classifier
was tested on the validation fold, and overall performance was measured (Table 3.4). Then
averaged over the five experiments (k-folds). The overall accuracy (OA) and kappa coefficients
are 94.26% and 0.91, respectively, indicating a successful classification result; this was
possible due to the combination of spectral, textural and elevation data. All the classes reveal
a well-balanced user's accuracy (UA) and the producer's accuracy (PA). The most accurately
classified classes were pine plantations, forest, and home garden, with PA and UA higher than

90%, followed by shrubs and grasslands (more than 80%). The most problematic class was
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cultivation, which only achieved a PA of 69.54%. Tea and annual plant cultivations practice

around the homestead generated confusion in the cultivation group.

Table 3.4 Confusion matrix

Land cover Forestry classes Agroforestry Classes  Total
Pine Natural Grassland Shrub  HG Cultivation

Pine 74 1 0 0 0 0 75

Natural 0 76 0 0 0 7 83

Grassland 0O 0 36 7 0 3 46

Shrub 1 1 12 41 0 0 55

HG 0 0 1 1 293 2 297

Cultivation 0 1 0 1 8 25 35

Total 75 79 49 50 301 37 591

UA (%) 98 90.38  84.83 86.87 98.6 74.97

PA (%) 98.82 9655 9051 83.15 97.5 69.54

OA (%) 94.26

Kappa 0.91

The results of spectral only classification presented in Figure 3.5 (a) retained the 'salt and
pepper' like pixel appearance. When the GLCM s introduced in the classification process
Figure 3.5 (b), the previously dominant 'salt and pepper' appearance is significantly reduced,
especially in cultivation and home garden. This reflects the contribution of the GLCM texture
measure with a corresponding window size of 5x5. However, this improvement is observed in
Table 3.5, which compares the accuracy of adding texture, topography, and vegetation indices
to the spectral bands.

52



Legend

I Pine Plantations

I Forests
Grasslands
Shrubs

I Home gardens

I Cultivation areas
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Table 3.5 Accuracy

Variables Overall Accuracy Kappa
Spectral 84.70% 0.77
Spectral +Texture 92.71% 0.89
Spectral +Texture+ Topography  93.72% 0.90
Spectral+ Texture + 94.26% 0.91

Topography + Vegetation Index

The feature importance can be used to extract the contribution of each selected variable towards
the classification. The Gini score produced by the RF algorithm for each important variable
was converted to a normalised value based on the mean and standard deviation of feature
importance assessment. This feature importance assessment varied depending on the classes
used in training the random forest classifier. When the classifier was trained on the complete

set of the forests and agroforest classes, the importance of spatial, spectral and textural features

53



was different from the random forest classification run separately on the home garden. As
illustrated in Figure 3.6, topographical features are the most important variables to identify
forestry classes. The second vital variable group is the textural group. Finally, the third
important group is spectral features: SWIR-1 (B11), NIR narrow band (B8A), SWIR-2 (B12),

and this includes one vegetation index: RGCI.
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Figure 3.6 Feature importance-main classification

54



w b
(€ T U © |

0.5

Variable Imporatance
= N
o R N U w
%
K.
%
Q

Features

Figure 3.7 Feature importance-home garden

Figure 3.7 illustrates the feature importance of the home garden; the higher the value, the more
important the feature. In contrast to the main classification, "red_dvar" is the key variable to
distinguish home gardens relative to other vegetation covers, followed by "red_diss" and
"red_inertia". Out of the eight textural metrics derived, metrics of the red band shows the

highest relevance to distinguish the home garden from the other five vegetation covers.

3.4. Discussion

3.4.1 Combining spectral, textural, and elevation data

The present study demonstrates the importance of combining spectral and texture features, and
elevation for vegetation cover classification. An OA of 94.26% was obtained by combining ten
spectral, 16 textural and three elevation bands. The home garden showed 98.60% UA in the
forest classification, with pine at 98%, followed by natural forest at 90.38%. In comparison,
Cheng and Wang (2019) also had a good result with combining spectral, textural and elevation
data with an OA of 86.88% using RF classification for forest type classification in the Qinling

Mountains, China.

The influence of each type of feature set on forest and agroforestry classification was tested.
Using only spectral bands produced significantly lower accuracy (OA-84.70%) than feature
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sets that combined spectral, textural and topographical features (Gong et al. 2016), which
achieved 93.72% accuracy. The classification accuracy is significantly improved by
introducing the textural and topography features, and the increment in the OA is 9%. These
results are in line with Liu et al. (2018) and Sothe et al. (2017). This differs from Immitzer et
al. (2016), who argued that combining these features does not produce higher accuracy when
using Sentinel-2. However, adding vegetation indices to the classification produced only a
minimal improvement for the overall performance; a similar finding was made by Spracklen
and Spracklen (2019), who classified old-growth forests in Europe using textural, elevation

data band standard deviation and vegetation indices.

3.4.2 Extraction of forestry and agroforestry classes

Feature importance analysis demonstrated that the selected features had played an important
role in discriminating various forestry and agroforestry types. Elevation, SWIR-1_Sum of
Average and SWIR-1 were identified as the key features for differentiating forest types,
followed by the SWIR-2_Sum of Average. The results are consistent with previous studies.
For instance, Spracklen and Spracklen (2019) found elevation, SWIR bands, red edge and NIR
important for differentiating forest types. Similarly, Liu et al. (2018) found the terrain
contributes the most to forest type identification with multi-temporal data. The higher
importance of elevation can be attributed to the study area’'s landform, which has a high
variation in elevation and slope, whereas Deng et al. (2020) found that elevation does not act
as a pivotal attribute in areas with minor elevation variation. In line with Balasubramanian
(2017); Biswas et al. (2020), we identified that "savg" is the most useful texture metric for
differentiating forest and agroforest types. However, the widely reported GLCM textures for
vegetation related studies were not selected as important features. These include "correlation”
Wang et al. (2016) and "contrast™ Kuplich et al. (2005); Cheng and Wang (2019), which are
demonstrated to play an important role in forest extraction. Ouma et al. (2008) have stated that
vegetation's type and density can influence the texture metrics. Therefore, this rather
contradictory result may be because the research focuses not only on forest extraction but also

on agroforestry classes that incorporate trees and crops.

A number of researchers (Immitzer et al. 2016; Sothe et al. 2017; Biswas et al. 2020) have
concluded that the reflectance of red-edge and SWIR bands are the most important for forest
classification with Sentinel-2 data. The present research also confirmed the high values of both

red-edge and SWIR for differentiating forest types. Though none of the red-edge bands was in
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the top ten variables, the B8A band became the fifth important variable differentiating forestry

and agroforestry classes.

This study further suggests that freely available remotely sensed data (Sentinel-2) have the
potential for forest and agroforestry type identification and offer significant classification

accuracy without the need for commercial satellite imagery and the platform.

3.4.3 Home garden

The home garden is an important land cover class in Sri Lanka and essential in South Asian
rural farm households (Sangakkara and Frossard 2016). Due to plants and trees' presence, the
home garden tends to be misclassified with forest (Rathnayake et al. 2020) or cultivation areas
(Dong et al. 2016) which was also found in this research. This problem could arise because
home gardens are mainly rain-fed (Land Use Policy Planning Department 2020), so during the

dry season falls (February to April), they may show cropland characteristics.

Research studies focused on home garden primarily identified their plant species composition
and abundance (Kehlenbeck and Maass 2004; Abebe et al. 2013) of home garden distribution
over a region (Premakantha et al. 2009; Das and Das 2014; Sangakkara and Frossard 2016), or
the change over time (Pushpakumara et al. 2012). Moreover, some researchers (Martin et al.
2019) have considered the socioeconomic characteristics of this land cover class, including the
ownership and structure of home gardens (Perera AH and Rajapakse 1991). To our knowledge,
this study appears to be the first to identify the important variables needed for classifying home
gardening using remote sensing. Furthermore, this study depicts the feature importance of the
home garden and presents similar results with other remote sensing studies concerned with
forest types and crop types classification (Immitzer et al. 2016; Balasubramanian 2017).
Interestingly, textural features are the main feature category that helps extract home garden
class, especially metrics derived from the red band. Further, as in the main classification,
elevation and slope became the second vital feature category to determine the home garden due
to the topographical variability of the study area.

According to the variable importance, "red _dvar" is the most important textural feature for
identifying the home garden, whereas "red _diss", "red _inertia", "red _ prom", and "red
_contrast” bands were also significant textural features. Moreover, Balasubramanian (2017)
found that "prom™ and "diss™ textural metrics are significant variables for differentiating crop

types. While Cheng and Wang (2019) demonstrated that the "red_contrast” is more important
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when distinguishing among evergreen forest types, which is also a significant variable in the
home garden class because it is attributable to the differences in leaf structure. Further
investigation is needed to identify tree species in the home garden using remote sensing to
manage this agroforestry system for future sustainability.

3.5 Conclusion

The present study has demonstrated the utility of GEE and freely available satellite data sources
for mapping forestry and agroforestry classes important to Sri Lanka at high spatial resolution
(10m). The GEE platform was used to prepare, analyse, and produce maps using textural
spectral and spatial features. This included the use of PCA and GLCM analysis methods as
well as the random forest classifier. The classification produced in this research had improved
accuracy resulting from the addition of textural and elevation data. The results indicate that
elevation and SWIR bands are important for distinguishing forest and agroforestry classes,
whereas red textural metrics and topographical features are significant for distinguishing the
home garden. Thus, freely accessible remotely sensed data and platforms can effectively
support developing countries, like Sri Lanka, to monitor and manage forest resources on

national or local scales using unique and important classes to these countries.
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Chapter 4

Monitoring invasive pines using remote sensing: A case study from
Sri Lanka

This Chapter is a peer-reviewed paper published as Nandasena, W., Brabyn, L. &
Serrao-Neumann, S. Monitoring invasive pines using remote sensing: a case study from
Sri Lanka. Environmental ~ Monitoring  Assessment 195, 347  (2023).
https://doi.org/10.1007/s10661-023-10919-1

Abstract

Production plantation forestry has many economic benefits but can also have negative
environmental impacts such as the spreading of invasive pines to native forest habitats.
Monitoring forest for the presence of invasive pines helps with the management of this issue.
However, detection of vegetation change over a large time period is difficult due to changes in
image quality and sensor types, and by the spectral similarity of evergreen species and frequent
cloud cover in the study area. The costs of high-resolution images are also prohibitive for
routine monitoring in resource constrained countries. This research investigated the use of
remote sensing to identify the spread of Pinus caribaea over a 21-year period (2000 to 2021)
in Belihuloya, Sri Lanka using Landsat images. It applied a range of techniques to produce
cloud free images, extract vegetation features and improve vegetation classification accuracy,
followed by the use of Geographical Information System to spatially analyse the spread of
invasive pines. The results showed most invading pines were found within 100 m of the pine
plantations' borders where broadleaved forests and grasslands are vulnerable to invasion.
However, the extent of invasive pine had an overall decline of 4 ha over the 21 years. The study
confirmed that remote sensing combined with spatial analysis is effective at monitoring
invasive pines in countries with limited resources. This study also provides information to
conservationists and forest managers to conduct strategic planning for sustainable forest

management and conservation in Sri Lanka.

Keywords: Google Earth Engine, Invasive pine, Landsat, Pinus caribaea, Random forest

classifier, Sri Lanka
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4.1 Introduction

Forest plantations have been established worldwide to provide timber and firewood and have
significantly contributed to local and global economies. However, most of these plantations
were established using tree species with fast growth rates, which differ from many naturally
regenerated forests in composition and structure, leading to different ecological processes and
functional outcomes (Subasinghe et al., 2014). In some environments, these fast-growing
exotic tree species have become invasive, replacing existing vegetation (Dash, 2020; Rejméanek
& Richardson, 2013; Richardson et al., 2007).

Notably, plantations using pine species are the highest contributor to timber production
globally (Burley & Barnes, 2004; McEwan et al., 2020). These species, however, can cause
many adverse effects to the environment. For example, pine species native to North America
and Europe have been introduced to New Zealand, South Africa, Argentina, Brazil and Chile
as a foundation for exotic forestry enterprises (Pauchard, Escudero, et al., 2016; Rejmanek,
2014; Singh et al., 2018), but are now invading significant areas such as native forests,
grasslands, catchments and protected areas, causing a potential transformative effect on native
ecosystems (Dash, 2020; Richardson et al., 2007). Additionally, Medawatte et al. (2010) study
shows that invasive pines can also contribute to an overall decrease in native biodiversity,
suppress native plants, contribute to habitat loss for wildlife, decrease streamflow, cause

changes in nutrient cycling, and affect groundwater supply levels.

Pinus patula and Pinus caribaea were introduced to Sri Lanka in 1967 to boost timber
production and reduce the risk of soil erosion and landslides in the hilly regions due to their
faster growth rates compared with indigenous species (Subasinghe, 2007). In particular, Pinus
caribaea was used extensively for the reforestation of degraded areas in the country's wet and
intermediate climatic zones with elevations ranging from 100 m to 2000 m above mean sea
level due to its fast establishment and growth under adverse conditions (Edirisinghe, 2017;
Jayawardhane & Gunaratne, 2020; Perera, 2001). However, their invasive behaviour in Sri
Lanka's mountainous region has negatively affected the soil biodiversity and regeneration of
native flora, and increased the occurrence of wildfires during the dry season (Nissanka et al.,
2005; Wijerathna et al., 2016). In 2008, Pinus caribaea was identified as a potentially invasive
alien species in Sri Lanka because several areas in the mid-country reported their spread
(Wijesundera, 2008). As a result, the Sri Lankan government is planning to replace pine
plantations with indigenous plant species (Office of the Cabinet of Ministers-Sri Lanka 2017).
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Previous studies (Bjerreskov et al., 2021; Kaplan, 2021; Liu et al., 2022) have investigated the
expansion of broad leaf and conifer forests maintained and managed for commercial timber
production in temperate climates where the difference is very significant due to seasonal and
phenological changes. Further, it is relatively easy to recognize these two types of temperate
forests when coniferous species are evergreen and broad leaf trees are deciduous.
Comparatively, studies conducted in tropical environments are limited in their spatial extent
and are focused on the simple classification of landscapes into major land cover classes
(Petersen et al., 2016). Further, Pauchard, Garcia, et al. (2016) found that climate-induced
invasion, or the latitudinal pattern of invasion, happened all around the world in both tropical
and temperate locations showing a growing need to monitor the spread of exotic species, and
forecast future distribution of such invasions. Most pinus invasion studies (Pauchard, Escudero,
et al., 2016; Weisberg et al., 2007; Xu et al., 2018), however, have been based on temperate
region and largely on grasslands and shrublands. Additionally, although there are many records
of exotic pines invading the natural vegetation in tropical regions (Afrin et al., 2010; Ayala et
al., 2005), few studies have been performed with the use of remote sensing techniques (Amaral
et al., 2015; Goncalves et al., 2022; Petersen et al., 2016). For example, only one recent study
conducted in Sri Lanka has used Geographic Information System (GIS) analysis (Medawatte
et al., 2010). Mapping the expansion of invasions through field surveys is time-consuming and
costly; hence, there is a need to develop remote sensing methods that are both reliable and
affordable, especially in developing countries.

Remote sensing is a promising tool for mapping, detecting, and monitoring invasive non-native
plants across broad geographic extents. The availability of satellite image archives permits
mapping non-native invasive plants spread, retrospectively (Gavier-Pizarro et al., 2012).
However, most existing studies (Amaral et al., 2015; Andrew & Ustin, 2008; Dash et al., 2019;
Khare et al., 2018; Piiroinen et al., 2018) have used high-resolution hyperspectral imagery
covering a relatively small area and analyses over a short period of time. From a management
perspective, this limits their use for long-term assessments of invasive plant spread, particularly
in developing countries where the lack of historical data further compounds management
efforts. On the other hand, multispectral sensors with moderate resolutions offer an alternative
for low-resourced countries because they enable both change detection and measurements of
phenology over multiple years (Petersen et al., 2016; Signori & Ducati, 2019; Xu et al., 2018).
Additionally, these data sets are mostly free or low-cost (Bradley, 2014). In particular, the

Landsat program has been extensively used for forest monitoring, providing a rich dataset to
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map the invasion of tree species at the landscape scale. The opening of the Landsat archive and
its continued free and open access since 2009 has enabled the analysis of both larger areas and

more extensive times series (Zhu & Woodcock, 2014).

The current study investigates the application of Landsat satellite information to map, quantify
and assess spatio-temporal land cover change using a Sri Lankan study area, namely
Belihuloya, over a two-decade period (2000 to 2021). The selected study area is one of the few
areas that manage pines for both conservation and commercial purposes in Sri Lanka. The
Belihuloya region suffers from a shortage of groundwater caused by the water uptake from
pine plantations (Starkloff, 1998). This results in seasonal wildfires, so it is therefore important
that pine forest expansion is monitored. This study contributes to knowledge development by
analysing the spread of Pinus caribaea to neighbouring landscapes over a 20-year period from
plantations established and operated for soil conservation in Sri Lanka. Specifically, the paper
seeks to answer the following research question: to what extent is the Landsat archive for Sri
Lanka suitable for mapping and tracking land cover changes associated with the historical
spread and invasion of conifers? To this end, this study uses Landsat archive to distinguish

unmanaged pine plantations from native forests in Sri Lanka's tropical environment.

4.2 Materials and Methods

4.2.1 Study area

This study used images from the Landsat archive for the years 2000 and 2021 to monitor the
historical spread and control of invasive exotic conifers (e.g. Pinus caribaea) in Sri Lanka's
intermediate climatic zone. Sri Lanka has traditionally been generalized into three climatic
zones: the wet zone, dry zone, and intermediate zone, according to rainfall, soil and vegetation
types. The intermediate zone separates both the wet and dry zones and receives a mean annual
rainfall between 1750 and 2500mm with a short and less prominent dry season (Punyawardena,
2020). This intermediate climatic zone divides into three further zones based on altitude: low-
country, mid-country, and up-country. According to the Sri Lankan climatic classification
(Jayawardane & Weerasena, 2000), this study area lies in the intermediate mid-country, where
the elevation ranges between 600 m to 900 m above mean sea level and contains rugged
topography. The study area is located in Southeast Sri Lanka and covers an area of 6234 ha.
Administratively, this area belongs to the Balangoda region in the Sabaragamuwa province of

Sri Lanka (Figure 4.1). The area is densely forested, containing a mixture of forest types,
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including montane broadleaf forest, pine plantations and grasslands. This area was selected

because it comprises both unmanaged pineland and densely forested native broad leaf species.
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Figure 4.1 Study Area
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4.2.2 Methods

The following section describes the methodology developed for this research. As shown in
Figure 4.2, the study comprised five main steps: 1) Data acquisition; 2) Pre-processing; 3)

Feature extraction; 4) Multitemporal Classification; and, 5) Post classification.

