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Abstract

Tropical forests, including those in Borneo, play a crucial role in global hydrological,
biochemical, and energy cycles, and they are home to high biodiversity. Monitoring and
managing these forests are of global significance. Borneo, the world’s third largest island
shared by five Kalimantan provinces of Indonesia, the States of Sabah and Sarawak of Malaysia
and Negara Brunei Darussalam is famous for its rich tropical flora and fauna. The tropical
forests in Borneo are essential for maintaining biodiversity, mitigating global climate
change and supporting local livelihoods. However, Borneo has experienced deforestation due
to past industrial-scale and illegal logging that resulted in degraded forests. Since then, the
degraded and remaining forest has been converted to oil palm, industrial forest, rubber
plantations and other types of agriculture. The ideal tropical climate facilitates the high
productivity and fast growth of forests and plantations. Industrial Forest plantations have
progressed over three decades in Borneo. Indonesia and Malaysia are the primary producers,
which account for approximately 50% and 30% of global palm oil production. A recent study
showed deforestation has been slowing down since 2012, which is attributed by a combination
of factors like low crude oil palm prices, improved fire prevention measures, wetter
conditions and government policies. Oil palm is a perennial crop with over 25 years of
productive life cycle, has a low land footprint compared to other global vegetable oil
productions, and is potentially sustainable if well managed. Meanwhile, Industrial Tree
Plantations (ITP) can produce a consistent supply of timber compared to logging of natural
forests.

However, sustainable management practices of both tropical forests and plantations are needed
to balance them and ensure sustainable and progressive socio-economic growth in the region
of Borneo. A sustainably well-managed tropical forest and plantations will also help address
the implementation of the United Nations Sustainable Development Goals (SDGs) and
Reduction of Emissions from Deforestation and Forest Degradation Plus (REDD+).
Sustainable forests and plantations in Borneo face numerous challenges due to factors such
as LULC changes, deforestation, unsustainable use and management practices. To address
these challenges, the application of advanced geospatial and remote sensing technologies holds
immense potential. Geospatial and remote sensing techniques are important in mapping,
monitoring, assessment, estimation, planning and decision support for sustainable tropical
forest and plantation management. Up-to-date geospatial information is needed to
accurately monitor, and address issues related to the sustainable management of forests and
plantations in Borneo, especially atlocal scale. Applying multi-sensor remote sensing
techniques can obtain comprehensive specific, relevant and reliable information for
appropriate, effective management decisions. For this purpose, this research is specifically
designed to explore the potential of advanced multi-sensor remote sensing techniques for
sustainable tropical forest and plantation management.

The initial study was conducted to analyse the dynamic changes in multi-temporal LULC of
the forest and plantations mainly focus on identifying primary sources or drivers of the land
cover conversion. The years 2010, 2017, 2019, and 2023 LULC maps were produced using
multi-sensor technique and machine learning achieved overall accuracies of 81% (2010), 88%
(2017), 77% (2019), and 87% (2023), respectively. Detailed 14 LULC classes were: forest,
mangrove, acacia, oil palm, secondary forest, eucalyptus, infrastructures, soil clearcut, rubber,
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aquaculture, nipah, beach sand including cloud and shadows covered areas were mapped at
resolutions of 10 meters. LULC change analyses were conducted for the year 2010-2017,
2017-2019, 2019-2023 and 2010-2023. The results indicate that between 2010 and 2017, the
majority of LULC classes increased, except Acacia, which decreased by -5,258.30 ha or -3.22%
per year, and secondary forest, which decreased by -1,963.28 ha or -2.61% per year. During
this period, 2,666.38 ha (1.13%) of the forest was converted to oil palm, followed by 779.21
ha (0.33%) of secondary forest. Additionally, 373.50 ha (0.16%) of soil clearcut area was
converted, along with 52.64 ha (0.02%) of forest. Between 2017 and 2019, most LULC classes
decreased, with forest cover increasing by 184.57 ha at a rate of 0.24 ha/year or 0.00%.
Between 2019 and 2023, the majority of LULC classes decreased, with forest cover decreasing
by -1,301.56 ha, while mangrove increased by 1,321.58 ha at a rate of 0.01% per year, and
Acacia decreased by -2,653.02 ha at a rate of -0.03% per year. Oil palm increased by 1,111.99
ha. Between 2010 and 2017, 2,666.38 ha (1.13%) of forest was converted to oil palm, followed
by 779.21 ha (0.33%) of secondary forest. Rubber plantations showed that between 2010 and
2017, 373.50 ha (0.16%) of soil clearcut area was converted, followed by 52.64 ha (0.02%) of
forest. Conversions to aquaculture showed that between 2010 and 2017, most areas were
converted from mangrove (261.31 ha or 0.11%) and Acacia (251.67 ha or 0.11%). From 2019-
2023, 2,428.56 ha (1.03%) of Acacia was replaced by Eucalyptus. The study demonstrated the
LULC changes throughout the observation year and helped to understand the dynamics of the
multi-temporal changes.

The second study was on the assessment of forests outside plantations. Random field sampling
of a size 15x15m plot was designed for four sites: Bawing in the northwest, Mangkapon in
the south east, Maringan in the north east and Telaga in the southwest side. A total of 73 plots
were established and a total of 2,333 individual trees were recorded. All sites were
dominated by = many Acacia  mangium except  for =~ Mangkapon, @ which  was
predominantly secondary forest. In the field, Maringan was noted to have the highest number
of mangrove trees with dense spacing. The analysis includes stand density, basal area, volume,
Above Ground Biomass (AGB) estimation, carbon stock estimation, and carbon dioxide (CO2)
to estimate the equivalent amount of carbon dioxide. Results show Acacia and
secondary forest mostly have young trees with smaller DBH 7-25cm, height 7-12m, high stand
density per ha and average AGB/ha between 56-79 t/ha. Oil palm is also young aged around 3
years old and have a height of Sm. Mangrove stands are very dense, with 2,266 trees/ha high
in AGB 309t/ha, and carbon stock is estimated at 145 tC/ha. The observed average density
of Acacia mangium stands (679/ha) implies a probable stand age between 7-11 years. The
average CO2 of mangroves in the study area is estimated at 533.39 t/ha. Oil palms in the study
areais at 3 years old with a stand density of 112/ha with a basal area of 58m2/ha, a
volume only 163m3/ha, AGB of 18.5 t/ha, carbon 8.68 tC/ha and CO2of 31.84 t/ha. On the
other hand, for Secondary forest, the stand density is 780/ha, basal of 193 m2/ha., volume of
1,753 m3/ha, AGB 56.92 t/ha, carbon 26.75 tC/ha, and CO2 of 98.09 t/ha. This study presented
the assessment of the status of forests outside plantations. Which significantly contributes to
mitigating climate change by sequestering atmospheric carbon dioxide. These forests can
be utilised for carbon storage and sink and must be sustainably managed.

The third study was on canopy height estimations of tropical forests and plantations, providing
helpful information on the conditions and growth essential to sustainable management. The
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study explored the potential of estimation models and TDX InSAR acquisitions for estimating
and mapping tropical forest and plantation canopy heights in Northern Sabah, Malaysian
Borneo. InSAR-based coherence data was used and the method of (the SINC) model and two
machine learning (ML) models of Random Forest (RF), Symbolic Regression (SR), and
corresponding LULC also multi-sensor references dataset for the estimations. 70% of the
ICESat-2 ATLOS8 data was used to train the ML models and the remaining 30% was used for
the validation. The RF and SR models' out-of-bag (OOB) RMSE was 5.4 m and 5.96 m,
respectively. Validation against the reference dataset resulted in RMSE of 6.06 m for the 2011
SR best model, 10.36 m for the 2017 SR, and 7.58 m for the 2019 RF best model. The overall
accuracies of LULC maps are 86%, 91%, and 83%, respectively, for years 2010, 2017, and
2019. The accuracies by LULC class were 3.92 m for the 2011 Mangrove RF best model, 6.11
m for the 2017 Mangrove SR, and 4.35 m for the 2019 Rubber RF. We also validated the results
by LULC using field inventory data for 2011 and 2019 which showed RMSEs between
4.06m to 7.74m with SR as the best model. In terms of canopy height classes and spatial
distributions by LULC, we observed non-uniform variations for all 2011 model results, with
the SINC model overestimated. The 2017 and 2019 height patterns showed a slight increase in
all forest and plantation LULC canopy heights from 10-15 m to 15-20 m height classes. The
results highlight the potential of InSAR-based tropical forest and plantation canopy height
estimations useful for sustainable management.