Stepl: Data acquisition

Landsat 7 Landsat 8 OLI DEM (30m)
ETM+ (2000) (2021)
1
Step 2: Pre-processing Cloud cover and cloud shadow removal

Compositing (Best -pixel method)

Il

N\
Step 3: Feature extraction {} Slope
Vegetation Indices Tasselled cap Elevation
transformation Aspect
M
] . e 4
Step 4: Multitemporal Classification \/

Random forest model
Training data :> SuperV|§ed classification
Feature importance
Vegetation classification
[ Validation data ] |:>

Accuracy assessment

~~

Change map (2000-2021) vegetation types (Buffer analysis)

Pine and broadleaf forest Pine invasion into different

Figure 4.2 Overall methodology

Step 1: Data acquisition
Landsat 7 Enhanced Thematic Mapper Plus (ETM+) and Landsat 8 Operational Land Imager
(OLI) images from the Google Earth Engine (GEE) Landsat archive

(https://developers.google.com/earth-engine/datasets/catalog/landsat) for the years 2000 and

2021 were used to characterize vegetation changes. The advantage of Landsat as a moderate
spatial resolution satellite collection is that the entire scene is captured at once with sun
illumination, vegetative condition, and atmospheric conditions more likely to be consistent

across the scene (Labonte et al., 2020). The study period 2000 and 2021 was chosen as it is
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difficult to validate the classification prior to 2000 due to the absence of high-resolution images
in Google Earth Pro. In 2000, only six images of Landsat 7 that covered the study area were
available in the Landsat archive, and in 2021, 21 images of Landsat 8 were available. The GEE
cloud-based platform was used for image pre-processing and classification (Setiani et al.,

2021), while ArcGIS Pro software was used to produce maps.

The Shuttle Radar Topographic Mission (SRTM) provides digital elevation data (DEM) on a
global scale. The SRTM Plus version (spatial resolution of 30m) was acquired from GEE, and

topographic features such as elevation, aspect, and slope were extracted.

Step 2: Pre-processing

As the studied region is frequently cloudy it is difficult to acquire cloud-free Landsat images.
Therefore, atmospheric correction, cloud/shadow masking, and image compositing were
applied to construct a clean image time series. A cloud masking procedure was used to identify
flagged cloud and cirrus pixels. After cloud removal, gap filling was applied using the median
values of each pixel on the images. Then the median composite function in GEE was used to
remove anomalous dark pixels (shadows) and bright, saturated pixels (Bjerreskov et al., 2021)

in the collection and was used to create composite images for the years 2000 and 2021.

Step 3: Feature extraction
Feature extraction was carried out in GEE using Vegetation Indices derived from spectral data

and Tasselled Cap Transformation, which transforms spectral data into indicators (Dash, 2020).

Vegetation indices
Throughout all wavelengths, coniferous leaves have lower transmittance than broad leaves
(Lukes et al., 2013). Though the difference between visible (VIS) and near-infrared (NIR)
spectral reflectance is not hugely evident, some studies (Roberts et al., 2004; Williams, 1991)
have reported that coniferous needles have slightly lower VIS reflectance and higher NIR
reflectance than broadleaves. It is hard to classify land cover or identify specific species when
the vegetation types are heterogeneous and often exhibit both spectral and seasonal similarities
(Deng et al., 2020). Therefore, several vegetation indexes were used as shown in Table 4.1.
These were: 1) Normalized difference moisture index (NDMI); 2) Normalized burn ratio

(NBR); 3) Enhanced vegetation index (EVI); 4) Normalized difference vegetation index
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(NDVI); and, 5) Green chlorophyll index (GCI). These indices categorized vegetation changes

related to moisture stress, colorization and needle/leaf structure (Ye et al., 2021).

Table 4.1 Bands and vegetation indexes

Index Equation Source

NDMI (NIR - SWIR1) Shahfahad et al.
(NIR + SWIRL) (2022)

NBR (NIR-SWIR) Setiani et al. (2021)
(NIR +SWIR2)

EVI 25 NIR—RED Senf et al. (2013)

" (NIR+6xRED-7.5x BLUE +1)

NDVI (NIR-RED) Pu et al. (2008)
(NIR+RED)

GCl ( NIR j_l Kumar et al. (2018)
GREEN

Tasselled cap transformation
Tasselled cap transformation (TCA) was developed by Kauth and Thomas (1976) as a function
for determining a crop's life cycle. It recognizes the pattern found in the agricultural fields

where there is a net increase in near-infrared and decrease in red reflectance based on soil color.

The tasselled cap transformation is a linear transformation of Landsat MSS data that projects
soil and vegetation information into a single plane in a multispectral data space. TCA has been
broadly engaged in forestry studies of structure, condition, successional state and change
detection in various forest environments (Gomez et al., 2012). It is a special case of principal
components analysis which transforms the image data into a new feature space or domain with
a new set of orthogonal axes. The tasselled cap analysis reduces a multiband data set (4-6) to

3 channels as follows:

e Tasselled cap greenness (TCG) contrasts the near-infrared and visible bands, conveying
information concerning the abundance and vigour of living vegetation.

e Tasselled cap brightness (TCB) is a weighted sum of all four bands. Brightness is
defined in the direction of the principal variation in soil reflectance and is associated

with bare areas or partially covered soil.
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e Tasselled cap wetness (TCW) is related to the canopy and soil moisture which
differences the sum of the visible and near-infrared bands with the longer infrared

bands.

Step 4: Multitemporal classification

The supervised classification of both maps (the years 2000 and 2021) was carried out using the
Random Forest (RF) classifier because of its relatively high accuracy and computational
efficiency (Zhu & Woodcock, 2014). Random Forest is an integrated learning method that has
become increasingly common in remote sensing applications due to its nonparametric nature
and ability to limit overfitting (Cheng & Wang, 2019). The Smile Random Forest function on
the GEE platform (Liu et al., 2022) was used, and the number of decision trees was set to 500.
A score was calculated using the RF algorithm for each combination of parameters. The
combination of parameters with the highest score was used for developing the vegetation
classification maps.

Training and validation
Stratified random sampling was used to obtain a sample population that best represents each
landcover class. In these samples, 20 polygons for each class were randomly identified by the
visual interpretation of the Landsat images with the help of Google Earth (Mohamed & El-
Raey, 2019; Zhu & Liu, 2014). Then, five hundred training samples per class were generated
to train the classification for each year.

The goal of the validation was to assess the overall accuracy of the vegetation change map
compared to available reference data. Validation was based on existing datasets and a
combination of ancillary sources (Google earth, field plots) assembled using a human
interpreter approach (Weng, 2018). High spatial resolution images from Google Earth Pro were
used to manually interpret the land cover classes and also help determine land cover change at
longer intervals (Kamga et al., 2020; Mohamed & El-Raey, 2019; Zhu & Woodcock, 2014).
This research used high-resolution images of 2021 and 2000 in Google Earth pro as reference
data. Specifically, about 120 samples were used as ground reference data for each landcover
class to train the random forest classifier except for the settlement class, which was smaller in
2000. The classification accuracy was tested using the overall agreement with reference data.
In addition, the user and producer agreements for the five landcover types were calculated. The

producer accuracy measures the percentage of given reference data correctly classified; in

70



contrast, the user accuracy measures the percentage of the trained data correctly classified

(April etal., 2015).

Step 5: Post classification

Following the classification of imagery for the two individual years, a post classification
approach of subtracting the classification maps was applied and used to produce a detailed
change detection map using the ArcGIS Pro software. This map detects more subtle classes of
change and determines the invasive pine and its spread over the selected landscape. An
important aspect of change detection is determining what is changing to what category of land
use type (Abebe et al., 2021). Therefore, a vegetation conversion matrix was calculated to
demonstrate the direction of change and the land use type that remains at the end of the study
period. Quantitative data analysis of the overall land cover changes as well as gains and losses
in each category between 2000 and 2021 were compiled (Haregeweyn et al., 2013; Kamga et
al., 2020) and presented as a percentage of the area. In this manner, maps were created for the

entire study area and provided insight into the areas affected by invasive conifer encroachment.

Buffer analysis: identification of invasive pine
In order to investigate the progressive spread of Pinus caribaea outside the original plantations,
the distance from the perimeter of parental pine plantations were measured using six 50 m
intervals between 0 and 300 m demarcated. The buffer distance was based on the previous
study by Medawatte et al. (2010) in Sri Lanka. The area of invading pines was measured in

relation to the distance from the plantation edge.

4.3 Results

The vegetation maps for 2000 and 2021 are shown in Figure 4.3 and Figure 4.4, respectively.
These maps collectively show places with stable and changed vegetation areas appearing in the
study area. Five major vegetation types were classified for 2000 and 2021: pine plantation,
broadleaf forest, bare land, grassland, and invasive pines (settlements are also identified). The
most prominent vegetation type found in both maps (2000 and 2021) is the broadleaf forest
which is mainly distributed on the gentle slopes and the flat regions of the study area. In
contrast, pine plantations and grasslands are located on ridges and steep areas with a slope
higher than 18%. The vegetation classification for the year 2000 image shows that the majority
of the study area was under broadleaf forest, covering about 2690 ha (43%). Grassland and

bare land cover an area of 1627 ha (26%) and 969 ha (16%), respectively. Broadleaf forest

71



(3336 ha) still covered the largest area in 2021, which reflects the conversion of other classes
to the natural forest for conservation purposes. While grassland, pine plantation, and bare land
cover an area of 1284 ha, 1013 ha, and 244 ha, respectively. The land areas contain pine species
outside the plantation boundaries, with an absence of planting patterns, and areas smaller than

0.5 ha are identified as invasive pines.

N
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Figure 4.3 Vegetation classification for the year 2000
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Figure 4.4 Vegetation classification for the year 2021

Overall agreement with reference data was computed for both vegetation maps. The year 2000
vegetation map produced a 72% overall accuracy, and the year 2021 vegetation map yielded
an 81% overall accuracy. Vegetation groups were classified with producer accuracy ranging
from 20-84 and 55-100 for the year 2000 and 2021, respectively. In the year 2000 map, the
settlement had the highest user accuracy (Table 4.SM1). On the other hand, pine plantation had
the highest user accuracy for the year 2021, whereas all other vegetation classes have more

than 70% user accuracy except the grassland class (Table 4.SM2).

The cover and rate of changes in each vegetation type for the 21 years are summarized in Table
4.2. From 2000 to 2021, the broadleaf forest and pine plantation area increased by 24% and
19%, respectively. In contrast, bare land and grassland showed a reverse trend, reduced by 75%
and 21%, respectively, during the same period. This indicates that the increasing broadleaf
forest area mainly emerged in the steep slope areas, meaning some grassland and bare land

areas were converted to natural forests without disturbance.
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Table 4.2 Extent and rate of vegetation changes between 2000 and 2021

Vegetation type 2000 2021 Change between
2000 and 2021

area (ha) % area(ha) % area(ha) %

Invasive pine 93 1 89 0 -4 -4

Pine Plantation 854 14 1013 16 159 19
Broadleaf forest 2691 43 3336 54 646 24
Grassland 1627 26 1284 21  -343 -21
Bare land 969 16 244 4 -7125 -75
Settlement 0.18 0 269 4 268.82

The vegetation conversion matrix depicts the direction of change and the land use type that
remains at the end of the period. Thus, the change matrix for each period was analyzed to
understand the source and destination of significant vegetation changes. Over 21 years, 3476
ha out of 6234 ha of the total area have not changed, accounting for 56% of the study area
(Table 4.3). In 2021, there was a significant settlement build up activity, with an area of 269
ha or 4% of the region’s total area (Table 4.2).

Significantly, from 2000 to 2020, approximately 705 ha of bare land and 663 ha of grassland
have converted to other vegetated areas. The increase in settlement surfaces is coupled with the
decline in these grasslands and bare land areas. Furthermore, approximately 80% of the area
covered with broadleaf forest in 2000 was still the same in 2021. The remaining 20% (536 ha)
was transformed to other uses in 2021. Of the total pine plantation cover in 2000, 53% remained
unchanged, while the remaining portion vastly changed to grassland (100 ha) and broadleaf
forest (262 ha). Overall, there was a significant increase in the broadleaf forest from 2691 ha
to 3336 ha. This gradual increase is attributed to the replanting programs carried out in the

western part of the study area (Kumara, 2010).

The invasive pine areas during this period showed a 4% slight decline. Concurrently, 45 ha of
invasive pine areas were converted to broadleaf forest, and 15 ha were cleared. Further, 26 ha
of invasive pine in 2000 were identified as pine plantations in 2021, whereas 19ha of pine
plantations in 2000 was recognized as invasive pine in 2021. This misperception may be due
to less aerial visibility of continuous clumps of pine cover over the area in 2000, with an

identifiable canopy only appearing later.
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Table 4.3 Vegetation conversion matrix between 2000 and 2021

Vegetation type in 2000 (ha)

. Invasive Pine Broadleaf Grassland Bare Settlement Total

i_c“‘/ Pine Plantation forest land

S 'ri':]’zs"’e 19 2 16 6 0 89

S p

< Pine

2 Plantation 454 383 121 29 0 1013

P

= Broadleaf 262 2154 525 350 0 3336

o forest

g Grassland 11 100 72 780 321 0 1284

2 Bareland 3 17 19 124 81 0 244

> Settlement 1 3 22 60 183 0.2 269
Total 93 854 2691 1627 969 0.2 6234

No change Total area 2000 Total area 2021

As this study focuses on the dispersal of invasive pine around the study area, the following
section emphasizes the extent of escaped pines from the pine plantations into the adjacent
habitats. Figure 4.5 observed the conversion of pine plantations and broadleaf forests from
2000 to 2021. Moreover, an expansion of pine plantations was detected primarily around the
existing plantations of 2000. Broadleaf forests in more remote valley areas tended to retain
extensive forest in 2021, and broadleaf forest expansion or regeneration of the forest can be
observed primarily on grassland. During the 21 years, pine plantations have increased by 159
ha, whereas invasive pine declined by 4 ha. Thus, invasive pines are more visible along with

broad leaf forests managing the same borders as the pine plantations.
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Figure 4.5 Pine and broadleaf forest change map 2000-2021

The extent of invading pines was measured with respect to the distance from the plantation
edge. For the buffer analysis, three different vegetation types were selected: broadleaf forest,
grassland and bare land, which are adjacent to the pine plantations. The results showed that
pines invaded broadleaf forests to a greater extent than the other two habitat types (Figure 4.6).
Furthermore, analysis showed that the highest scattering of pines was within 100 m buffer zone

of the plantation, while encroachment of pines reduced beyond the 100 m buffer zone.
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Figure 4.6 Invasive pine expansion into the different vegetation types adjacent to pine
plantations

4.4 Discussion

This research demonstrated that freely available Landsat images combined with topographical
data can be used for mapping vegetation change over a twenty year time period, confirming its
applicability for mapping and understanding the extent of pine invasion. The results have
revealed that pine invasion is at a moderate level but is decreasing, which might be attributed
to anthropogenic activities.

The research has found that a combination of spectral, textural and topographical bands
provides an effective solution for classifying the vegetation cover, similar to the findings of
Yu et al. (2020) on forest classification in subtropical regions, and the discriminating of urban
forest types in a semi-humid monsoon region in China by Zhou et al. (2019). Earlier works by
Wang et al. (2006) and Zhu and Liu (2014) had specified that using topographical data with
spectral data improved the discrimination between conifers and broadleaf forests.
Correspondingly, studies by Peterson (2005) and April et al. (2015) had found that model
accuracy was slightly better using topographical parameters. In contrast, Bjerreskov et al.
(2021) found that the elevation did not improve accuracy when classifying broadleaf and
conifer forest in the Danish landscape. However, it appears that elevation plays a big role in
forest classification in mountain terrain or when the landscape is complex, as demonstrated by

this research.
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This study obtained accuracies for the vegetation cover classification similar to those obtained
by other studies using multi-year Landsat images (Coyle et al., 2020; Gémez et al., 2012), and
the accuracies obtained for land classification using other higher resolution satellite images
(Hantson et al., 2012; Perera, 2001). The classification accuracy of forest types obtained in this
study is higher that obtained studies by Akumu et al. (2021) , Senf et al. (2013), and an
investigation by Sa et al. (2017), which focuses on the invasion of Acacia longifolia in a pine
forest. However, studies by Andrew and Ustin (2008); Bjerreskov et al. (2021); Fagan et al.
(2018); Hestir et al. (2008); Underwood et al. (2003) obtained higher classification accuracies

than the present study by using satellite imagery with a higher resolution.

Even though better results can be obtained with higher resolution images (Goncalves et al.,
2022), Landsat has been shown to provide long-term assessments of invasive plant spread
(Gavier-Pizarro et al., 2012; Labonté et al., 2020; Sa et al., 2017). Furthermore, the freely
available Landsat series of satellites is one of the most important data sources for developing
countries that have budget constraints (Gavier-Pizarro et al., 2012; Haregeweyn et al., 2013).
Liu et al. (2022) concluded that Landsat is better for detecting long-term changes in Chinese
pine tree species because of its availability over a long time period. For developing countries
such as Sri Lanka, we conclude that Landsat images provide a vital low-cost solution for the

frequent monitoring of vegetation change.

According to this study's findings, broadleaved forests and grasslands are vulnerable to
invasion. Previous researchers (Dash et al., 2019; Higgins & Richardson, 1998; Medawatte et
al., 2010) found that grasslands were more prone to invasion than other areas. However,
Goncalves et al. (2022), Forster et al. (2017) and Ayala et al. (2005) identified forest habitats
as the most vulnerable to the pine invasion. Forest habitats become vulnerable to pine invasion
when exposed to disturbances such as wildfire (Medawatte et al., 2010). Moreover, most
invading pines were found within a 100 m buffer zone for all types of habitats, while
encroachment declined sharply beyond the 50-100 m buffer zone. These results are in line with
those of Ayala et al. (2005).

An important finding in this research was the decline in invasive pine in the Belihuloya region.
Wijesundera (2008) had stated that Pinus caribaea had spread rapidly in several mid country
areas and predicted that it could be a potential invasive alien in the near future. Due to social
pressure from local communities, pine planting was stopped (Edirisinghe, 2017), and the
country has identified pines an invasive species (Medawatte et al., 2010). In 2017 the Sri
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Lankan government implemented a project to plant indigenous plant species to develop an
under-storey in the existing pine plantations (Office of the Cabinet of Ministers-Sri Lanka
2017). This research gives insight into the invasion of pines in the intermediate zone and helps

inform management strategies to maintain this downward trend.

While the study could have obtained better classification accuracy using higher spatial or
spectral resolution images, these are not free and are only available for recent years. Extending
the study period to before 2000 could also have reduced its limitation, but it would have been
difficult to validate a classification prior to 2000 due to the absence of high-resolution images

in Google Earth Pro.

Future research could seek to understand the spatial variation in vegetation change and the
reasons the invasive pines spread to certain areas. For example, the relationship between pine
invasion and disturbances such as forest fires could be explored. Areas impacted by forest fire
could be remotely sensed using satellite images. Furthermore, mapping and monitoring
invasive pines in other climatic regions would also be relevant for forest management and

conservation planning.