The fourth study was on environmental sustainability assessment (SA) using multi-sensor
remote sensing and the Multi Criteria Decision Analysis (MCDA) model. SA is useful for
forests and plantations in Borneo due to the importance of environmental protection through
identification and mitigation. Five sustainability indicator layers, namely slope and soil
protection, riparian buffer reserve, landscape connectivity and quality, high conservation value
(HCV), and water turbidity, were developed from the LULC layers combining standards from
the Environment Protection Department (EPD), Roundtable on Sustainable Palm Oil (RSPO)
and Forest Management Plan (FMP). The result shows that, overall, 61% of the study area is
in the high sustainability category, 31% in the medium category, and 8% in the low
category. While breakdown by the five designated land use boundaries shows I'TP: 49% high,
46% medium and 5% low. Forest reserve boundary: 29% high, 45% medium, and 26% low.
Village boundary: 72% high, 13% Medium and 14% low. Oil palm plantations: 5% high, 81%
medium and 14% low. Rubber plantations: 9% high, 77% medium and 14% low. Both oil palm
and rubber plantations are mostly in the medium class due to the monocropping land use type,
which is also shown as low in the landscape connectivity and quality of individual
sustainability indicator layers. The study presented the concept of using multi-sensor remote
sensing for LULC mapping with geospatial MCDA for environmental sustainability
assessment.

Overall, the study’s results, methodology and findings presented in this research using multi-
sensor remote sensing technique would be useful for sustainable management of tropical
forests and plantations in Borneo and other tropical regions.
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1. Introduction

1.1. Background

1.1.1. Forest and plantation from global perspective.

The tropical forests are located around the equatorial regions such as the Amazons in south
America, the Congo basin in central Africa, Indo-Malayan in Asia, and the Australasian regions
(Hartshorn, 2001). Tropical forests including those in Borneo are ecologically unique and play
a crucial role in global hydrological and climate regulation, biochemical processes, carbon
cycling, and energy flows. They are home to more than 50% of the planet’s biodiversity and
store around a quarter of the world’s terrestrial carbon reserve (Ahlheim et al., 2015; Funk et
al., 2019; Reed et al., 2020; Velastegui-Montoya et al., 2022). Over time, these tropical forests
have undergone significant changes, with deforestation being a major threat. The conversion
of tropical forests into other land uses, such as subsistence farming, cattle ranches, farms,
industrial agriculture crops, and oil palm plantations has been a major trend (Carlson & Garrett,
2018). The driving factors behind these land use changes include demographic expansion, with
consequent booming demands for agricultural land, nations economic growth and development,
and the shift towards market-oriented economies (Drigo, 2005). These changes in land use have
led to substantial impacts on biodiversity, global carbon cycle, and climate change. Monitoring
and managing these forests are of global significance (Loh et al., 2022). In this research, the

focus is narrowed down to Borneo Island with focus case studies on the Northern of Borneo.

1.1.2. Forest and plantations in Borneo.

Borneo, the World’s third largest Island (748,168 sqgkm), is best known for its most biodiverse
and carbon-rich tropical forests (Vaughan, 2020). Borneo is shared by the states of Sabah and
Sarawak, Malaysia (26.7%), Negara Brunei Darussalam (0.6%), and West Central, South-
North, and East, Kalimantan provinces of Indonesia (72.6%) (Paramitha, 2016). The Island is
located in Southeast Asia and is significant in the context of global biodiversity, climate
regulation and its role as a carbon-sink/storage (Labriere er al., 2015). The tropical forests in
Borneo are important for maintaining biodiversity, mitigating climate change, and supporting
local livelihoods. However, large-scale industrial and illegal logging in the past had slowly
depleted Borneo’s forest (Carlson et al., 2013; Gaveau et al., 2014), and eventually, the
conversion of natural forests to Oil palm, Industrial forest plantations and other forms of

agriculture is the major drivers of deforestation (Gaveau ef al., 2016; Mori, 2023). Increasing



global demand for food, energy, and other industrial raw materials correspondingly increases
the demand for Oil palm by 7% per year (Purnomo ez a/., 2020). In 2017 Indonesia contributed
approximately 50% and Malaysia 30% of global production of Palm oil (Shigetomi ez al., 2020;
Union, Conservation, & Nature, 2018). Additionally, the ideal tropical climate facilitates the
high productivity and fast growth of forests and plantations (Varmola & Carle, 2002). In 2019
the total area of planted Oil palm in Indonesia and Malaysia was 16.3 million hectares and 5.74

million hectares, respectively (Ariesca et al., 2023; Balu et al., 2018).

In the Borneo states of Sabah and Sarawak, Oil palm plantations accounts for 26.6% and 26.8%
of the total oil palm planted in Malaysia in 2017. Meanwhile, Industrial Forest plantations have
progressed over three decades in the Borneo states of Sabah and
Sarawak which mainly include Acacia mangium species. In 2018, the total forest plantation
area was documented as 300,521 ha in Sabah and 403,017 ha in Sarawak (Lee, 2018). The first
commercial Acacia mangium plantation in Sabah was in 1976 where it was introduced
for reforestation of grassland and poor soils and degraded lands by shifting cultivation (Lee,
2018; Udarbe & Hepburn, 1986), especially in the study area. In contrast, Sarawak only started
large-scale forest plantations in the late 1990s following the amendments of forest Ordinance

1996 and the adoption of planted forest rules 1997 (Lee, 2018).

Early Acacia plantations were initially free from pests and diseases; however, before 2010,
termites and root-rot disease were identified as affecting second-rotation Acacia mangiumin
Indonesia, Vietnam, and Malaysia (Lee, 2018). Ceratocystis wilt emerged as a new threat
to Acacia mangium plantations in southeast Asia first reported in Riau Province in 2010
(Tarigan ef al.,2011). The same diseases then also reported in Vietnam and Malaysia were first
reported in eastern Sabah in 2011 and Sarawak first observed in late 2011 (Lee, 2018; Maid et
al., 2018). By 2014, the Acacia plantations in Sabah have been severely impacted by diseases
(Maid & Ratnam, 2014). The widespread disease affecting forest plantations involving Acacia
mangiumhas subsequently led to significant reductions in production. For instance, the total
export volume for Sarawak decreased from 1.1 million m3 in 2017 to 699,154 m3 in 2018 and
further declined to 413,806 m3 in 2020 (STIDC, 2022). Since 2018, many forest plantations in
southeast Asia, such as in Indonesia and Sabah, have switched to Eucalyptus pellita (Lee,
2018). On the other hand, Oil palm plantations also face many challenges, including increased

incidence of new and existing pests/diseases and the risk of climate change, such as rainfall



patterns and downstream issues related to supply chains and market sentiment (Murphy ez al.,

2021).

Forest area in Borneo declined by 14% (6.04M ha) and converted into mainly industrial forests
and Oil palm plantations between 2001 and 2017. However, plantation expansion-related forest
conversion in Borneo has slowed since 2012 (Gaveau et al., 2019). This is attributed to a
combination of factors including low crude palm oil price, improved fire prevention measures,
wetter conditions, and government policies (Gaveau et al., 2019). In 2011, the Indonesian
government instituted a nationwide moratorium on issuing new permits for the use of primary
forests, which was extended in 2018, indicating commitment to forest conservation (UNEP,
2019). In Sabah and Sarawak, Malaysian Borneo, the governments of both states have
established laws and regulations aimed at protecting and managing forests sustainably as well
as sustainable plantations (Keeton-Olsen, 2021). Sabah is one of the first states in the world to
adopt the Roundtable for Sustainable Palm Oil (RSPO) jurisdiction approach for Oil Palm
plantations (Ng ef al., 2022).

Moreover, non-governmental organisations are also working on promoting certification such
as Forest Stewardship Council (FSC) for wood and timber products which allows responsible
harvesting in addition to protecting local community rights and wildlife habitat. Also, such
organizations help to promote responsible oil palm plantation development in Borneo on
degraded lands through RSPO and urge international companies to buy only sustainably
produced palm oil (Walker, 2013). Despite the positive trend, ongoing monitoring and effective
management strategies are needed to ensure the sustainable future of Borneo’s tropical forest

and plantation landscape (UNEP, 2019).