4.5 Conclusion

This study demonstrated the extent of pine invasion in the Belihuloya region, Sri Lanka.
Remote sensing has enabled the mapping of vegetation change in the study area between 2000
and 2021 using freely available Landsat data. A combination of spectral, textural and
topographical bands provided an effective solution for detecting the spread of invasive Pinus
caribaea. This study provided evidence that pines have invaded the natural habitat in the
intermediate climate areas of Sri Lanka, especially native forests, and grasslands but the extent
of this invasion has declined between 2000 and 2021.

It is clear that remote sensing is a valuable tool for monitoring and understanding forest
dynamics, and the use of freely available satellite images, such as Landsat are particularly
important for developing countries such as Sri Lanka. The availability of the Google Earth
Engine platform and its extensive range of analysis functions and free processing power is also

very beneficial for countries with limited financial resources.
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Chapter 5

Evaluating the Addition of Radar with Optical Data for VVegetation
Mapping in a Montane Region in Sri Lanka

This chapter was published as Nandasena, W.D.K.V., Brabyn, L. & Serrao-Neumann, S.
Evaluating the addition of radar with optical data for vegetation mapping in a montane region
in Sri Lanka. J. Mt. Sci. 20, 2898-2912 (2023). https://doi.org/10.1007/s11629-023-8181-8

Abstract

The use of freely available multi-source imagery for mapping vegetation in
montane terrain is important for many developing countries that do not have the
funding for high-resolution data capture. Radar images are also now freely
available and include Sentinel-1 in dual polarisation, and PALSAR-2. These
images can penetrate cloud cover and provide the advantage of acquiring data in
a cloudy tropical region. This research evaluated whether the addition of radar
with optical and topographic data improves classification accuracy in a montane
region in Sri Lanka. Six classification experiments were designed based on
different combinations of image data to test whether radar data improved land
cover classification accuracy compared with optical data alone. Random forest
classifier in the Google Earth Engine has been utilised to classify the tropical
montane vegetation. The results indicate that radar or optical data alone cannot
obtain satisfactory results. However, when combining radar with optical data the
overall accuracy increased by approximately 5%, and by an additional 2% when
topography data were added. The highest accuracy (92%) was achieved with
multiple imagery, and adding the vegetation indices improved the model slightly
by 0.3%. In addition, feature importance analysis showed that radar data makes a
significant contribution to the classification. These positive outcomes
demonstrate that freely accessible multi-source remotely sensed data have
impressive capability for vegetation mapping and support the monitoring and

managing of forest ecological resources in tropical montane regions.

Keywords: DEM, Google Earth Engine, PALSAR, Random Forest classifier,

Sentinel, Tropical montane
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5.1 Introduction

Land cover maps are essential for determining current land use, as well as monitoring changes
over time. Land cover maps provide information for estimating carbon sinks, planning for
climate and disaster mitigation, and conservation goals (Cheng & Wang, 2019). Thus, there is
a great demand for up-to-date vegetation maps and records of land cover change. Map
generation has changed from paper-based, manually prepared maps to computer-induced
automated maps. Geographic Information System (GIS) and remote sensing techniques have
dramatically improved mapping and related production of precise land cover maps. Satellite
imagery has become crucial for producing land cover maps because of its broad spatial
coverage and the real-time update of the ground. However, until recently, access to satellite

imagery has been limited or expensive.

Free and open access data policies support applications that use large amounts of data spatially
and temporally. These policies maximize societal benefits by aiding remote sensing scientists
from developing countries with limited resources to generate more accurate land cover maps
(Nandasena et al., 2020). There are now many coarse to medium spatial resolution satellite
images available for free, such as MODIS and Landsat (Lopes et al., 2020). In 2014, the
Copernicus Programme introduced satellites with high spatial resolution, dramatically
increasing opportunities to detect small elements in the landscapes, thereby enhancing the
classification of vegetation types (Lopes et al., 2020). The Copernicus Sentinel-2 satellite has
been widely used for vegetation analysis due to the red edge bands it provides and the frequent
image capture (Addabbo et al., 2016; Forkuor et al., 2018; Immitzer et al., 2019). However,
being a passive optical sensor, it has some limitations; the most intrinsic drawback of optical
data is its high chance of losing information due to cloud coverage in tropical areas (Pham et
al., 2022).

The persistent cloud cover in tropical regions affects the availability of cloud-free images,
resulting in spatial inconsistencies in classification. A solution to this problem is the use of
synthetic aperture radar (SAR) images. SAR uses electromagnetic waves in the microwave
regions, which is not prone to atmospheric interference compared to optical images. SAR data
can be acquired in atmospheric conditions inappropriate for optical sensors (Evans & Costa,
2013). Therefore, radar images have become an important source for land-cover classification

in the past decade, especially in tropical regions (Li et al., 2012). The most widely used active
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satellite sensor for vegetation mapping is Sentinel-1. This sensor has the ability to capture the
seasonality of land cover and to differentiate between non-vegetated and vegetated surfaces
through the backscatter mechanism of the C-band (Pham et al., 2022). The PALSAR-2 is
another freely available active radar satellite sensor with L-band. The PALSAR-2 backscatter
provides information on thicker layers of vegetation and soil under vegetation cover, which is
useful for forests, wetlands, and agriculture studies (Lapini et al., 2020). However, SAR
backscatter also has high noise interference, compared to optical images (Holtgrave et al., 2020)
which can reduce the mapping accuracy.

Optical remote sensing is more frequently used than SAR remote sensing because spectral data
are easily accessible and have proven suitable for vegetation monitoring (Addabbo et al., 2016).
Optical data will outperform SAR data by itself for vegetation mapping (Holtgrave et al., 2020),
however, these data sources can be used in combination (Camargo et al., 2019). The benefits
of the combined use of optical and SAR data for vegetation mapping has been confirmed by
several authors (Morin et al., 2019; Spracklen & Spracklen, 2021). Several studies have
evaluated the integration of both PALSAR and Sentinel-2 data for vegetation mapping
accuracy (Costa et al., 2021; Vafaei et al., 2018), where some researchers evaluate the fusion
of Sentinel-1 and Sentinel-2 for land cover classification (Biswas et al., 2020; Lopes et al.,
2020; Zhou, 2019), and for crop classification (Jiao et al., 2022; Van Tricht et al., 2018).
Several authors (Huang et al., 2018; Omar et al., 2017) also used the Sentinel-1 and PALSAR
data together to classify the vegetation, as they provide comprehensive information on the
forest structure. However, very few studies (Lehmler et al., 2022; Pham et al., 2020) have used
both PALSAR and Sentinel-1 as SAR data sources and Sentinel-2 as the optical data source in
their research. Lehmler et al. (2022) used PALSAR, Sentinel-1and 2 to calculate green volume
in urban and semi-urban areas in Germany, concluding that combining both radar sensors
slightly improves the modelling performance. Similarly, Pham et al. (2020) showed that the
integration of PALSAR, Sentinel-land 2 improves the prediction accuracy of mangrove
biomass estimation. This highlights the potential of radar data to increase classification
accuracy. Further, data are not restricted to SAR and optical images and can be extended to

combine auxiliary data such as topography and textural data.

This study explores the possibility of applying radar, optical, and topographical data together
with machine learning in classifying vegetation cover in a mountainous tropical landscape in

Sri Lanka. In order to address this objective, six classification experiments were designed based
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on different combinations of image data that tested whether the addition of radar data improved
land cover classification accuracy compared with optical data alone. The following two specific
research questions were considered: 1) Do combined SAR and optical sensors provide a more
accurate vegetation cover map, compared to using them independently? 2) What is the

contribution of each of the different data sources to the accuracy of the vegetation cover map?

5.2 Materials and Method

5.2.1 Study Area

The study area is situated within the Balangoda Divisional Secretariat Division (DSD) in the
Sabaragamuwa province of Sri Lanka, precisely between 80° 35' 5"E -80° 51' 33"E to 6°38'
11"N- 6%48' 21" N (see Figure 5.1). The area includes flat, rough, and mountainous terrain.
There are medium-range mountain peaks located in the northern and eastern parts, namely
Hawagala, Papulalgala, and Paraviyangala. Based on Sri Lankan elevation classification, this
area is located in the mid-country, with an elevation range of 600 to 900 meters above the mean
sea level. The area falls under the intermediate climate zone and experiences both wet and dry
weather. It receives an average of 2500mm and 1750mm rainfall during the Northeast and
Southwest monsoons, respectively. This study area serves as the watershed area for Belihuloya,
which flows from Horton Plains National Park, a world heritage site. Pine plantations tend to
be planted in large blocks with trees in straight lines, whereas the montane forest lies in the
valley and conservation areas, with trees sporadically distributed. Grasslands and shrubs tend
to be randomly distributed and are the result of wildfires. Home gardens and cultivations such

as paddy, tea, and vegetables are scattered around the area.
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Figure 5.1 Study area in the Ibulpe gram Niladari Division (GND), Sri Lanka

5.2.2 Method

Figure 5.2 provides an overview of the remote sensing method used for this research. The

method can be divided into the following three steps: 1) data acquisition and data pre-

processing; 2) feature extraction; and 3) classification and accuracy assessment. Each of these

stages are described separately below.
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Step 1: Image acquisition and pre-processing

Optical data SAR data Topography data
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Figure 5.2 Overview of remote sensing method

Step 1: Image acquisition and pre-processing

This research uses the Sentinel-1 SAR and Sentinel-2 MSI satellite images distributed by the
European Space Agency (ESA) and PALSAR images from the Japan Aerospace Exploration
Agency, which are available on the Google Earth Engine (GEE) platform within the time frame
of January 1st, 2020, to December 31st, 2020. GEE is a cloud-based computing platform that
includes access to the archive of Sentinel and PALSAR imagery. This platform enables

scientists to research spatial and temporal scales without depending on expensive software and
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computer hardware (Poortinga et al. 2019). Optical imagery from Sentinel-2 and SAR images
from Sentinel-1 and PALSAR were combined into a single stack of images as well as fused

into combinations of different single images.

The Copernicus Sentinel-2 Mission is dedicated to monitoring variability in surface conditions
and changes in vegetation during the growing season. The spatial resolution for Sentinel-2
varies for the different bands (Table 5.1). To ensure consistency and facilitate classification,
the spatial resolution of the 20m bands was resampled to 10m through the implementation of
bicubic interpolation. For this research, Harmonized Sentinel-2 MSI: Multispectral Instrument,
Level-2A, surface reflectance provided by GEE has been used. This dataset is orthorectified
and atmospherically corrected using the sen2cor algorithm by the GEE team. Less than 5% of
cloud cover images were filtered, and a cloud mask was performed using the QA60 band to
create a clean image stack.

The Copernicus Sentinel-1 mission provides synthetic aperture radar images using the dual-
polarised C-band with a 10 m spatial resolution (Table 5.1), which is the first satellite of the
Copernicus Global Monitoring Program for Environmental Monitoring (Metrikaityte et al.
2022). This research uses the level-1 ground range detected (GRD) product which is available
in GEE. Two polarisation modes were used: single co-polarisation with vertical transmit and
vertical receive (VV) and dual-band co-polarisation with vertical transmit and horizontal
receive (VH). A four-band composite image across the year was then created by selecting the
first clear observation at each pixel. A speckle filter (Refined Lee) was applied to reduce

speckles in the image, which makes them functional for land cover detection.
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Table 5.1 Data source information

Data Source Band | Spectral range Wavelength Spatial Number of
/polarisation range (nm) resolution images
Sentinel-2 B2 Blue 496.6 10
B3 Green 560 10
B4 Red 664.5 10
B5 Red edgel 703.9 20
B6 Red edge? 740.2 20 13
B7 Red edge3 782.5 20
B8 NIR 835.1 10
B8A Red edge 864.8 20
B1l SWIR 1613.7 20
B12 SWIR 2202.4 20
Sentinel-1 \VAY 30
C VH 5.6 cm 10
PALSAR-2 HH 5
L HV 23 cm 25

The PALSAR dataset was provided by the Earth Observation Research Centre, Japan
Aerospace Exploration Agency (JAXA). This study used L-band at 25-m PALSAR
orthorectified mosaic data, which is available from GEE. Two polarisation modes were used:
horizontal transmission and horizontal reception (HH), and horizontal transmit and vertical

receive (HV). A speckle filter was applied to reduce speckles in the image stack.

Shuttle Radar Topographic Mission (SRTM) provides digital elevation data (DEM) on a near-
global scale (Farr 2007). Therefore, we obtained the elevation data by acquiring the SRTM

Plus version from GEE, which has a spatial resolution of 30 m.

The reference data for the classification were acquired using the visual interpretation of high-
resolution images in Google Earth using prior knowledge of the region. This approach was also
adopted by (Deng et al. 2020; Pham et al. 2022; Zhang et al. 2009). The reference data
comprised 240 polygons inside the vegetation mask, distributed in six classes: forest, pine
plantation, grassland, shrub, home garden, and cultivation (Figure 5.3). Subsequently, the
reference dataset was split randomly but in a stratified manner into training (70%) and
validating (30%) subsets at the polygon level to ensure independent pixels for training and
validation. In total, 3000 samples are used for training, and 1260 samples are reserved for
validation. Specifically, 500 training samples were generated for each vegetation class to train

the classification and 210 samples for the validation process.
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Step 2: Feature extraction

Radar backscatter is impacted by forest type, structural orientation, and environmental
conditions such as moisture and seasons. Therefore, an extra band, VV-VH, was also created,
using the difference between the two polarisation modes. A radar vegetation index (RVI) was
also derived using the VV and VH bands. Radar Vegetation Index (RVI) is a microwave
vegetation cover metric that uses dual-polarised or quad-polarised SAR data (Holtgrave et al.,
2020). This index is less sensitive to environmental conditions, such as soil moisture, than
single polarization backscatter and therefore can be advantageous for vegetation monitoring
(Kumar et al.,, 2013). The quad-pol RVI was proposed by Kim and Zyl (2009). Later,
Nasirzadehdizaji et al. (2019) proposed an adaptation by modifying the index for Sentinel-1

data, which was used for this study (see Equation 5.1).

RVI = (4*VH)/(VV+VH) Equation (5.1)
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Identifying land cover or specific species becomes difficult when the different vegetation types
have similar spectral and seasonal characteristics (Deng et al., 2020). Vegetation indices assist
in differentiating vegetation types when this is the case. Indices specified in Table 5.2 that are
well-known in the literature for vegetation monitoring have been selected for the study to
distinguish the five vegetation classes (Carrasco et al. 2019; Spracklen and Spracklen 2021;
Xue and Su 2017). Due to the study area’s surface roughness, indices such as Normalised
Difference Moisture Index (NDMI), Soil Adjusted Vegetation Index (SAVI), Enhanced
Vegetation Index (EVI) and Normalised Burned Ratio (NBR), which are sensitive to
differences in soil and vegetation moisture content were selected. Further, Green Chlorophyll
Index (GCI) and Red-Green Chlorophyll Index (RGCI) indices have been used to measure the
chlorophyll differences of the vegetation classes (Addabbo et al. 2016; Nandasena et al. 2022).
In addition, to distinguish vegetative areas from non-vegetative areas like water, we employed
the Normalised Difference Vegetation Index (NDVI).

Table 5.2 Equations and bands used for the different vegetation indices

Index Equation
NDMI (NIR — SWIR1)
(NIR + SWIR1)
GClI NIR
GREEN
NBRI (NIR — SWIR?2)
(NIR + SWIR2)
SAVI (NIR — RED) 1+ D)
(NIR + RED) + L)
EVI NIR — R
2.5 % NIRTR +
RGCI Red edge3
Red edgel B
NDVI (NIR — RED)
(NIR + RED)

Data preparation involved compositing and stacking up the optical and radar datasets and

masking out the non-vegetative areas using the NDVI threshold values. Figure 5.4 shows the
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NDVI band and the mask generated using the NDVI threshold. This study utilised NDVI value
less than 0.0 to differentiate areas with vegetation from non-vegetation areas. This
determination was based on a thorough analysis of ground sampling pixel values.
Correspondingly, this is in line with the Huang et al. (2021) and Jones and Vaughan (2010)
studies, which show water bodies have negative NDVI values, while rocks, bare soil, sands,
and concrete surfaces are close to zero, and vegetation including crops, shrubs, grasses, and
forests have positive values. After the initial filtering for the study area, the period of interest
(2020.01.01-2020.12.31) and masking of the non-vegetation area composting the datasets were
conducted. Six experiments were tested, and the datasets and the variables used in each
scenario are provided in Table 5.3. In order to integrate PALSAR-2 data with the Sentinel-1
and Sentinel-2 imagery at the pixel level, we resampled PALSAR-2 data to a spatial resolution
of 10 m using a bicubic interpolation. Then, all the data were clipped to the study area. Finally,
The PALSAR-2 and Sentinel-1 datasets were coregistered by utilising ground control points
selected from Sentinel-2 imagery using ArcGIS Pro. The root-mean-square error of the ground

control points was found to be less than 0.5 pixels.

NDVI
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| e

Sentinel-2 image

Masked image
- Non-vegetation

Vegetation

N

0 125 250 500 m

Figure 5.4 NDVI map and the masked image for vegetation

96



Table 5.3 Variables used in different scenarios

vegetation indices

Experiments | Data sets Variables

1 Radar only VV, VH, VV-VH, RVI, HH, and HV

2 Optical only B2, B3, B4, B5, B6, B7, B8, B8A, B11, B12

3 Radar and optical data | VV, VH, VV-VH, HH, HV and B2, B3, B4 ,B5, B6,

B7, B8, B8A, B11, B12

4 Radar, optical data, | VV, VH, VV-VH, HH, HV, B2, B3, B4, B5, B6, B7,
and topographical data | B8, B8A, B11, B12, and slope, aspect, elevation

5 Radar, optical data, | VV, VH, VV-VH, HH, HV, B2, B3, B4, B5, B6, B7,
topographical and | B8, B8A, B11, B12, slope, aspect, elevation, NDMI,
vegetation indices NBRI, SAVI, GLI, RGCI, GCI, EVI

6 Optical data, | B2, B3, B4, B5, B6, B7, B8, B8A, B11, B12, slope,
topographical and | aspect, elevation, NDMI, NBRI, SAVI, GLI, RGCI,

GClI, EVI

Step 3: Classification and accuracy assessment

In remote sensing, RF is one of the most popular and effective supervised training algorithms

introduced by Breiman (2001). In this study, RF was applied by utilising the
smileRandomforest algorithm of GEE. RF is a multi-class classifier based on ensemble
classification methods that perform better than a single decision tree. All the trees participate
in the classification process by voting for their classes, and the final response of the random
forest was calculated based on the majority vote results. RF has many benefits, such as fast
computation, noise insensitivity, and reduced overfitting (Heckel et al. 2020). In order to run
the classifier, the number of trees (ntree) and the number of features in each split (mtry) needed
to be specified (Biswas et al. 2020). Further, this study conducted hyper-parameter tuning using
a grid search, which involves assessing a classifier's performance by executing various
combinations of parameters. (De Luca et al. 2022). The optimum number of trees and the best
Bag fraction parameters are used for the maximum performance of the algorithm. According
to Table 5.4, the highest score is 0.8648 at the parameter ' Bagfraction' = 0.8 and number of
trees: 350. Therefore, the random forest model with those two parameters is used to classify
vegetation. Finally, the performances of classifications were assessed based on a comparison

between classified and validation reference data. For validation of the RF classification results,
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30% of reference data were used. The accuracy of the produced vegetation cover maps was
evaluated by computing the confusion matrix based on the validation set and extracted metrics:

Overall accuracy, Kappa coefficient, User's accuracy, and Producer's accuracy.

Table 5.4 Hyperparameter tuning

Tuning parameter Score Best parameter
Number of trees=[100,150,200,250,300,350,400] 0.856915 Number of trees=350
Variables per split (sqrt), Bagfraction=[0.5]

Number of trees=[100,150,200,250,300,350,400] 0.856915 Number of trees=350
Variables per split (sqrt), Bagfraction=[0.6]

Number of trees=[100,150,200,250,300,350,400] 0.860095 Number of trees=350
Variables per split (sqrt), Bagfraction=[0.7]

Number of trees=[100,150,200,250,300,350,400] 0.864864 Number of trees=350
Variables per split (sqrt), Bagfraction=[0.8]

Number of trees =[100,150,200,250,300,350,400] 0.860095 Number of trees=350
Variables per split (sqrt), Bagfraction=[0.9]

5.3 Results

5.3.1 Classification

Figure 5.5 and Figure 5.6 show the land use maps resulting from the six classification
experiments. Figure 5.7 provides overall accuracy statistics, and Table 5.5 show user and
producer accuracy, respectively. When comparing the maps generated by the six experiments
there is visual evidence that the radar classification is different from the other five experiments
(Figure 5.5). These radar experiments also had the lowest overall accuracy (83%) and did not
show high accuracy for any particular land use cover class, according to the user and producer
accuracy statistics. These results show that radar by itself is not particularly useful for land use
mapping. Moreover, the misclassification of the natural forests class is visible in the
northwestern corner of the study site based on optical experiments. However, as can be
observed in Figure 6, the classification maps of vegetation types are smoother when combing
all SAR, spectral, textural, and topographical features and improve overall and specific
accuracy.
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Figure 5.5 Land use maps resulting from the six classification experiments
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Figure 5.6 Six classification experiments and the composite image of optical and radar data

Optical images by themselves performed better than the radar images — 85% and 83%,
respectively (Figure 5.7). However, the combination of optical and radar data had higher
accuracy than optical by itself, both for overall accuracy (90%) and for most classes.
Topographical indices, when combined with radar and optical images, improved the overall
(92%) and specific class accuracy; however, surprisingly, the addition of vegetation indices
only made a slight improvement by 0.3%. Comparatively, using optical data with DEM and V1
did not increase the overall accuracy as much as combining all radar, optical, DEM, and VI
data to the final classification. Adding radar data solely to optical data helped improve the
overall accuracy by 5%, and gradually adding topography data improves the overall accuracy
by 2%.
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Figure 5.7 Overall accuracy and Kappa coefficient
5.3.2 Class-specific Accuracy

When considering the class-specific accuracy, pine plantations were identified accurately in
this research, as they exhibit different textural and spectral reflectance compared to the other
classes (see Table 5.5). Further, it is spread on steep slopes of the study area. The least accurate
class was cultivation which includes paddy tea and vegetable cultivation. The mixing of these
cultivation classes resulted in the spectral signature being varied potentially leading to their
misclassification. The other difficult class to classify was shrubs, often misclassified with the
grassland and cultivation classes. This may be because these two classes share the same
landscape and act as the transitional zone between forest patches and occur mainly in the

highest mountainous areas as well as at the edges of the reservoir.
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Table 5.5 Land use class specific accuracy; User Accuracy (UA), Producer Accuracy (PA)

Radar data | Optical Radar & | Radar, Radar, Optical,
Land use only data only | Optical Optical & | Optical, DEM, &
i data DEMdata |DEM & | Vldata
ype VI data
UA |[PA |UA |[PA |UA |PA |UA | PA UA |PA | UA | PA
Pine 0.93/0.840.99|0.96 |1.00 | 0.95 | 1.00 | 0.97 | 1.00|0.95]|0.99 | 0.99
plantation

Natural forest | 0.64 | 0.81 | 0.89 | 0.94 | 0.87 | 0.94 | 0.91|0.94 |0.90|0.99|0.91|0.91

Grassland 0.61]0.780.61|0.67|0.72|0.86 |0.72]0.82 |0.73|0.80 | 0.63 | 0.63

Shrub 0.68 | 0.38 1 0.58|0.52 | 0.75|0.54 {0.94 | 0.68 |0.83|0.70 | 0.89 | 0.64

Home garden | 0.96 | 0.94 | 0.94 | 0.91 | 0.97 | 0.97 | 0.97 | 0.99 | 0.97 | 0.98 | 0.93 | 0.96

Cultivation 0.53|0.54]057|0.76 | 0.68 | 0.70 | 0.71 | 0.70 | 0.67 | 0.68 | 0.61 | 0.68

As shown in Table 5.5, for every scenario, the pine plantation class achieved the highest
accuracy, ranging from 1 to 0.93, and the home garden had the second highest user accuracy
(0.97 - 0.93). Considering each scenario's user accuracy, all classes showed higher accuracy
when using spectral, radar, and topographical data. When considering the producer accuracy
(see Table 5.5), the home garden class had the highest accuracy (0.99-0.91), followed by the
pine plantation class (0.99-0.84). Again, as in the user accuracy, producer accuracy was high
in all classes when using data combines except for the cultivation class, where scenario two

gave the highest producer accuracy.

5.3.3 Feature Importance

This study identified the importance of 27 features selected by RF land use type identification,
including three topographic features, six backscattering features, and 18 spectral features.
Table 5.6 displays the top ten most important variables for the classification model. These
variables were acquired using the final classification with the highest overall accuracy. The
mean decrease in Gini index was used to determine the contribution of each of the 27 input
variables for vegetation classification. This index determines the importance of each feature
used in partitioning the training data into designated vegetation classes (Mahdianpari et al.
2020). The higher the value of mean decrease Gini score, the higher the importance of the
variable in the model (Shetty 2019).

In contrast to the accuracy numbers, the results suggested that the RVI, VH-VV, VH, and VV
bands from Sentinel-1 and the HV and HH bands from the PALSAR are important variables

when classifying the vegetation in the tropical montane area. In addition, SWIR-1(B11),
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SWIR-2 (B12), and red edge (B5) spectral bands derived from the optical data are important
variables for the random forest classification when using data from Sentinel-2. The slope band
derived from the DEM data also significantly impacts the classification. The slope contributed
the most to vegetation type identification, especially in the mountain area with steep slopes and
different elevations ranging from 200m to 3200m. Surprisingly, no vegetation indices were
found in the top 10 categories, but spectral bands such as B11, B12, and B5 bands scored high
importance and remained within the top ten features.

Table 5.6 Variable importance

Data Source Variable Importance
Sentinel-1 Radar Vegetation Index 407.62
(RVI)
PALSAR HV 403.08
Topography Slope 402.53
Sentinel-1 VV-VH 398.09
PALSAR HH 380.67
Sentinel-1 \AY 346.47
Sentinel-1 VH 340.52
Sentinel-2 SWIR-1(B11) 317.83
Sentinel-2 SWIR-2 (B12) 283.28
Sentinel-2 Red edge band (B5) 277.14

5.4 Discussion

This study focused on evaluating the addition of radar data with optical data for mapping the
tropical montane region using RF algorithm within the GEE environment. Six experiments
have been conducted to find suitable remote sensing variables for tropical montane vegetation
classification. This framework has been developed by radar and optical data alone and also by
integrating spectral bands, SAR features, derived vegetation indices, and ancillary elevation
data features into a single composite dataset. The lowest overall accuracy was observed with
the radar data only experiment; this is also consistent with previous studies (Amoakoh et al.
2021; Costa et al. 2021). However, our study reported a relatively high overall accuracy of 83%
for the radar dataset compared to other land cover studies that utilised SAR and RF classifiers

(Camargo et al. 2019; Dobrini¢ et al. 2021). It may be due to the advantage of the use of radar
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features from both L band and C band, which increased the accuracy of mapping vegetation
due to the sensitivity to identify the various structures of the vegetation, allowing for better
distinguishing the type of forest (De Souza et al. 2019; La et al. 2020). Nevertheless, optical
data only showed the highest overall accuracy and kappa values than radar-only classification.
This may be due to higher number of bands in the Sentinal-2, meaning that the total amount of
information made available for the classifier in this scenario is much higher (Gomez 2017).
Certainly, the optical data are useful to map the vegetation type in tropical montane region;
however, these data are usually unavailable during the rainy season and some information is
missing due to the high cloud cover. Additionally, the optical data cannot extract information
from the structure of the vegetation as SAR data (Amoakoh et al. 2021; Camargo et al. 2019).
Therefore, combining radar and optical data helps improve vegetation classification accuracy
in tropical montane areas, as mapping these vegetation classes is challenging using single

source datasets due to structural complexity and high heterogeneity.

This study supports previous findings that the addition of radar data improves vegetation
mapping accuracy. This is in contrast to a study of the Amazon region (De Souza et al. 2019),
which concluded that the classification accuracy was higher when using the optical data of
Sentinel-2 alone rather than combining the radar and optical data. However, our study's
classification accuracy increased by 5% when combining optical and radar data. Similarly,
other studies (Mercier et al. 2019; Pham et al. 2022; Zhou 2019) of tropical regions and several
other authors (De Luca et al. 2022; Spracklen and Spracklen 2021; Torbick et al. 2017) have
recently demonstrated that combining optical and SAR data optimises classification accuracy.
This is because radar data can overcome cloud cover issues, while Sentinel-2 has several red-
edge bands that offer additional information about vegetation to the classifier (Zhou 2019).
Further, L and C bands of PALSAR-2 and Sentinel-1 facilitate the classification of vegetation
types with different structures and surface roughness (La et al. 2020). However, it is worth
noting that the combination of SAR, optical and topographical data performed better than
optical data and radar data alone. The reason for this is because the DEM provides topographic
information that helps identify various vegetation habitat types based on their geomorphologic
characteristics (Amoakoh et al. 2021; Liu et al. 2018). Although the models using solely radar,
optical, and topography imagery had higher classification accuracy (~92%), to our surprise, the
classification accuracy based on adding V1 data slightly increased the classification accuracy
by 0.3%. Likewise, Carrasco et al. (2019) obtained the lowest level of accuracy while using

vegetation indices to classify land cover in the United Kingdom. It was expected that adding
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vegetation indices as new variables would improve the classification results, but the increase
was insignificant. This may be be attributed to the fact that vegetation indices are merely an
arithmetic combination of the Sentinel-2 spectral bands. Hence, due to the existence of
redundant features, the accuracy improvement was not significant, which was also proved by
other studies conducted by (Amoakoh et al. 2021; Gémez 2017). Additionally, as in our study,
Miuiller et al. (2015) demonstrated that the class-specific accuracy of croplands and grassland
areas were lower than other classes, while Sano et al. (2005) reported the same problem; this
is due to the spectral similarity between cropland, grassland, and shrub, which can increase the

uncertainty when mapping.

The radar features have a significant impact on vegetation type discrimination. According to
the feature importance analysis, backscattering data and radar vegetation index are more useful
for distinguishing between different types of vegetation compared to spectral information.,
which other studies confirmed. This also aligns with Zhang et al. (2020) study, which found
that PALSAR-2 data has higher extraction accuracy for forests and shrublands and Heckel et
al. (2020) study, where Sentinel-1 data improved forest cover predictions in open savanna
environments with heterogeneous regional features. Feature importance shows the RVI, VV-
VH, and VV bands of Sentinel-1 and HV and HH bands from PALSAR as the most significant
radar layers for RF prediction. This confirmed the findings of other studies (Garg et al. 2022;
Holtgrave et al. 2020) concerning the high efficiency of the backscattering bands for vegetation
mapping. Further, Mercier et al., 2019 found VVV and VH polarisations were the most important
SAR features for discriminating forest-agriculture mosaics land cover classes in Brazil and
Spain. This can be mainly due to the radar band sensitivity to the surface roughness and the
biomass, which helps distinguish different vegetation types (Fu et al. 2021).

As most researchers specified, vegetation indices are more significant in distinguishing
vegetation types (Cheng and Wang 2019; Immitzer et al. 2019; Liu et al. 2018); however, none
of the vegetation indices have been selected as the top ten variables. However, only the SWIR-
1, SWIR-2, and Red edge band (B5) scored in eighth, ninth, and tenth place in the feature
importance analysis, respectively. Comparatively, many scholars have widely demonstrated
the importance of SWIR and red edge bands of Sentinel-2 for mapping vegetation, forests, and
land cover classes (Heckel et al. 2020).

HV became one of the crucial variables in distinguishing selected land cover. This has been
further assured in Qin et al. (2015) study, which emphasised that HV is an effective indicator
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to distinguish forests from water and cropland. Further, Shimada et al. (2014) emphasised that
forest and non-forest can be easily distinguished in HV polarised images. Jensen (2006) found
it to be the best band for forest mapping in mountainous areas as it is less sensitive to slope

variations.

Our study demonstrated the high suitability of the RVI index for the separation of land use
classes based on vegetation types. This indicates that detecting the texture, pattern, and
roughness of the canopy through Sentinel-1 is essential in distinguishing between plantation,
agriculture, and natural forest. Several studies (Agapiou 2020; Ling et al. 2009) used this
vegetation index for forest classification, land use, and vegetation analysis, showing the
contribution of the RVI for the classification and the robustness of this radar vegetation analysis.
In our study, the RVI outperformed the simple VH/VV ratio, which was also confirmed by
Holtgrave et al. (2020). They assumed this because the RVI has an advantage over the VH/VV

ratio because its formula gives more weight to the VH backscatter.

Finally, our study confirmed that topography is a key feature in classifying land use in
mountainous areas. It also showed that elevation data derived from the DEM also helps to
improve the classification. In particular, classification accuracy is significantly improved by
introducing the topography features, resulting in an increment of 2% in the OA. Liu et al. (2018)
showed that terrain contributes the most to forest type identification as the different
geomorphologic characteristics reflect the habitats of different vegetation types and can help
their identification. Similarly, in our study, the slope was a crucial component in the
classification of mountainous regions. The higher importance of slope can be attributed to the

landform in our study area, which has a high variation in elevation and slope.

5.5 Conclusion

This study demonstrated that freely accessible multi-source imagery significantly improves
vegetation classification accuracy by comparatively analysing six scenario experiments. It also
confirmed the need for using radar data for improving classification in vegetation analysis. In
addition, feature importance analysis showed that radar data makes a significant contribution
to classification; six of the ten feature analyses illustrated were radar data. However, this
research showed that radar data by itself produces poor classification accuracy. In tropical
mountainous regions with high levels of cloud cover combining radar data with optical data for
vegetation classification improves accuracy. It is also important to use topographical variables

in a complex mountainous environment. Optical, radar and topographical data sets are now
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freely accessible using the GEE platform and can effectively support developing countries like

Sri Lanka to monitor and manage forest resources.
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Chapter 6
Discussion and conclusion

6.1 Thesis integration and key questions addressed by this research

This thesis follows a sequence of increasing sophistication in land cover analysis in Sri Lanka
using GEE and freely available satellite data. Chapter 3 is dedicated to the differentiation of
agroforestry practices from forestry classes, with a particular focus on the home garden class,
which is overshadowed by global land use classifications. Chapter 4 examines the mapping of
Pinus caribaea, which is identified as a potentially invasive alien species in Sri Lanka,
particularly in the intermediate mid-country, where the research study area is located. Chapter
5 researches the integration of radar and spectral data for addressing the difficulty of mapping
the tropical montane regions due to the intricate land use patterns, topographical variations,
and heavy cloud cover, which is common in tropical regions. Figure 6.1 shows how the
aforementioned chapters perform an integrated piece of work to classify the tropical montane
vegetation in Sri Lanka. Overall, this thesis provides a comprehensive analysis of the
challenges and solutions involved in mapping land cover in tropical montane region in Sri
Lanka. The demonstrated methodology and techniques have significantly improved the

classification accuracy and sophistication of land cover mapping in Sri Lanka.

112



Different vegetation applications tested using Google Earth Engine platform

and the random forest classifier

Home garden
application

- Classified
agroforestry and
forestry classes

Invasive Pines
monitoring
application

Montane
vegetation
classification
application

- Selected plantations
operated for soil
conservation in

- Combined radar
and optical data

- Six different data

montane region
- Features 9

significant to
distinguishing home
gardens were
identified

combinations were
tested to increase
the classification
accuracy

- Invaded areas, and
the threatened
habitats were
identified

Suitability of the GEE for vegetation
applications in developing countries in
tropical montane region

Figure 6.1 Thesis integration

As stated in the introduction, the main objective of this research was to derive robust and
accurate information through satellite images, using solutions that are affordable to Sri Lanka,
where resources are limited. This included assessing the best combination of data sources and
image analysis techniques. Four key questions resulting from this objective were provided in
Chapter 1. Following section describes how each of these questions has been answered.

Q1: Is the Google Earth Engine (GEE) platform suitable for mapping vegetation in

developing countries?

Our research has demonstrated the dependability and versatility of the GEE platform in
mapping vegetation in Sri Lanka. We utilized various applications, including forestry and

agroforestry studies, to showcase its capabilities. With a comprehensive archive of historical
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satellite imagery from Landsat, GEE facilitated change analysis spanning over two decades.
Moreover, high-resolution images from Sentinel-2 can detect land use at the habitat level, while
the different data sources of radar provide the advantage of acquiring information in a cloudy
tropical region. As an interactive platform, GEE supports integrating auxiliary data, such as
elevation data, into remote sensing analysis. Further, the GEE cloud-based platform and its
large-scale analysis enable efficient processing and mosaicking of numerous satellite images

to create a continuous, gap-free image.

This research confirmed that the GEE platform and its extensive range of analysis functions
and free processing power is suitable for countries with limited financial resources to map

vegetation change over time, including in tropical areas with frequent cloud cover.

Q2: What features are required to distinguish the home garden class from the other

classes?

In order to answer this question, the research in Chapter 3 initially differentiated between forest
and agroforestry classes in the study area. As the home garden structure and composition differs
slightly from other forestry classes, it was necessary to investigate the variables to distinguish
the home garden from other agroforestry classes. The random forest algorithm in GEE utilized
the Gini method to determine feature importance, concluding that elevation, SWIR bands, and

red textural metrics are significant in distinguishing the home garden.
Q3: Can invasive pines be monitored in a complex landscape used for conservation?