1.1.3. Importance and challenges of sustainable tropical forest and plantations
management in Borneo
The rising global demand for forest products underscores the significance of plantations due to
a higher wood-production rate than natural forests. Hence, poorly managed logging of forests
degrades the respective ecosystems and leaves them susceptible to further damage (Pipa &
Doug, 2014). On the other hand, oil palm is a perennial crop with over 25 years productive life
cycle with a low land footprint as compared to other vegetable oil productions globally
potentially be sustainable if well managed (Murphy et al., 2021). However, sustainable

management practice of both tropical forests and plantations is needed to ensure sustainable



and progressive socio-economic growth in the region of Borneo. A sustainably well managed
tropical forest and plantations help to implement the United Nations Sustainable Development
Goals (SDGs) 1, 2, 3, 4, 8, 10, 13 & 15 which in turn benefits the locals and the environment.

In addition, sustainable forest management is an important element of REDD+ because
of its multiple roles in commercial timber supply, job generation, biodiversity conservation,
and reductions in carbon emissions from forest degradation (Bayrak & Marafa, 2016; Sasaki
et al., 2016). Sustainable tropical forest and plantation management in Borneo faces several
challenges among those highlighted by (Alamgir et al., 2020; Laurance, 2016) are; better
governance, improved land use planning and empowerment of local communities to manage
their forest resources. Given the importance and challenges, there is a pressing need for
sustainable management of Borneo’s tropical forests and plantation landscapes this to help
conserve biodiversity, maintain ecological processes, and support the livelihood of local
communities also contributes to climate change mitigation by reducing carbon emissions from

deforestation and forest degradations.

1.1.4. The role and importance of Geospatial and Remote Sensing techniques in
sustainable tropical forest and plantations management in Borneo
The tropical forests and plantations in Borneo face numerous challenges due to factors such as
land use and land cover (LULC) changes, deforestation, and unsustainable use and
management practices. To address these challenges, the application of advanced geospatial
technologies holds immense potential. Geospatial techniques play an important role in several
key ways such as mapping, monitoring, assessment, estimation, planning and decision support
for sustainable tropical forest and plantation management. Previous study Pfeifer et al., (2016)
highlighted remote sensing imagery can be used to map Borneo’s degradation of forests based
on biophysical attributes. The study found significant relationships between field-measured
structure and satellite-derived spectral and texture information which can explain 62%
variation in biophysical structures across forest and oil palm plantations in the Stability of
Altered Forest Ecosystem (SAFE) project site in east of Sabah. The utilization of geospatial
techniques can help in the LULC changes monitoring particularly deforestation and expansion
as shown in a previous study Curran et al., (2004). They studied lowland forest in Kalimantan
where they found that cumulative loss in the buffer zones led to isolated protected forests.
Additionally, remote sensing-derived information can be used to verify ecological conditions

and guide sustainable practices (Aguma & Hussin, 2009).



Multi-sensor remote sensing techniques shall enable comprehensive and precise
monitoring, offering insights crucial for informed decision-making and sustainable resource
management. Remote sensing and geospatial techniques can provide a cost-effective way of
large-scale environmental monitoring and assessment in tropical forests and plantations. Loh
et al., (2022), combine existing SRTM and multi-temporal airborne LiDAR data to estimate
AGB changes between 2012 and 2017 of degraded and intact forest in Ulu Padas in Sabah.
Accurate AGB estimations in forests are vital carbon stocks indicators for monitoring and
managing carbon emissions and sequestrations. Multi-sensor data fusion of optical and SAR-
derived indices can help to discriminate between native tropical forests, oil palm and rubber,
plantations at higher accuracy (>80%) as demonstrated in a study done in Kalimantan utilising
Landsat-8 Operational Land Imager (OLI) and Sentinel-1 (Sari et al., 2021).

Another study utilised L-band ALOS-2 PALSAR-2, C-band Sentinel-1, and Landsat-8
OLI optical to map the extent of Oil palm and rubber plantations at regional scale in west
Kalimantan and Myanmar with very high overall accuracies of 96% and 98% respectively
(Torbick et al., 2016). Multi-sensor remote sensing techniques can be used to monitor forest
degradation, selective logging and forest fires which in return are useful guiding protect the
logged forests from further degradation (Gao et al., 2020; Jackson & Adam, 2020). Multi-
sensor remote sensing techniques can provide relevant, timely and accurate information to
monitor status of oil palm plantation monitoring of status and the progress of oil palm
development (Chong et al., 2017; Mohd Najib et al., 2020; Pohl, 2014).