This question was answered in Chapter 4. The study presented in Chapter 4 was able to identify
the pine plantations and the range of escape of pines to the other natural habitats by comparing
images between the years 2000 and 2021. Pine plantations are typically maintained for the
purpose of harvesting timber once they have matured. In this study area, pines have
conservation values rather than just commercial benefits, and have been preserved for soil
conservation purposes. Consequently, the pines have gradually spread into the natural forests.
We detect the spread of invasive Pinus caribaea, using a combination of spectral, textural, and
topographical bands. This research was further able to recognize the impact of invasive species

on native forests, and grasslands.
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Q4: Does the combination of radar and spectral data from different satellites improve the

accuracy of vegetation mapping in cloudy tropical regions?

As Sri Lanka is a tropical moist country and the study area is situated in a mountainous area,
cloudiness is a huge problem in remote sensing analysis. This problem can be overcome using
radar data, as it can penetrate through the clouds. The research findings demonstrated that
combining radar and spectral data improved vegetation classification, with an overall accuracy
of 90%. It also confirmed the need to use radar data to improve vegetation analysis
classification. In addition, feature importance analysis showed that radar data significantly
contribute to classification, because six of the ten most important variables were radar data.
However, this research showed that radar data by itself produces poor classification accuracy.
Therefore, in tropical mountainous regions with high levels of cloud cover, combining radar

data with optical data for vegetation classification improves accuracy.

6.2 Limitations

The use of mid-low-resolution images, such as those provided by Landsat and Sentinel, limit
the spatial detail of the features that can be extracted. Currently, these are the main satellite
data sources available for free, and the use of these freely available data was a constraint of

this research, set by the research objectives.

In the near future, we can expect to see an increase in the accessibility of data, particularly
LiDAR, for developing countries. These data are crucial for accurately identifying vegetation
based on its height. The availability of higher resolution LiDAR data would significantly
enhance vegetation classification. Currently, this type of data is freely and publicly available
for research purposes in developed countries, but researchers in developing countries have to
purchase it to cover the cost of data acquisition. By making geospatial data freely available, it
would empower spatial researchers in developing countries to produce more accurate

vegetation maps.

Originally, this research aimed to gather ground truth data of the study area. However, due to
COVID-19 travel restrictions and border closures, collecting data in person was not possible.
High-resolution satellite imagery from Google Earth was used to collect reference data to
overcome this obstacle. This is found to be a viable reference data acquisition process,

especially when access to ground truth data is restricted, or in situ data is insufficient. This
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process involves utilizing my extensive local knowledge of the study area, which | have gained
over 17 years. Although Google Earth images have a high resolution and can identify

vegetation classes, the results would be more dependable if ground truth data were collected.

Researchers can perform massive geospatial computations in GEE, a powerful analytical
platform that has access to a 40-year data archive. However, creating final maps can be
challenging, due to GEE’s lack of user-friendly features. To overcome this hurdle, this research
employed the use of ArcGIS Pro - a costly software by ESRI which offers cheap deals for
developing nations. It is also widely used in academic research, as it is graphic-friendly.
Another viable option for such countries is the use of open-source GIS software like QGIS and
GRASS GIS, which are also quite popular.

This thesis examined a tropical mountainous region in Sri Lanka and used various methods to
classify the vegetation types. Sri Lankan montane forests are difficult to classify because of the
variable terrain and cloudy atmospheric conditions. Therefore, the methods demonstrated in
this thesis have been tested under challenging environments. They should therefore work in
less challenging environments, such as lowland tropical and temperate regions. An exception
may be the identification of the home garden class, as this class will vary considerably across
countries. Therefore, it is necessary to adjust the parameters such as spectral signature, textural

properties, and input variables to fit the specific research region.

6.3 Implications for mapping vegetation and future research

This research has focused on the Random Forest classifier because it works well and
outperforms the other machine learning classifiers, as proven by many researchers when
comparing different classification algorithms. However, research needs to be constantly
evaluating the use of new classifiers, such as Deep Neural Network (DNN), Convolutional
Neural Network (CNN) and Recurrent Neural Networks (RNN) to improve the accuracy of
vegetation classification (Hanson et al., 2022). Additionally, the multi-classifiers — a classifier
ensemble that combines individual classifiers for each vegetation class — have great potential

to improve the accuracy and reliability of remote sensing image classification.

Data availability was a huge problem in the past. Although satellite data were available publicly,
they were not accessible to developing countries due to the cost. However, with the open data

source policy, Landsat, MODIS, Sentinel, and PALSAR data are currently freely available. As
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we move toward the future, it is probable that many expensive commercial satellite data sets
will become cheaper or even free. This may provide opportunities for future researchers to

combine data from different sources and extract more reliable classifications.

As new data availability continues to grow, in the near future, remote sensing information is
expected to be a key factor in shaping new developments in vegetation analysis. Likewise,
researchers can expand their studies to include biomass analysis and vegetation structure,
thanks to the diverse range of new data sets available such as NISAR, GEDI, RADARSAT
Constellation Mission, MOLLI, or future active sensors like BIOMASS (Crowley & Cardille,
2020). Additionally, researchers can utilize Unmanned Aerial Vehicles (UAV) observations,
such as drone imagery, to map vegetation on a micro-level. Drones offer a higher resolution,
allowing for more detailed and focused observations of regions. Although they can be costly
and difficult for developing nations to access, the open data policy has made it possible for
nontraditional datasets to be openly available. For example, the GeoNadir platform now offers

an open repository of global drone data (GeoNadir, 2023).

In addition to the improvements in remote sensing data, there have also been advancements in
technology and computing power, including various cloud-based platforms that are now
available for geospatial analysis. This means that researchers are not limited to just using GEE.
Microsoft has introduced Microsoft Planetary Computer (MPC) as an alternative cloud
computing platform that provides petabytes of environmental monitoring data (Microsoft,
2023). Some other cloud-based hardware can also be used for free, although there are
limitations compared to the GEE. Sentinel Hub is an engine for processing large amounts of
Sentinel satellite data, and it can be integrated with other applications. The Digital Earth
Australia (DEA) Sandbox and The Digital Africa (DE) Africa Sandbox are two additional
cloud-based computational platforms that provide limited but free computing resources for

technical users and data scientists to explore these continental data and products.

Another implication of this research is the importance of recognizing the nuance of classes of
landuse cover in different countries. Chapter 3 focused on home gardens, but there are also
other nuance classes that are overshadowed by global classifications. Shifting cultivation,
which is commonly practised in tropical regions and known as ‘Chena’ in Sri Lanka, has
distinct features that should be identified in order to understand how human activity impacts
forest degradation in Sri Lanka. Moreover, wet and dry Pathana are two different grassland
types in Sri Lanka that differ from Savannas and play a crucial role in soil conservation and

117



watershed management. It is recommended that researchers utilize remote sensing to accurately

identify and map these unique vegetation classes in Sri Lanka.

With technological advancement and data availability, vegetation classification is becoming
increasingly powerful, easier to implement, and widely tested in different regions and scenarios.
However, it is crucial to check and validate these classifications and models thoroughly using
error modelling. Frequently, global error statistics, such as Total Error and Kappa are used to
validate a classification, which hides specific accuracy of each class. It is important that
accuracy statistics on specific classes are provided, because as these classes may be important
to users. Global statistics include classes that are easy to classify, such as water, resulting in
misrepresenting the accuracy of classes that are difficult to classify. Accuracy assessment is
also dependant on the sampling methods used for collecting ground truth data. It is important

that this is systematically collected, to ensure each vegetation class is well-represented.

6.4 Overall conclusion

Google Earth Engine is a revolutionary step in geospatial analysis history. Previously,
researchers who utilized remotely sensed data were limited to downloading satellite images
and conducting analysis on their own computer systems. GEE, with its open and freely
available high-capacity analysis platform, has greatly altered the potential for accessing and
analysing images and combining data from different remote sensing sources to better
understand the surface of the earth. This has empowered researchers in developing nations to

do massive scale analyses cost-effectively.

Not only has hardware advanced, but access to various types of geospatial data has greatly
changed the approach to remote sensing that has been used for many years. By combining not
just spectral and radar data but also topographical and GIS data, classification accuracy can be
improved. Moreover, machine learning classifiers outperform traditional classifications in
handling large amounts of data and have evolved from single classifiers to multiple classifiers

and deep learning algorithms.

This research has shown that developing countries, like Sri Lanka, can now advance remote
sensing analysis using freely available data sources and cloud platforms, which can be used for

different vegetation monitoring applications.
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Appendix I-Supplementary Material -Chapter 3

3.SM.1 Confusion matrix of k fold analysis

Table 3.SM1 shows the confusion matrix of the K fold analysis

Table 3.SM1 Confusion Matrix of 5 folds

Appendices

fold 1 fold 2 fold 3 fold 4 fold5
Forestry classes Agroforestry Classes Forestry classes Agroforestry Classes Forestry classes Agroforestry Classes Forestry classes Agroforestry Classes Forestry classes Agroforestry Classes

Land Cover Pine Natural _|Grassland [Shrub HG Cultivation |Pine Natural _|Grassland [Shrub HG Cultivation [Pine Natural _|Grassland [Shrub HG Cultivation [Pine Natural _|Grassland [Shrub HG Cultivation |Pine Natural _|Grassland [Shrub HG Cultivation
Pine 16 0 0 0 0 0 17 0 0 0| 0 0 1 0| 0 0 0 0 9 1 0 0 0 0 2 0 0 0 0 0
Natural 0 9 0 0 0 3 0 14 0 0 0 1 0 19 0 0 0 1 0 14 0 0 0 1 0 20 0 0 0 1
Grassland 0 0 10 3 0 3 0 0 12 1 0 0 0 0 2 2 0 0 0 0 7 1 0 0 0 0 5 0 0 0
Shrub 1 0 1 7 0 0 0 0 1 7 0 0 0 0| 10 10 0 0 0 0 0 1 0 0 0 1 0 6 0 0
HG 0 0 0 0 43 0 0 0 0 1 46 1 0 0 0 0 57 0 0 0 1 0 90 0 0 0 0 0 57 1
Cultivation 0 0 0 0 0 5 0 0 2 4 0 0 0 0 2 4 0 1 0 1 3 8 0 0 0 0 1 4
producer accuarcy 0.94 1.00 0.91 0.70 1.00 0.45 1.00 1.00 0.92 0.78 0.96 0.67 1.00 1.00] 0.82 0.83 0.97 0.80 1.00 0.88 0.88 0.85 0.97 0.89 1.00 0.95 1.00 1.00 0.98 0.67
Consumer accuracy 1.00] 0.75 0.63 0.78 1.00 1.00 1.00 0.93 0.92 0.88 0.96 0.67 1.00 0.95 0.82 0.83 1.00] 0.67 0.90 0.93 0.88 1.00 0.99 0.62 1.00 0.95 1.00 0.86 0.98 0.80
oA 0.89 093 0.94 0.98 097
kappa 0.85 091 091 0.90 0.95

139



3.SM.2 GEE code of chapter 3

3.SM2 shows the java script code use for the home garden analysis using the GEE code layout

//Navigate to area of interest
Map.centerObject(study_area)
// define the Elelvation data or import the elevation data
var dem=DEM.clip(study_area)
Map.addLayer (dem, {min:300, max:2500},'Dem’);
print (dem,'DEM");
/I extracting terrain features from the DEM
/] selecting the elevation
var elevation = dem.select(‘elevation’);
Map.addLayer(elevation, {min: 300, max: 2500}, 'elevation’);
//select the slope
var slope = ee.Terrain.slope(elevation);
Map.addLayer(slope, {min: 0.3, max: 80}, 'slope’);
print (slope);
// selct the aspect
var aspect=ee.Terrain.aspect(dem)
// Importing the S2 satellite collection and select a cloud free image through different filtering
/land selcting the most cloud free image in the date range
var shape = ee.Image(sent2
/I filter date
filterDate("2020-01-01", "2020-07-01")
// filter boundary
filterBounds(study_area)
/I filter by clouds coverage
Ssort("CLOUD_COVERAGE_ASSESSMENT")
/I least cloud coverga image
First()
.clip(study_area));
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print("A Sentinel-2 scene:", shape);

Il var shape= image.clip(campus);

/I Define visualization parameters in a JavaScript dictionary for true colour rendering. Bands
4,3 and 2 needed for RGB.

var trueColour = {
bands: ["'B4", "B3", "B2"],
min: 500,
max: 3500,
gamma: 1.3
h
Map.addLayer(shape,trueColour,'shape’)
/I Compute the Normalized Difference Vegetation Index (NDVI).
var nir = shape.select('B8");
var red = shape.select('B4");
var ndvi = nir.subtract(red).divide(nir.add(red)).rename('NDVI");
print (ndvi,'ndvi’)
// Display the result.
var ndviParams = {min: -1, max: 1, palette: ['blue’, ‘'white', 'green']};
Map.addLayer(ndvi, ndviParams, 'NDVI image’);
//Use ndvi thershold to remove non vegetaive areas
var newndvi=ndvi.select('NDVI').gte(0.35).rename('NDVI").selfMask();
Map.addLayer(newndvi, ndviParams , 'NDVI THRESHOLD' false);
/lupsample to 10m
function resample10m(img) {
var b2 = shape.select('B8A")
var imagel0Om = shape.resample(‘bicubic’).reproject({crs:b2.projection().crs(), scale:10})
return imagelOm
}
var upsampled_newshape= resample10m(shape.addBands(shape.select(['B8A)))
print(upsampled_newshape,'upsampled_pc ')
/'l [/add NDVI index to the analysis
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var newshape=upsampled_newshape.addBands(newndvi)
print(newshape,'newshape’)
// to select the vegatative area for further analysis

//1. convert vegetative area to vectors for assist clip

var vector=newndvi.reduceToVectors({
reducer:ee.Reducer.countEvery(),
geometry:study_area,
scale:10,
bestEffort:true,
o
Map.addLayer(vector,{},'vector' false)
/I clipping the main satellite image with masked.
var vegetative_area=newshape.clip(vector)
print(vegetative_area,'vegetative_area’)
Map.addLayer(vegetative_area,trueColour,'vegetative_area’)
/I creating different vegeation indexes///II!/11H1111111****
/[1./EVI- Enhance vegation index

var EVI = vegetative_area.expression('(2.5 * float(NIR - RED)) / (NIR + (2.4 * RED) + 10000)’,
//(https://gis.stackexchange.com/questions/226325/calculating-2-bands-evi-from-sentinel-
2?7rg=1)

{
'NIR': vegetative_area.select('B8"),
'RED': vegetative_area.select('B4"),
'BLUE": vegetative_area.select('B2")
}.rename(EVI');
/I llcreating Green Chlorophlly index
I12.1IIGCI = (NIR) / (Green) — 1
var GCI = vegetative_area.expression (‘float (((NIR) / (GREEN)) - 1)', {
'‘NIR': vegetative_area.select ('B8"),
'GREEN': vegetative_area.select ('B3')}).rename('GClI");
Map.addLayer(GClI , {min: 0, max: 5 ,palette:['Green’,'yellow','white']},'GCI ");
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/I Red Edge Chlorophyll Index

113./IIRGCI-(B7)(/B5)-1

var RGCI = vegetative_area.expression (‘float (((REDEdge3) / (REDEdgel)) - 1)', {
'REDEdge3'": vegetative_area.select ('B7"),
'REDEdgel": vegetative area.select ('B5')}).rename('/RGCI’);

11411111 GLI (Green Leaf Index)

var GLI = vegetative_area.expression (‘float (((GREEN - RED) + (GREEN - BLUE)) / ((2 *
GREEN) + RED + BLUE))', {

'GREEN': vegetative_area.select ('B3'),
'RED': vegetative area.select ('B4"),
'BLUE": vegetative_area.select ('B2")}).rename('GLI";
I15.111111 SAVI (Soil Adjusted Vegetation Index)
var SAVI = vegetative_area.expression (‘float (((NIR - RED) / (NIR + RED + L))* (1+L))'{
‘L' 0.5, // Cobertura vegetacion 0-1
'‘NIR': vegetative_area.select ('B8"),
'RED': vegetative area.select ('B4')}).rename('SAVI');
I1'116.///l NBRI (Normalized Burned Ratio Index)
var NBRI = vegetative_area.expression (‘float (NIR - SWIR2) / float (NIR + SWIR2)', {
'‘NIR': vegetative_area.select ('B8"),
'SWIR2'": vegetative_area.select ('B12")}).rename('NBRI');
Il 1I7. NDMI-Normalized difference moisture index
Il HI(NIR-SWIR)/(NIR+SWIR)
var NDMI = vegetative area.expression (‘float (NIR - SWIR1) / float (NIR + SWIR1)', {
'‘NIR': vegetative_area.select ('B8"),
'‘SWIR1'": vegetative_area.select (‘'B11")}).rename('NDMI’);
/IlIdimesion reduction////[1111111H1
/luse PCA for dimension reduction
/11 1] Set some information about the input to be used later.
var scale = 10;
var newband=vegetative_area.select(['B2', 'B3', ‘B4, 'B5', 'B6', 'B7', 'B8', 'B8A','B11’, 'B12Y);

var bandNames = newband.bandNames();
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I/l Mean center the data to enable a faster covariance reducer and an SD stretch of the principal
components.

var meanDict = newband.reduceRegion({
reducer: ee.Reducer.mean(),
geometry: study_area,
scale: scale,
maxPixels: 1e9
b
var means = ee.Image.constant(meanDict.values(bandNames));
var centered = newband.subtract(means);
I/ This helper function returns a list of new band names.
var getNewBandNames = function(prefix) {
var seq = ee.List.sequence(1, bandNames.length());
return seq.map(function(b) {
return ee.String(prefix).cat(ee.Number(b).int());
b
Y
// This function accepts mean centered imagery, a scale and a region in which to perform the
analysis. //It returns the // Principal Components (PC) in the region as a new image.

var getPrincipal Components = function(centered, scale, campus) {
/I Collapse the bands of the image into a 1D array per pixel.
var arrays = centered.toArray();
/I Compute the covariance of the bands within the region.
var covar = arrays.reduceRegion({
reducer: ee.Reducer.centeredCovariance(),
geometry: campus,
scale: scale,
maxPixels: 1e9

hok

/I Get the 'array' covariance result and cast to an array. This represents the band-to-band
covariance within the region.

var covarArray = ee.Array(covar.get(‘array"));

// Perform an eigen analysis and slice apart the values and vectors.