1.2. Problem and significance of the research

The unavailability of up-to-date geospatial information causes difficulty in accurately
monitoring and assessing the state and health for sustainable management of forests and
plantations in Borneo especially at local scale such as in the study area. Previous studies by
Asner et al., (2021); Hadi et al., (2018); Langer et al., (2007) revealed that medium spatial
resolution satellite data (25-30m) was effectively used to map and monitor larger areas. A study
by Tian et al., (2020) on vegetation phenology found that satellite imagery with coarser spatial
resolution has more mixed pixels while suggesting the use of finer than 30m reduces
uncertainties. Integrating data from multiple sensors or sources can be utilised to obtain
comprehensive, specific, relevant, and reliable information for appropriate and effective
management decisions. Studying at a local scale can help to understand the impacts of regional
and global issues such as climate change, economic factors, pests, and diseases related to

forests and plantations locally thus, help develop strategies to mitigate.
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Furthermore, if local sustainable forest and plantation management is not properly
addressed may result in the loss of local unique biodiversity, exacerbate global carbon emission
and negative impacts on local socio-economic livelihood. This research will help address issues
and challenges unique to the Borneo region which includes factors such as diverse forest types
and land uses. Also contribute to the development methods and strategies that allow for good
resource management practices in minimizing negative environmental impacts from plantation
land uses. The outputs of this research will provide policymakers and stakeholders with
science-based information to make informed decisions regarding forest and plantation
management in Borneo. The research develops methodologies that leverage multi-sensor
remote sensing techniques to address the challenges and promote sustainable forest and

plantation management practices in the Borneo region.

1.3. Research questions
The research questions are as the followings:

e How can multi-sensor remote sensing technique be used to map and monitor spatio-
temporal changes also identification of tropical forest conversion into plantations
LULC?

e What is the status and potential of forests outside plantations and managed forests in
the study area?

e How can multi-sensor remote sensing techniques (INSAR, LiDAR, Optical & other
data) be effectively employed to map and monitor the canopy height (structure) of
tropical forests and plantations in the study area?

e How does integration of data from different sources and multi-sensor remote sensing
data be used to assess the environmental sustainability of tropical forest and plantation
landscape?

e What are the challenges and opportunities in applying this technique to a temporally

dynamic tropical forest and plantation landscape in the study area?

1.4. Research aims and objectives

This research endeavours to delve into the systematic monitoring of Borneo’s tropical forests
and plantations through the integration of multi-sensor remote sensing and geospatial
techniques. The primary aim of this research is to explore the potential of advanced multi-
sensor remote sensing techniques for sustainable tropical forest and plantations management.

The specific objectives are:



1. Multi-temporal LULC changes monitoring: Mapping and assessing the LULC changes

of forest conversion to plantation.

2. Status of forest outside managed forest and plantations: A ground survey assessment of
Aboveground Biomass (AGB) and Carbon estimation on the status & conditions of

forest outside plantations.

3. Structural study of the forest and plantation: To map and estimate forest and plantations

canopy height estimations using TanDEM-X INSAR and multi-sensor technique.

4. Sustainability assessment: To assess the environmental sustainability of the study area
using a multi-sensor remote sensing technique and Multi Criteria Decision Analysis
(MCDA) model.

1.5. Thesis outline

This Thesis consists of seven chapters: Chapter 1 is on general introduction to the background
of this research and the framework. Chapter 2 overviews the study area and overall
methodology. Chapter 3 monitors LULC changes using multi-sensor techniques investigating
the conversion of forests into plantations. Chapter 4 study on Above Ground Biomass (AGB)
and carbon estimation in the mangroves, Acacia mangium, oil palm and secondary forest
outside the plantations based on ground survey. Chapter 5 explores the potential of TDX INSAR
and Multi-sensor for structural studies of the forest and plantations. Chapter 6 study on the
environmental sustainability assessment using the multi-sensor technique and geospatial Multi
Criteria Decision Analysis (MCDA) model. Chapter 7 concludes the findings of this research
also, the challenges and future opportunities in sustainable tropical forest and plantations

management research. The outline structure of this Thesis is as described in Figure 1.1.
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2. Study area and methodology

This chapter provides an overview of the study area and research methodology employed
regarding the technical chapters (3, 4, 5 & 6) of this thesis.