144



var eigens = covarArray.eigen();
I/ This is a P-length vector of Eigenvalues.
var eigenValues = eigens.slice(1, 0, 1);
/lprint(eigenValues,'eigenValues')
// This is a PxP matrix with eigenvectors in rows.
var eigenVectors = eigens.slice(1, 1);
/lprint (eigenVectors,'eigenVectors')
/I Convert the array image to 2D arrays for matrix computations.

var arraylmage = arrays.toArray(1);

/I Left multiply the image array by the matrix of eigenvectors.

var principalComponents = ee.Image(eigenVectors).matrixMultiply(arraylmage);

// Turn the square roots of the Eigenvalues into a P-band image.
var sdimage = ee.Image(eigenValues.sqrt())
.arrayProject([0]).arrayFlatten([getNewBandNames('sd')]);
// Turn the PCs into a P-band image, normalized by SD.
return principalComponents
// Throw out an an unneeded dimension, [[]] -> [].
.arrayProject([0])
// Make the one band array image a multi-band image, [] -> image.
.arrayFlatten([getNewBandNames('pc)])
// Normalize the PCs by their SDs.
.divide(sdImage);
h
/I Get the PCs at the specified scale and in the specified region
var pclmage = getPrincipalComponents(centered, scale, study_area);
// Plot each PC as a new layer
for (var i = 0; i < bandNames.length().getInfo(); i++) {
var band = pclmage.bandNames().get(i).getInfo();
/IMap.addLayer(pclmage.select([band]), {min: -2, max: 2}, band);
}

print (pclmage,'pc no');
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Map.addLayer(pclmage, {min: -2, max: 2}, 'band");
/I Select second PCA
var texture_pc=pclmage.select('pc2').rename('PC2’)
print(texture_pc,'pc_texture')
//Add PC as a band to the satellite image
var vegetativearea_PC=newshape.addBands(texture_pc)
print(vegetativearea_ PC,'vegetativearea PC')
e s
// convert the PCA-2 into 32 bit interger
var byte_pc=pclmage.select(['pc2').int32()
// convert PCA to grey level texture with a window size 8*8
var texture. GLCM= byte pc.glcmTexture(5)
print(texture_ GLCM,'texture. GLCM")
/'l l/add PCA-2 texture as a band indexes to the image
var shapel=vegetativearea_PC.addBands(texture_GLCM)
print(shapel,'vegetativearea’)
/1 selct spectral bands for texture
var B2= shapel.select('B2")
var B3=shapel.select('B3")
var B4=shapel.select('B4")
var B8=shapel.select('B8")
var B8 A=shapel.select('B8A")
var B12=shapel.select('B12")
var NDVI=shapel.select('NDVI')
var B5=shapel.select('B5")
var B6=shapel.select('B6")
var B7=shapel.select('B7")
var B11=shapel.select('B11")
//converting spectral bands to texture
var b2_texture=B2.glcmTexture()
var b3_texture=B3.glcmTexture()

var b4_texture=B4.glcmTexture()
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var b8_texture=B8.glcmTexture()

var b8A_texture=B8A.glcmTexture()
var b12_texture=B12.glcmTexture()

var NDVI_texture=NDVI.glcmTexture()
var b5_texture=B5.glcmTexture()

var b6_texture=B6.glcmTexture()

var b7_texture=B7.glcmTexture()

var b11 texture=B11.glcmTexture()

var
vegetativearea=shapel.addBands(elevation).addBands(slope).addBands(aspect).addBands(G
Cl ).addBands(GL1I).addBands(NDMI)

.addBands(RGCl).addBands(EV1).addBands(SAVI).addBands(NBRI).addBands(b2_texture).
addBands(b3_texture).addBands(b4 _texture).addBands(b8_texture).addBands(b8A texture).

addBands(b12_texture).addBands(NDVI_texture).addBands(b5_texture).addBands(b6_textur
e).addBands( b7_texture).addBands(b11 texture)

print(vegetativearea,'vegetativearea')

var Train_HG = HomeGarden.map(function(x) {
return x.set('usel’, 4)

by,

var Train_cultivation = tea.map(function(x) {

return x.set('usel’, 5)

by

var classNames =
pines_plantation.merge(natural_vegetation).merge(Grassland).merge(shrub).merge(Train_H
G).merge(Train_cultivation) ;

print (classNames,'classnames’);

var bands =
[GLI''NDMI''NBRI'SAVI''EVI''RGCI','GCI', 'elevation’,'slope’,'aspect’,'PC2','pc2_asm','pc
2_contrast','pc2_corr','pc2_var',
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'pc2_idm','pc2_savg','pc2_svar','pc2_sent','pc2_dvar','pc2_dent','pc2_imcorr2','pc2_diss','pc2_
inertia','pc2_prom','B2_var','B2_asm','B2_idm','B2_savg','B2_svar','B2_sent','B2_dvar','B2_d
ent','B2_imcorr2','B2_diss','B2_inertia’,'B2_prom','B2,

‘B3,
'B3_asm','B3_idm','B3_savg','B3 svar','B3 sent','B3 dvar','B3_dent','B3_imcorr2','B3_diss',’
B3 inertia','B3_prom','B4','B4 _var','B4_asm','B4_idm','B4_savg','B4 _svar','B4 _sent''B4_dva
r','B4_dent','B4_imcorr2','B4_diss','B4_inertia','B4_prom','B8’,

'B8_var','B8 asm','B8_idm','B8_savg','B8 svar','B8 sent''B8 _dvar','B8_dent','B8_imcorr2','B
8_diss','B8_inertia','B8_prom’,

'B5_var','B5 asm','B5_idm','B5_savg','B5 svar','B5_sent''B5 dvar','B5_dent','B5_imcorr2','B
5 diss','B5_inertia','B5_prom','B5', 'B6',
'‘B7','B8A','B8A _asm','B8A idm',/B8A savg','B8A svar''B8A_sent',/B8A dvar','B8A dent',
B8A _imcorr2''B8A_diss','B8A inertia',’'B8A_prom’,

'‘B12''B12 var','B12_asm''B12_idm','B12_savg','B12 svar','B12_sent'/B12 dvar''B12_dent,
'‘B12_imcorr2''B12_diss','B12_inertia',’'B12_prom','B2_contrast','B11','B11_corr','B11_contra
st','B11 var','B11 asm'/B1l idm''B11_savg','B11 svar','B11 sent'/'B1l dvar','B11l dent','B
11 imcorr2','B11_diss','B11_inertia',/B11_prom','B2_corr','B3_contrast','B3_corr','B8_contras
t','B8_corr','B4_contrast','B4_corr','B12_contrast','B12_corr','B8A_contrast','B8A_corr',

'B5_contrast','B5_corr','B6_contrast','B6_corr','B7_contrast','B7_corr'];
I

var exampleFC = ee.FeatureCollection(classNames).randomColumn('Pol’);

Map.addLayer(exampleFC, {}, 'Example Samples");

var inputtedFeatureCollection = exampleFC;
var imageToClassify = vegetativearea;
var k = 5;

var classifierOfChoice = ee.Classifier.smileRandomForest(350, null, 1, 0.5, null,
0).setOutputMode('CLASSIFICATION');/'/REGRESSION'

var property ToPredictAsString = 'usel’;

var scaleToSample = 10;

/I var kFoldCrossValidation = function(inputtedFeatureCollection, imageToClassify, K,
classifierOfChoice, property ToPredictAsString, scaleToSample) {
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Il inputtedFeatureCollection: an ee.FeatureCollection() of sample points object with a
property of interest imageToClassify: the image used to classify/regress the point samples

II'll k:the number of folds

/l classifierOfChoice: the classifier/regressor of choice

/l propertyToPredictAsString: the name of the property to predict as a string object
/l scaleToSample: the scale at which to sample the image

I */

// The sections below are the function's code, beginning with preparation of the inputted feature
collection of sample points

var collLength = inputtedFeatureCollection.size();
print('Number of Sample Points’,collLength);

var sampleSeq = ee.List.sequence(1, collLength);
print('Sample Sequence’,sampleSeq);

var inputtedFCWithRand = inputtedFeatureCollection.randomColumn('"Rand_Num',
42).sort('Rand_Num’).toList(collLength);

print(‘Total FC with Random Column',inputtedFCWithRand);
// Prep the feature collection with random fold assignment numbers
var preppedListOfFeats = sampleSeq.map(function(numberToSet) {

return
ee.Feature(inputtedFCWithRand.get(ee.Number(numberToSet).subtract(1))).set('Fold_ID’,
ee.Number(numberToSet));

b;

print(‘'Prepped FC', preppedListOfFeats);

// This section divides the feature collection into the k folds

var averageFoldSize = collLength.divide(k).floor();

print('Average Fold Size',averageFoldSize);

var remainingSampleSize = collLength.mod(k);

print(‘'Remaining Sample Size', remainingSampleSize);

var foldSequenceWithoutRemainder = ee.List.sequence(0, k - 1).map(function(fold) {
var foldStart = ee.Number(fold).multiply(averageFoldSize).add(1);
var foldEnd = ee.Number(foldStart).add(averageFoldSize.subtract(1));
var foldNumbers = ee.L.ist.sequence(foldStart, foldEnd);

return ee.List(foldNumbers);
b
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print('Fold Sequence Without Remaining Samples',foldSequenceWithoutRemainder);

var remainingFoldSequence =
ee.List.sequence(ee.Number(ee.List(foldSequenceWithoutRemainder.get(foldSequenceWitho
utRemainder.length().subtract(1))).get(averageFoldSize.subtract(1))),

ee.Number(ee.List(foldSequenceWithoutRemainder.get(foldSequenceWithoutRemain
der.length().subtract(1))).get(averageFoldSize.subtract(1))).add(ee.Number(remainingSample
Size).subtract(1)));

print('Remaining Fold Sequence’,remainingFoldSequence);

var listsWithRemaindersAdded =
foldSequenceWithoutRemainder.zip(remainingFoldSequence).map(function(list) {

return ee.List(list).flatten();
b
print(‘Lists with Remainders Added',listsWithRemaindersAdded);

var finalFoldLists =
listsWithRemaindersAdded.cat(foldSequenceWithoutRemainder.slice(listsWithRemaindersA
dded.length()));

print('"Final Fold Lists Formatted',finalFoldLists);
var mainFoldList = ee.List.sequence(0, k - 1);
print('Main Fold List',mainFoldList);

var trainingData = mainFoldList.map(function(foldNumber) {
var listWithoutFold = finalFoldLists.get(foldNumber);

var foldListOfLists =
ee.FeatureCollection(preppedListOfFeats).filter(ee.Filter.inList('Fold_ID’,
listWithoutFold).not()).toList(collLength);

return foldListOfLists;

b
print('Training Data Folds', trainingData);

var val_pine = pine.map(function(x) {

return x.set('use’, 0)

)

var val_natural = tree.map(function(x) {
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return x.set('use’, 1)

b))

var val_grassland = tgrassland.map(function(x) {
return x.set('use’, 2)

b))

var val_shrub = tshurb.map(function(x) {
return x.set('use’, 3)

b))

var val_HG = vHG.map(function(x) {
return x.set('use’, 4)

b))

var val_tea = vTEA.map(function(x) {
return x.set('use’, 5)

by

var full\ValidationDataSet =
val_pine.merge(val_natural).merge(val_grassland).merge(val_shrub).merge(val_HG).merge(
val_tea)

print(fullValidationDataSet, fullValidationDataSet')

[Ivar inputtedFeatureCollection = exampleFC,;

var imageToClassify = vegetativearea;

var k = 5;

var classifierOfChoice = ee.Classifier.smileRandomForest(350, null, 1, 0.5, null,
0).setOutputMode('CLASSIFICATION");/'/REGRESSION'

var property ToPredictAsStringl = 'use’;
var scaleToSample = 10;

var KkFoldCrossValidation = function(fullVValidationDataSet, imageToClassify, Kk,
classifierOfChoice, property ToPredictAsStringl, scaleToSample) {

var collLengthl = fullValidationDataSet.size();
print('Number of Sample Points',collLengthl);

var sampleSeql = ee.List.sequence(1, collLengthl);
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print('Sample Sequence’,sampleSeql);

var inputtedFCWithRandl = fullValidationDataSet.randomColumn('Rand_Num’,
42).sort('Rand_Num').toL.ist(collLengthl);

print(‘'Total FC with Random Column’,inputtedFCWithRand1);

var preppedListOfFeatsl = sampleSeql.map(function(numberToSet) {

return
ee.Feature(inputtedFCWithRand1.get(ee.Number(numberToSet).subtract(1))).set('Fold_ID',
ee.Number(numberToSet));

b

print('Prepped FC', preppedListOfFeatsl);

var averageFoldSize = collLengthl.divide(k).floor();

print(‘'Average Fold Size',averageFoldSize);

var remainingSampleSize = collLengthl.mod(k);

print(‘'Remaining Sample Size', remainingSampleSize);

var foldSequenceWithoutRemainder = ee.List.sequence(0, k - 1).map(function(fold) {
var foldStart = ee.Number(fold).multiply(averageFoldSize).add(1);
var foldEnd = ee.Number(foldStart).add(averageFoldSize.subtract(1));
var foldNumbers = ee.List.sequence(foldStart, foldEnd);
return ee.List(foldNumbers);

b;

print('Fold Sequence Without Remaining Samples',foldSequenceWithoutRemainder);

var remainingFoldSequence =
ee.List.sequence(ee.Number(ee.List(foldSequenceWithoutRemainder.get(foldSequenceWitho
utRemainder.length().subtract(1))).get(averageFoldSize.subtract(1))),

ee.Number(ee.List(foldSequenceWithoutRemainder.get(foldSequenceWithoutRemain
der.length().subtract(1))).get(averageFoldSize.subtract(1))).add(ee.Number(remainingSample
Size).subtract(1)));

print('Remaining Fold Sequence',remainingFoldSequence);

var listsWithRemaindersAdded =
foldSequenceWithoutRemainder.zip(remainingFoldSequence).map(function(list) {
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return ee.List(list).flatten();
b
print('Lists with Remainders Added'listsWithRemaindersAdded);

var finalFoldLists =
listsWithRemaindersAdded.cat(foldSequenceWithoutRemainder. sllce(l|stsW|thRema|ndersA
dded.length()));

print('Final Fold Lists Formatted',finalFoldLists);
var mainFoldList = ee.List.sequence(0, k - 1);

print('Main Fold List',mainFoldList);

var validationData = mainFoldList.map(function(foldNumber) {
var listWithoutFold = finalFoldLists.get(foldNumber);

var foldListOfLists =
ee.FeatureCollection(preppedListOfFeatsl).filter(ee.Filter.inList('Fold_ID',
listWithoutFold)).toList(collLengthl);

return foldListOfLists;

b
print("Validation Data Folds', validationData);

var classifiedlmages = mainFoldList.map(function(foldNumber) {

var trainingFold =
imageToClassify.sampleRegions(ee.FeatureCollection(ee.List(trainingData.get(foldNumber))

)

var trainedClassifier = classifierOfChoice.train(trainingFold,
property ToPredictAsString);

var classifiedlmages =
imageToClassify.classify(trainedClassifier).rename(ee.String(property ToPredictAsString).cat
('_Classification"));

return classifiedlmages;
b
print('Classified Images', classifiedimages);
/I Retrieve the validation data from the validation folds
var validationResults = mainFoldList.map(function(foldNumber) {

var imageToSample = ee.Image(classifiedlmages.get(foldNumber));
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var validationFoldSamples =
ee.List(validationData.get(foldNumber)).map(function(feat) {

return ee.Feature(feat).set('"Fold_Number’, foldNumber);
b
var validationResults = imageToSample.sampleRegions({

collection:
ee.FeatureCollection(validationFoldSamples).select([property ToPredictAsString1l,
'Fold_Number', 'Fold_ID', 'Sample_Num']),

scale: scaleToSample
}.toList(collLengthl);
return validationResults;
b
print("Validation Results',validationResults);

var validationResultsFlattened =
ee.FeatureCollection(ee.List(validationResults.flatten()));

print("Validation Results Flattened and Formatted',validationResultsFlattened);
return validationResultsFlattened:;
Y

var kFoldCVResults = kFoldCrossValidation(fullVValidationDataSet, imageToClassify, Kk,
classifierOfChoice, property ToPredictAsStringl, scaleToSample);

print('k-Fold Cross Validation Results', kFoldCVResults);
/'] Export the results
Export.table.toDrive(kFoldCVResults);

var testAccuracyRT=validation0.errorMatrix(‘use’, 'usel_Classification');

I var testAccuracyRT = kFoldCVResults.select(ee.List('Fold_Number"))
print (testAccuracyRT,'testAccuracyRT")
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Appendix 11-Supplementary Material -Chapter 4

4.SM.1 Confusion matrix of the year 2000
4.SM1 shows the confusion matrix of the year 2000

Table 4.SM1 Confusion matrix for the year 2000

Classification

Land cover Pine Broadlea Grasslan Bare Settlemen Tota
plantatio  f forest d land t I
n
Pine plantation 90 14 12 4 0 120
Broadleaf forest 0 96 24 0 0 120
Grassland 13 3 87 17 0 120
Bare land 6 5 30 79 0 120
Settlement 0 4 4 8 4 20
Total 109 122 157 108 4 500
User Accuracy 82 79 58 73 100
(%)
Producer 75 84 72 66 20
§ Accuracy
5 )
% Overall accuracy 72
T (%)

4.SM.2 Confusion matrix for the year 2021
4.SM2 shows the confusion matrix of the year 2021

Table 4.SM2 Confusion matrix for the year 2021

Classification

Land cover Pine Broadlea Grasslan Bare Settlemen Tota
plantatio  f forest d land t I
n
Pine plantation 116 4 0 0 0 120
Broadleaf forest 0 120 0 0 0 120
Grassland 0 4 104 12 0 120
Bare land 0 0 30 84 6 120
Settlement 0 18 18 18 66 120
Total 116 146 152 114 72 600
User Accuracy 100 82 68 74 92
(%)
Producer 96 100 86 70 55
§ Accuracy
o (%)
& Overall accuracy 81
T (%)
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4.SM.3 GEE code of the chapter 4

4.SM3 shows the code use for the to recognize the invasive pines during 21 years

//Navigate to area of interest////
Map.centerObject(study_area,15)

// define the Elelvation data or import the elevation data

var dem=DEM.clip(study_area)

Map.addLayer (dem, {min:300, max:2500},'Dem’,false);

print (dem,'DEM");

I extracting terrain features from the DEM

// selecting the elevation

var elevation = dem.select(‘elevation’);

Map.addLayer(elevation, {min: 300, max: 2500}, 'elevation’,false);
//select the slope

var slope = ee.Terrain.slope(elevation);

Map.addLayer(slope, {min: 0.3, max: 80, palette:[ 'red’,'green’,'yellow’,'black’]},'slope’);
print (slope);

/] selct the aspect

var aspect=ee.Terrain.aspect(dem)

I mememmmmememe e e cloud mask functions--------=----=-===-mmemmmmmoemeo-

I/ Use this function to mask clouds in Landsat 8 imagery.
var maskClouds = function(image) {

var quality = image.select(‘pixel_ga");

var cloud01 = quality.eq(61440);

var cloud02 = quality.eq(53248);

var cloud03 = quality.eq(28672);

var mask = cloudO1.or(cloud02).or(cloud03).not();
return image.updateMask(mask);

}

/lcloud masking_Fmask
function fmask(img) {
var cloudShadowBitMask = 1 << 8;
var cloudsBitMask = 1 << 4;
var ga = img.select('pixel_ga’);
var mask = ga.bitwiseAnd(cloudShadowBitMask)
eq(0)
.and(ga.bitwiseAnd(cloudsBitMask).eq(0));
return img.updateMask(mask);

¥

I Earth engine data catalogue code///HTTTTHTTTTHTHTTTTTTTTTTTTTTTTTTNNII
function maskL8sr(imagecollection) {

156



// Bits 3 and 5 are cloud shadow and cloud, respectively.
var cloudShadowBitMask = (1 << 3);
var cloudsBitMask = (1 << 5);
/I Get the pixel QA band.
var ga = imagecollection.select(‘pixel_ga’);
// Both flags should be set to zero, indicating clear conditions.

var mask = ga.bitwiseAnd(cloudShadowBitMask).eq(0)
.and(ga.bitwiseAnd(cloudsBitMask).eq(0));
return imagecollection.updateMask(mask);

k
T === m e mmmm e m e clipping function and setting year--------------------

//Set year

var setyear= function(a)
{return a.set('year',ee.Image(a).date().get('year'))}

/lclip
var study=function clip2 (img){return img.clip(study_area)}

I visual parameters //

var visParams = {
bands: ['B4', 'B3', 'B21,
min: 0,

max: 3000,

gamma: 1.4,

%

I AT == m e m e e mm e m e m e e creating different vegetation indexes-functions----

/111 [creating Green Chlorophyll index
I11./IIGCI = (NIR) / (Green) — 1

function GCI (image) {

var GCI = image.expression (‘float (((nir) / (green)) - 1)', {
'nir': image.select ('nir'),
‘green’: image.select (‘green’)}).rename('GCI’);

return image.addBands(GCl);

¥

/12.11I11.JEVI- Enhance vegation index //
//calculate EVI over each image in the collection

function EVI (image) {
var EVI = image.expression(
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2.5 * (nir-red) / (nir + 6 * red - 7.5 * blue + 1)',
{
red: image.select('red’), // 620-670nm, RED
nir: image.select('nir'), // 841-876nm, NIR
blue: image.select('blue’) // 459-479nm, BLUE
}).rename(EVI');
return image.addBands(EVI);

}

function GLI(image) {

var GLI = image.expression (‘float (((green - red) + (green- blue)) / ((2 * green) + red +

blue))', {
'green’: image.select (‘green’),
'red": image.select (‘red"),
'blue’: image.select (‘blue’)}).rename('GLI");

return image.addBands(GLI);
h
/4. /] function NDVI (image)

function NDVI (image) {

var NDVI = image.normalizedDifference(['nir','red"]).rename('NDVI');
return image.addBands(NDVI)

ks

function NBRI (image) {

var NBRI = image.expression (‘float (NIR - SWIR2) / float (NIR + SWIR2)", {
'NIR': image.select ('nir"),
'‘SWIR2'": image.select ('swir2")}).rename('NBRI');

return image.addBands(NBRI);

by

/Il II(NIR-SWIR)/(NIR+SWIR)

function NDMI (image) {

var NDMI = image.expression (‘float (NIR - SWIR1) / float (NIR + SWIR1)', {
'‘NIR': image.select (‘'nir’),
'SWIR1'": image.select ('swirl")}).rename('NDMI');

return image.addBands(NDMI);

¥

var calculateTasseledCap = function (image){
var b = image.select([0,1,2,3,4,5]);

/lvar b = image.select('blue’, 'green’, 'red’, 'nir', 'swirl', 'swir2");//'blue’, 'green’, 'red’, 'nir’,

'swirl', 'swir2")
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var brightness_= ee.Image([0.3561, 0.3972, 0.3904, 0.6966, 0.2286, 0.1596]);
var greenness_= ee.Image([-0.3344, -0.3544, -0.4556, 0.6966, -0.0242, -0.2630]);
var wetness_= ee.Image([0.2626, 0.2141, 0.0926, 0.0656, -0.7629, -0.5388]);

var fourth_= ee.Image([0.0805, -0.0498, 0.1950, -0.1327, 0.5752, -0.7775]);

var fifth_= ee.Image([-0.7252, -0.0202, 0.6683, 0.0631, -0.1494, -0.0274]);

var sixth_= ee.Image([0.4000, -0.8172, 0.3832, 0.0602, -0.1095, 0.0985]);

var sum = ee.call("Reducer.sum");

var brightness = b.multiply(brightness_).reduce(sum);
var greenness = b.multiply(greenness_).reduce(sum);
var wetness = b.multiply(wetness_).reduce(sum);

var fourth = b.multiply(fourth_).reduce(sum);

var fifth = b.multiply(fifth_).reduce(sum);

var sixth = b.multiply(sixth_).reduce(sum);

var tct=ee.Image(brightness).addBands(greenness)
.addBands(wetness)
.addBands(fourth)
.addBands(fifth)
.addBands(sixth);
var tct =
tct.select([0,1,2,3,4,5],['Brightness”,"Greenness","Wetness","Fourth","Fifth"," Sixth"])

return image.addBands(tct);

}

var 18 = ee.ImageCollection(LANDSAT/LC08/C01/T1_SR')

.merge(ee.ImageCollection(LANDSAT/LC08/C01/T2_SR"))
filterBounds(study_area)///Filter a collection by intersection with geometry(aoi),,

filterDate('2021-01-01', '2022-12-31")
filter(ee.Filter.lt(CLOUD_COVER', 30))
.map(setyear)
.map(study)
.map(maskL8sr)

.select(
[B2','B3', 'B4', 'B5', 'B6', 'B7', 'pixel_gaT,
['blue’, ‘green’, ‘red’, 'nir’, 'swirl’, 'swir2', 'pixel_ga’]

)

.map(GLI).map(NBRI).map(NDMI).map(EVI).map(NDVI).map(GCl).map(NDVI).map(calc
ulateTasseledCap)
.median()

var 18=I8.addBands(elevation).addBands(slope).addBands(aspect)
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var classNames =
largly _pine.merge(forest2021).merge(grass_2021).merge(bareland2021).merge(urban2021)
print (classNames,'classnames’);

/[creating training data
var collection=ee.Image().byte().paint(classNames,'class').rename('class’)
var trainingSample = collection.stratifiedSample({
numPoints: 1500,
classBand:'class’,
region: study_area,
scale:10,
classValues:[0,1,2,3,4],
classPoints:[500,500,500,500,500],
/ItileScale:8,
seed:1,
geometries:true

bk

print(trainingSample, ‘trainingSample_new');

var bands = ['blue’, ‘'green’, 'red’, 'nir', 'swirl', 'swir2', //spectral
'‘Brightness','Greenness','Wetness','Fourth','Fifth’, //tesslescup bands
‘elevation’,'slope’,'aspect’, // topography
'NDVI''NDMI''NBRI',/EVI''GCI; // vegataion indicies

var training = 18.select(bands).sampleRegions({
collection: trainingSample,
properties: ['classT],
scale: 30

i

print(training,'training’);

var classifierforest = ee.Classifier.smileRandomForest(500, null, 1, 0.5, null, 0).train({
features: training,
classProperty: ‘class’,
inputProperties: bands

b

var classifiedforest = 18.select(bands).classify(classifierforest);
print(classifiedforest,'random forest');
print(classifiedforest.oandNames())

Map.addLayer(classifiedforest, {min: 0, max: 3, palette: [ 'red’,'green’,'yellow’,'black’,'blue']},
‘classification_RF_2021' false);
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var val_pine2021 = Vpine2021.map(function(x) {
return x.set('use’, 0)

by,

var val_natural2021 = Vforest2021.map(function(x) {
return x.set('use’, 1)

H

var val_grass2021 = Vgrass2021.map(function(x) {
return x.set('use’, 2)

by,
var val_bare2021 = Vbare2021.map(function(x) {

return x.set('use’, 3)

by

var val_urban2021 = Vurban2021.map(function(x) {
return x.set('use’, 4)

by

var fullValidationDataSet =
val_pine2021.merge(val_natural2021).merge(val_grass2021).merge(val_bare2021).merge(va
|_urban2021)
/I Sample your classification results to your new validation areas
var validationRT = classifiedforest.sampleRegions({

collection: fullValidationDataSet,

properties: ['use'],

scale: 30,

b;
print(validationRT, 'Validation-RT");

var testAccuracyRT = validationRT.errorMatrix(‘'use’, ‘classification’);
print("Validation error matrix_RT*****: ' testAccuracyRT);
print("Validation accuracy() *****: ', testAccuracyRT.accuracy());
print("Validation consumersAccuracy() *****: ', testAccuracyRT.consumersAccuracy());
print("Validation producerAccuracy() *****: ', testAccuracyRT.producersAccuracy());
print("Validation kappa() *****: ", testAccuracyRT.kappa());
var 17 = ee.ImageCollection('LANDSAT/LEO7/C01/T1_SR’)
.merge(ee.ImageCollection(LANDSAT/LEQ7/C01/T2_SR"))
filterBounds(study_area)///Filter a collection by intersection with geometry(aoi),
filterDate('2000-01-01', '2000-12-31")

filter(ee.Filter.1t(CLOUD_COVER', 20))
.map(setyear)
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.map(maskL8sr)
.map(study)
.select(
[B1','B2', 'B3', 'B4', 'B5', 'B7", 'pixel_qga’],
['blue’, ‘green’, ‘red’, 'nir', 'swirl’, 'swir2', 'pixel_ga']

)

.map(GLI).map(NBRI).map(NDMI).map(EV1).map(NDVI).map(GCl).map(calculateTassele
dCap)

.median()

Map.addLayer (17,{min:0.0, max:3000.0, bands: ['swir2', 'swirl', 'red']},'Urban") //urban
identifaction//

Map.addLayer (17,{min:0.0, max:3000.0, bands: ['red’,'green’, 'blue]},'landsat7_2000")

print (17,'17")

var 17=I7.addBands(elevation).addBands(slope).addBands(aspect)
print(17,'elevation bands")

var classNames2000 =
pine_2000.merge(forest_2000).merge(grassland2000).merge(bare2000).merge(urban2000)
print (classNames2000,'classnames');

var collection_2000=ee.Image().byte().paint(classNames2000,'class").rename('class’)
var trainingSample_2000 = collection_2000.stratifiedSample({

numPoints: 1500,

classBand:'class’,

region: study_area,

scale:30,

classValues:[0,1,2,3,4],

classPoints:[500,500,500,500,500],

/ltileScale:8,

seed:1,

geometries:true

b
print(trainingSample_2000, ‘trainingSample_2000")

var bands = ['blue’, 'green’, 'red', 'nir', 'swirl', 'swir2', //spectral
'‘Brightness','Greenness','Wetness','Fourth’,'Fifth','Sixth’, //tesslescup bands
‘elevation’,'slope’,'aspect’, // topography
'‘GLI''NDVI''NDMI'NBRI';'EVI','GCI']; // vegataion indicies
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var training_2000 = 17.select(bands).sampleRegions({
collection: trainingSample_2000,
properties: [‘class],
scale: 30

b
print(training_2000,'training’);

var classifierforest 7 = ee.Classifier.smileRandomForest(500, null, 1, 0.5, null, 0).train({
features: training_2000,
classProperty: ‘class’,
inputProperties: bands

bk

var classifiedforest_7 = I7.select(bands).classify(classifierforest_7);
print(classifiedforest_7,'random forest_7");
print(classifiedforest_7.bandNames())

Map.addLayer(classifiedforest_7, {min: 0, max: 3, palette: [
'red','green’,'yellow’,'black’,'blue']},
‘classification_RF_2000', false);

Export.image.toDrive({//image, description, folder, fileNamePrefix, dimensions, region, scale,
crs, crsTransform, maxPixels, shardSize, fileDimensions, skipEmptyTiles, fileFormat,
formatOptions

image:classifiedforest 7,

description:'classifiaction_2000',

fileNamePrefix:'classifiaction_2000',

region:study_area,

scale: 30

)

var val_pine = Vpine2000.map(function(x) {
return x.set('use’, 0)

)

var val_natural = Vforest2000.map(function(x) {
return x.set('use’, 1)

1}

var val_grassland = Vgrassland2000.map(function(x) {
return x.set('use’, 2)

1}

var val_bareland = Vbareland2000.map(function(x) {
return x.set('use’, 3)
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)

var val_urban = Vurban_points2000.map(function(x) {
return x.set('use’, 4)
by,
var fullValidationDataSet07 =
val_pine.merge(val_natural).merge(val_grassland).merge(val_bareland).merge(val_urban)

var validationRT_7 = classifiedforest_7.sampleRegions({
collection: fullValidationDataSet07,
properties: ['use'],
scale: 30,
b
print(validationRT, 'Validation-RT");
var testAccuracyRT_7 = validationRT_7.errorMatrix('use', 'classification’);
/[Print the error matrix to the console
print("Validation error matrix_RT*****: '  testAccuracyRT_7);
/[Print the overoll accuracy to the console
print("Validation accuracy() *****: ', testAccuracyRT_7.accuracy());
/[Print the consumer accuracy to the console
print("Validation consumersAccuracy() *****: ', testAccuracyRT_7.consumersAccuracy());
/[Print the producer accuracy to the console
print("Validation producerAccuracy() *****: ' testAccuracyRT_7.producersAccuracy());
/[Print the kappa to the console
print("Validation kappa() *****:", testAccuracyRT_7.kappa());
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Appendix I11-Supplementary Material -Chapter 5

5.SM.1 GEE code of the chapter 5

5.SM1 shows the code used to test six different scenarios of combing data

//Navigate to area of interest////

Map.centerObject(study area,12)

/* clip function used for all the image collections
*/

var study=function clip2 (img){return img.clip(study_area)}

IiSentinel-2/11HTHTHTHTTTTTNTNT
// Function to mask clouds using the Sentinel-2 QA band.
function maskS2clouds(image) {

var ga = image.select('QA60")

// Bits 10 and 11 are clouds and cirrus, respectively.
var cloudBitMask = 1 << 10;

var cirrusBitMask = 1 << 11;

// Both flags should be set to zero, indicating clear conditions.
var mask = ga.bitwiseAnd(cloudBitMask).eq(0).and(
ga.bitwiseAnd(cirrusBitMask).eq(0))

// Return the masked and scaled data, without the QA bands.
return image.updateMask(mask).divide(10000)
select("B.*")

.copyProperties(image, ["'system:time_start"])
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var S2 = ee.ImageCollection('COPERNICUS/S2_SR_HARMONIZED)
filterBounds(study_area)///Filter a collection by intersection with geometry(aoi),
filterDate('2020-01-31', '2021-12-31")///filter to given date

I/ Pre-filter to get less cloudy granules.

filter(ee.Filter.lt(CLOUDY_PIXEL_PERCENTAGE', 5))///Filter to metadata less than the

given value
.map(maskS2clouds);///mapping over image collection
var se2_image = S2.median();
print (se2_image,'se2_image')
var trueColour = {
bands: ['B4", "B3", "B2"],
min: 500,
max: 3500,

gamma: 1.3

)3

// Compute the Normalized Difference Vegetation Index (NDVI).

var nir = se2_image.select('B8";

var red = se2_image.select('B4");

var ndvi = nir.subtract(red).divide(nir.add(red)).rename('NDVI");

print (ndvi,'ndvi’)

// Display the result.

var ndviParams = {min: -1, max: 1, palette: ['blue’, ‘'white', 'green']};
Map.addLayer(ndvi, ndviParams, 'NDVI image");

//Use ndvi threshold to remove non vegetative areas

var newndvi=ndvi.select('NDVI').gte(0.03).rename('NDVI').selfMask();
Map.addLayer(newndvi.clip(study_area), ndviParams , 'NDVI THRESHOLD' false);
/I to select the vegetative area for further analysis

/1. convert the vegetative area to vectors for assist clip
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var vector=newndvi.reduceToVectors({
reducer:ee.Reducer.countEvery(),
geometry:study_area,
scale:10,

/lgeometryType, eightConnected, labelProperty, crs, crsTransform, maxPixels, tileScale,
geometryInNativeProjection)

bestEffort:true,

by,
Map.addLayer(vector,{},'vector' false)

/I clipping the main satellite image with masked.

var vegetative_area=se2_image.clip(vector)

print(vegetative_area,'vegetative_area’)

Map.addLayer(vegetative_area,trueColour,'vegetative_area’)

var classification = vegetative_area.select('B2','B3','B4','B5','B6','B7','B8','B8A','B11','B12");
print(classification,'classifaction’)

/[ training

var Train_HG = HG.map(function(x) {
return x.set('usel’, 4)

)

var otl =
forest2021.merge(largly _pine).merge(poly_grassland).merge(shrub).merge(homegarden).mer
ge(poly_cultivation);

var collection=ee.Image().byte().paint( gtl,'usel’).rename(‘class’)

var trainingSample = collection.stratifiedSample({
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numPoints: 3000,

classBand:'class',

region: study_area,

scale:10,

classValues:[0,1,2,3,4,5],
classPoints:[500,500,500,500,500,500],
/ltileScale:8,

seed:1,

geometries:true

hok

print(trainingSample, 'trainingSample_new");

var training_S2 = classification.sampleRegions({
collection: trainingSample,
properties: ['class],
scale: 10

bk

print(training_S2,'training_combination’)

var classifier_S2 = ee.Classifier.smileRandomForest(300)
train({
features: training_S2,
classProperty: ‘class’,

hok

var classified_S2 = classification.classify(classifier S2);

var classifed_mapS2 = classified_S2.updateMask(classified_S2.1t(6));
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Map.addLayer(classifed_mapS2,
{min: 1, max:5, palette: ['yellow','red",'green]},

‘classification_S2");

var val_pine = pine.map(function(x) {
return x.set('use’, 0)

by,

var val_natural = tree.map(function(x) {

return x.set('use’, 1)

by

var val_grassland = tgrassland.map(function(x) {

return x.set('use’, 2)

H

var val_shrub = tshurb.map(function(x) {

return x.set('use’, 3)

by

var val_HG = vHG.map(function(x) {

return x.set('use’, 4)

by

var val_tea = vVTEA.map(function(x) {

return x.set('use’, 5)

)
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var fullValidationDataSet =
val_pine.merge(val_natural).merge(val_grassland).merge(val_shrub).merge(val_HG).merge(
val_tea)

print(fullValidationDataSet,'fullValidationDataSet')

var validation_S2 = classification.sampleRegions({
collection: fullVValidationDataSet,
properties: ['use’],
scale: 10

bk

var validated_S2 = validation_S2.classify(classifier_S2);

var testAccuracy_S2= validated_S2.errorMatrix(‘use’, ‘classification’);
print("Validation error matrix: ', testAccuracy_S2);
print("Validation OA_Sentinel2: ', testAccuracy S2.accuracy());

print("Validation consumersAccuracy(Sentinel2) falakalaieb B
testAccuracy_S2.consumersAccuracy());

print("Validation producerAccuracy(Sentinel2) folakalaiah "
testAccuracy_S2.producersAccuracy());

/[Print the kappa to the console
print("Validation kappa(Sentine2) *****:"' testAccuracy_S2.kappa())

var start = '2020-01-01"
var finish ='2021-12-31'

var SAR = ee.ImageCollection(COPERNICUS/S1_GRD")
filterBounds(study_area)
filterMetadata('transmitterReceiverPolarisation’,'equals',["VV", "VH"])

filterMetadata(‘instrumentMode’,'equals’,'IW")
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filterDate(start, finish)

var s = SAR.aggregate_histogram(‘transmitterReceiverPolarisation’)

print(s)
print(SAR.size())

print (SAR,'SAR’)
I/ stop

Map.addLayer(SAR.first().select("VV").clip(study_area), {min: -25, max: 0}, 'VV', false)

Map.addLayer(SAR.first().select("VH').clip(study_area), {min: -25, max: -10}, 'VH', false)

var RVI = SAR.map(function (image){

var rvi = image.expression(‘4*vh/(vv+vh)',
{'v" image.select('VV"),
'vh': image.select("VH')
¥

).rename ('‘RVI');

return rvi;

hok

var imageVisParam = {"opacity":1,
"bands":["VV"],
"min":0.01548,
"max":0.46221,

"gamma™:1};
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RVI= RVI.reduce(ee.Reducer.median()).rename(RV1.first().bandNames())
print (RVI,RVI")

var mosaique = SAR.mosaic()

var palette =
[#8c510a','#bf812d",'#dfc27d', ' #f6e8c3', ' #f5f5f5', #c7eaed','#80cdcl’, ' #35978f','#01665¢e"].reve
rse()

Map.addLayer(mosaique.select('VV'), {min: -25, max: 0, palette: palette}, 'VV Mosaique',
false)

Map.addLayer(mosaique.select('VH'), {min: -25, max: -10, palette: palette}, 'VH Mosaique',
false)

var median = SAR.reduce(ee.Reducer.median()).rename(SAR.first().bandNames())

var rapportDelLaMedian =
median.select("VV").subtract(median.select("VH")).rename(‘rapport’)

median = median.addBands(rapportDeLaMedian).addBands(RV1)
print (median,'median’)

Map.addLayer(median.select(['VV', 'VH', 'rapport]).clip(study_area), {min:[-18, -25, 1],
max:[0, -5, 12]}, 'Mediane RGB!, false);

Map.addLayer(median.select('VV").clip(study_area), {min: -25, max: 0, palette: palette}, 'VV
Mosaique', false)

Map.addLayer(median.select("VH').clip(study_area), {min: -25, max: -10, palette: palette},
'VH Mosaique', false)

var SMOOTHING_RADIUS = 50;
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var SAR_filtered = median.focal_mean(SMOOTHING_RADIUS, ‘circle’, ‘'meters’);
print(SAR_filtered, 'SAR_filtered');

var SAR_filtered=SAR _filtered.clip(vector)

Map.addLayer(SAR_filtered.select('VV'").clip(study_area), {min:-27,max:9}, 'SAR VH
Filtered',0);

Map.addLayer(SAR_filtered.select('VH'").clip(study_area), {min:-27,max:-2}, 'SAR VH
Filtered',0);

var palsar= ee.ImageCollection("JAXA/ALOS/PALSAR/YEARLY/SAR_EPOCH")
filter(ee.Filter.date('2020-01-01', '2021-12-31"))

/1 filterBounds(study _area)

.map(study)

.mean();

print (palsar,'palsar’)

var SMOOTHING_RADIUS = 50;
var palsar_filtered = palsar.focal_mean(SMOOTHING_RADIUS, ‘circle’, 'meters’);
print(palsar_filtered, 'palsar_filtered");

Il var upsampled_newshape= resample10m(palsar.addBands(shape.select([ B8A™)))

/I print(upsampled_newshape,'upsampled _pc ')

var thirdcollection=palsar_filtered.select (‘"HH','HV")
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var thirdcollection=thirdcollection.clip(vector)

var

classifaction2=

vegetative_area.select('B2','B3','B4','B5','B6','B7','B8','B8A','B11','B12").addBands(mer,['VV",

'VH','rapport’,'RV1",classifaction2);

var mer=SAR _filtered.select ('VV','VH','rapport’,RVI’)

print (mer,'mer’)

var RADAR= mer.addBands(thirdcollection,['HH','HV'],RADAR);

print(RADAR,'RADARY)

var training_ RADAR = RADAR.sampleRegions({
collection: trainingSample,
properties: ['class],
scale: 10

bk

print(training_ RADAR, 'training_ RADAR)

var classifier RADAR = ee.Classifier.smileRandomForest(300)
train({
features: training_ RADAR,

classProperty: ‘class’,

ok
var classified_RADAR = RADAR:.classify(classifier_ RADAR);
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var masked RADAR = classified_ RADAR.updateMask(classified_ RADAR.It(6));

Map.addLayer(masked RADAR,
{min: 1, max:5, palette: ['yellow','red",'green’]},

‘classification_ RADAR);

var validation_RADAR = RADAR.sampleRegions({
collection: fullValidationDataSet,
properties: ['use’],
scale: 10

bk

var validated_RADAR = validation_RADAR.classify(classifier_RADAR);

var testAccuracy_RADAR = validated_RADAR.errorMatrix('use’, ‘classification’);
print("Validation error matrix_ RADAR: ', testAccuracy RADAR);
print("Validation OA_RADAR: ', testAccuracy RADAR.accuracy());

print("Validation consumersAccuracy(RADAR) folakabaiah B
testAccuracy RADAR.consumersAccuracy());

print("Validation producerAccuracy(RADAR) Fkkkk "
testAccuracy RADAR.producersAccuracy());

/[Print the kappa to the console
print("Validation kappa(RADAR) *****: ' testAccuracy RADAR.kappa())

var classifactionall_dataset= classifaction2.addBands(thirdcollection);

print(classifactionall_dataset,'classifactionall_dataset’)
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var classifactionall_dataset= classifactionall_dataset.clip(vector)
var training_all_dataset = classifactionall_dataset.sampleRegions({
collection: trainingSample,
properties: [‘class],
scale: 10

bk

print(training_all_dataset,'training_combination')

var classifier_all_dataset = ee.Classifier.smileRandomForest(300)
train({
features: training_all_dataset,

classProperty: ‘class’,

hok

var classified_all_dataset = classifactionall_dataset.classify(classifier_all dataset);

var masked_all_dataset = classified_all_dataset.updateMask(classified_all_dataset.lt(6));

var fullValidationDataSet =
val_pine.merge(val_natural).merge(val_grassland).merge(val_shrub).merge(val_HG).merge(
val_tea)

print(fullValidationDataSet, fullValidationDataSet')

var validation_all_dataset = classifactionall_dataset.sampleRegions({
collection: full\ValidationDataSet,
properties: ['use’],

scale: 10
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}ok

var validated_all_dataset = validation_all_dataset.classify(classifier_all_dataset);

var testAccuracy_all_dataset = validated_all_dataset.errorMatrix(‘'use’, ‘classification’);
print("Validation error matrix: ', testAccuracy_all_dataset);
print("Valida_OA _all data source: ', testAccuracy_all_dataset.accuracy());

print("Validation consumersAccuracy_all data source falaiabaieb "
testAccuracy_all_dataset.consumersAccuracy());

print("Validation producerAccuracy_all data source falakalaieb "
testAccuracy_all_dataset.producersAccuracy());

/[Print the kappa to the console

print("Validation kappa(all data source) *****: " testAccuracy_all_dataset.kappa())

Map.addLayer(DEM.clip(study_area), {
min: 3,
max: 281,
palette: ['blue’, ‘green’, 'yellow', 'white']
}.'elevation”);

print(DEM, 'DEM);

function radians(image) {return image.toFloat(). multiply(Math.PI).divide(180);
}

function hillshade(az, ze, slope, aspect) {

var azimuth = radians(ee.Image(az));
var zenith = radians(ee.Image(ze));

/I Note that methods on images are needed to do the computation.
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/'i.e. JavaScript operators (e.g. +, -, /, *) do not work on images.
/I The following implements:

I/ Hillshade = cos(Azimuth - Aspect) * sin(Slope) * sin(Zenith) +
/I cos(Zenith) * cos(Slope)

return azimuth.subtract(aspect).cos()

.multiply(slope.sin())
.multiply(zenith.sin())
.add(

zenith.cos().multiply(slope.cos()));

var terrain = ee.Algorithms.Terrain(DEM);

I/ print(terrain, 'terrain’);

var slope = radians(terrain.select('slope"));

var slope_D = ee.Terrain.slope(DEM);

var azimuth = radians(terrain.select(‘azimuth’));
var zenith = radians(terrain.select('zenith"));

var aspect = radians(terrain.select(‘aspect));

/[TPI=Eo0-En
/[Eo = elevation in meters at a given location (or cell)

/[En = mean elevation of all cells within a neighborhood

var tpi_10 = DEM.subtract(DEM.clip(study_area).focal _mean(10));
/I Map.addLayer(tpi_10, {

/I min:-60,

/I max:90,

/I palette: ['blue’, 'yellow', 'red’]

/1'}, 'tpi_10Y;
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print (tpi_10,'tpi_10"
/1300-m circular TPI - fixed across scales

var tpi_300m = DEM.subtract(DEM.focal_mean({radius: 450, units:
'meters'}).clip(study_area));

var kernel = ee.Kernel.circle(300, 'meters’, false)
.add(ee.Kernel.circle(150, 'meters’, false, -1));

var tpi_300m = DEM.subtract(DEM.focal_mean({kernel:
kernel}).clip(study_area)).rename('tpi300);

var
withelevation_data=classifactionall_dataset.addBands(slope_D).addBands(aspect).addBands(
tpi_10)

/l.addBands(zenith).addBands(azimuth)

print ( withelevation_data,'elevation_data’)

var training_withelevation = withelevation_data.sampleRegions({
collection: trainingSample,
properties: ['classT],
scale: 10

bk

print(training_withelevation,'training_combination’)

var classifier_withelevation = ee.Classifier.smileRandomForest(300)
train({
features: training_withelevation,

classProperty: ‘class’,

hok

var classified_withelevation = withelevation_data.classify(classifier_withelevation);
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Map.addLayer(classified_withelevation,

{min: 1, max:5, palette: ['yellow','red",'green"]}, 'classification_with elevation’);

var trainAccuracy_withelevation = classifier_withelevation.confusionMatrix();
print('Resubstitution error matrix: ', trainAccuracy_withelevation);

print("Training overall accuracy_withelevation: ', trainAccuracy_withelevation.accuracy());

var validation_withelevation = withelevation_data.sampleRegions({
collection: fullValidationDataSet,
properties: ['use'],
scale: 10

bk

var validated_withelevation = validation_withelevation.classify(classifier_withelevation);

var testAccuracy_withelevation = validated_withelevation.errorMatrix(‘use', ‘classification’);
print("Validation error matrix: ', testAccuracy_withelevation);
print("Validation_OA: ', testAccuracy_withelevation.accuracy());

print("Validation consumersAccuracy_n FAAk '
testAccuracy_withelevation.consumersAccuracy());

print("Validation producerAccuracy Fkkxk "
testAccuracy_withelevation.producersAccuracy());

/[Print the kappa to the console

print("Validation kappa *****: " testAccuracy_withelevation.kappa())
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II1./EVI

var EVI = vegetative area.expression('(2.5 * float(NIR - RED)) / (NIR + (2.4 * RED) +
10000)',  //(https://gis.stackexchange.com/questions/226325/calculating-2-bands-evi-from-
sentinel-2?rq=1)

{
'NIR': vegetative_area.select('B8'),
'RED': vegetative_area.select('B4"),
'BLUE'": vegetative_area.select('B2")
}.rename(EVI');

/I Map.addLayer(EVI, {min: -0, max: 0.6,palette:['Orange’,'Black’,'white']},'EVI_2band");

112.11IGCI = (NIR) / (Green) — 1
var GCI = vegetative_area.expression (‘float (((NIR) / (GREEN)) - 1)', {
'‘NIR': vegetative_area.select ('B8'),
'GREEN'": vegetative_area.select ('‘B3")}).rename('GCI");
Map.addLayer(GCI , {min: 0, max: 5 ,palette:['Green’,'yellow','white']},'GCI *);

113./IIRGCI-(B7)(/B5)-1

var RGCI = vegetative_area.expression (‘float (((REDEdge3) / (REDEdgel)) - 1)', {
'REDEdge3": vegetative_area.select ('B7"),
'REDEdgel": vegetative area.select ('B5')}).rename('/RGCI);

/l Map.addLayer(RGCI , {min: 0, max: 4.2 ,palette:['Red’,'Blue’,"Yellow']},'RGCI *);

114.1111] GLI (Green Leaf Index)

var GLI = vegetative_area.expression (‘float (((GREEN - RED) + (GREEN - BLUE)) / ((2 *
GREEN) + RED + BLUE))', {

'GREEN': vegetative_area.select ('B3'),

181



'RED': vegetative_area.select ('B4"),
'BLUE": vegetative_area.select (‘'B2')}).rename('GLI");

Map.addLayer(GLI , {min: -0, max: 0.3 ,palette:['yellow’,'blue’,'black']},'Green Leaf Index ');

var SAVI = vegetative_area.expression (‘float (((NIR - RED) / (NIR + RED + L))* (1+L))'{
'L": 0.5, // Cobertura vegetacion 0-1
'NIR': vegetative_area.select ('B8"),

'RED'": vegetative_area.select ('B4")}).rename('SAVI');

I/ Map.addLayer(SAVI , {min:-0, max: 1.5 ,palette:['Green’,'Yellow','Brown']},'Soil Adjusted
Vegetation Index ')

var NBRI = vegetative_area.expression (‘float (NIR - SWIR2) / float (NIR + SWIR2)', {
'‘NIR': vegetative_area.select ('B8"),

'SWIR2': vegetative_area.select (‘'B12")}).rename('NBRI);

/I Map.addLayer(NBRI , {min: -0, max: 0.9,palette:['Blue’,'Brown’,'Black']},'Normalized
Burned Ratio Index ");

/1 TI(NIR-SWIR)/(NIR+SWIR)
var NDMI = vegetative_area.expression (‘float (NIR - SWIR1) / float (NIR + SWIR1)', {
'NIR'": vegetative_area.select ('B8'),

'SWIR1'": vegetative_area.select ('B11")}).rename('NDMI");

Map.addLayer(NDMI , {min: -0.24, max: 0.6,palette:['Blue’,'Brown’,'Black']},'Normalized
difference moisture index’)
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var bsi = vegetative_area.expression (‘float ((RED + SWIR) - (NIR + BLUE)) / ((RED +
SWIR) + (NIR + BLUE)) '{

'RED': vegetative_area.select('B4"),

'BLUE'": vegetative_area.select('B2"),

'NIR': vegetative_area.select('B8'),

'SWIR'": vegetative_area.select (‘'B11")}).rename('BSIY);

var
final_VI=withelevation_data.addBands(bsi).addBands(NDMI).addBands(NBRI).addBands(S
AVI).addBands(GLI).addBands(RGCI).addBands(GCl).addBands(EVI)

print (final_VI,'final’)

var training_VI = final_VI.sampleRegions({
collection: trainingSample,
properties: ['class],
scale: 10

bk

print(training_VI1,'training_combination’)

var classifier V1 = ee.Classifier.smileRandomForest(300)
train({
features: training_VI,

classProperty: ‘class’,

i

var classified_VI = final_VI.classify(classifier_V1);

Map.addLayer(classified_ VI,

{min: 1, max:5, palette: ['yellow','red",'green’]},
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‘classification_V1I");

var validation_VI = final_VI.sampleRegions({

collection: fullValidationDataSet,

properties: ['use'],

scale: 10
b
var validated_VI = validation_VI.classify(classifier_VI);
var testAccuracy_ VI = validated_Vl.errorMatrix('use', ‘classification’);
print("Validation error matrix: ', testAccuracy _VI1);
print("Valida_OA final: ', testAccuracy_Vl.accuracy());

print("Validation consumersAccuracy_final falaialaleb '
testAccuracy _VI.consumersAccuracy());

print("Validation producerAccuracy_final *****: " testAccuracy_VI.producersAccuracy());
/[Print the kappa to the console
print("Validation kappa(final) *****:" testAccuracy_VI.kappa())

var importance=classifier_V1.explain()

print(importance,' importance’)

var variable_importance = ee.Feature(null, ee.Dictionary(importance).get('importance’));

var chart =
ui.Chart.feature.byProperty(variable_importance)
.setChartType(‘ColumnChart’)
.setOptions({
title: 'Random Forest Variable Importance’,
legend: {position: 'none'},
hAxis: {title: 'Bands'},

VAXis: {title: 'Importance'}
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}ok

print(chart);

/I trying to export the feature importance
/I Cast into a ee.Feature and a ee.FeatureCollection for exporting the importance as CSV
var variable_importance = ee.Feature(null, ee.Dictionary(importance).get('importance’));

var variable_importance0l1 = ee.FeatureCollection(variable_importance);

var optical =
vegetative_area.select('B2','B3','B4','B5','B6','B7','B8','B8A",'B11','B12").addBands(bsi).addBa
nds(NDMI).addBands(NBRI).addBands(SAVI).addBands(GLI).addBands(RGCI).addBands(
GCl).addBands(EVI).addBands(slope_D).addBands(aspect).addBands(tpi_10);

print(optical ,'optical ")

var bands= vegetative_area.select('B2','B3','B4','B5','B6','B7','B8','B8A','B11','B12")
var training_all_optical = optical .sampleRegions({

collection: trainingSample,

properties: ['class],

scale: 10

b

print(training_all_optical,'training_all_optical’)

var classifier_all_optical = ee.Classifier.smileRandomForest(300)
train({

features: training_all_optical ,

classProperty:'class',
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}ok

var classified_optical =optical .classify(classifier_all_optical);

var validation_all_optical = optical .sampleRegions({
collection: fullValidationDataSet,
properties: ['use’],
scale: 10

hok

var validated_all_optical = validation_all_optical .classify(classifier_all_optical );

var testAccuracy_all _optical = validated all_optical .errorMatrix(‘'use’, ‘classification’);

print("Validation error matrix: ', testAccuracy_all_optical);
print("Valida_OA all_opticale: ', testAccuracy_all_optical.accuracy());

print ('Validation consumersAccuracy_all_optical FkFkK
testAccuracy_all_optical.consumersAccuracy());

print ("Validation producerAccuracy_all_optical folakalaieh
testAccuracy_all_optical.producersAccuracy());

/[Print the kappa to the console
print("Validation kappa(all_optical) *****: ' testAccuracy_all_optical.kappa())
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