2.1. Study area

The study site (Fig. 2.1) is located in the northern part of Sabah, Malaysia encompassing the
Bengkoka Peninsula, Banggi Island, and Malawali Island (Fig. 2.1b). Area of interest spans
from approximately between latitude 6° 44’ 2.23" N to 7° 19 19.53" N and longitude 116° 58’
37.59" E to 117° 22’ 34.98" E. The terrain varies from coastal plains to undulating and hilly
areas with some steep slopes. Elevation ranges from sea level up to approximately 221 meters
at the center of the study area. The primary geological formation is the Bogaya formation,
primarily composed of sandstone and mudstone (Felix, 1991). The climate is tropical with
average mean surface temperatures consistently around 26.9°C to 28.5°C, and high mean
annual precipitation of 3,085 mm per year (World Bank Group & Asian Development Bank,
2021).
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Figure 2.1. (a) Location of Borneo relative to Southeast Asia with study area in red box.
Borneo timelapse map adapted from (Gaveau et al., 2014). (b) Study Area of Interest (AOI)
from LandTrendr powered by Earth Engine.



The Land Use and Land Cover (LULC) include mangrove forests, nipah mangroves,
mixed forests with small-holder rubber plantations and crop patches, orchards, secondary
growth forests, Industrial Tree Plantations (ITP), predominantly fast-growing Acacia mangium,
wild Acacia, Oil palm plantations, rubber plantations and villages. The ITPs were established
in the early 1980s as part of a reforestation, afforestation and resettlement initiative led by the
Sabah Government in collaboration with the Sabah Forestry Department and supported by the
World Bank (JICA, 1984). Acacia mangium is the preferred species in ITP due to fast growing,
flexibility to grow on poor and degraded soil (Hon & Shibata, 1970). Acacia timber are
harvestable after 7 years high survival rate 50-60% yield volume between 150 and 170m?® ha'*
(Lee, 2018). In 2002, approximately 72% (106,581 hectares) fast-growing tree species planted
in Sabah were Acacia mangium (Abe et al., 2005).

Figure 2.2. LULC in the study area: (a) Oil Palm plantations with ITP in the background, (b)
Mangrove forest, (c) Aerial view of mixed forests, (d) Mature Acacia mangium, (e) Secondary
forest, (f) Aerial view of Rubber plantations.
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2.2. Methodology

As introduced in the outline, this Thesis comprises four technical investigations which are
presented in chapter 3 to chapter 6. These technical chapters are based on the prior research
questions and guided by the specific objectives designed for this thesis.

(Chapter 3) LULC maps were prepared, and multi-temporal LULC changes analysis was done.
The investigation was focused on the changes and rate also on what are the sources/drivers of

the LULC changes especially forest conversion into plantations.

(Chapter 4) The investigation on forests outside plantations or managed forests where usually
underestimated in terms of the potentials and values of Aboveground Biomass (AGB) and
Carbon. In this investigation, forest inventory data were collected by establishing random field
inventory sample plots. Based on the inventory data, analyses were done to calculate the
volume, stand density, AGB, Carbon stock and CO, equivalent. The results are used for

assessing the forests conditions and identify its potentials.

(Chapter 5) Structural study on the estimation and mapping of forest and plantation canopy
height using INSAR combined with multi-sensor remote sensing technique utilizing the
TanDEM-X satellite imageries covering the years 2011, 2017 and 2019. Three methods of
SINC model and two Machine Learning models (Random Forest & Symbolic Regression) were
used and compared in terms of their accuracies based on the reference dataset. Also, LULC
maps were produced for the respective years for stratifications of canopy height estimation in
forest and plantations LULC classes.

(Chapter 6) Environmental sustainability assessment, LULC map of year 2023 was produced,
and five sustainability indicator layers were generated according to standards based on
references and standard sustainability as guide. Analysis was done using geospatial MCDA
model where sustainability was categorised into low, medium or high. Results highlight the

priority areas in the study area of its sustainability status.

The preceding technical chapter three on the LULC mapping and changes analysis, is a
crucial prerequisite for the subsequent technical chapters presented in this study. The spatio-
temporal LULC maps for the years 2010, 2017 and 2019, in conjunction with the inventory
data presented in chapter four combined with TanDEM-X (TDX) data are employed in chapter
five for the canopy height estimation. Additionally, the 2023 LULC map is used in chapter six

for the environmental sustainability assessment.
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3. Multi-temporal land use and land cover change monitoring of tropical
forest and plantations landscapes in Borneo using multi-sensor remote
sensing technique

3.1. Introduction

The monitoring of Land Use and Land Cover (LULC) represents crucial technical chapters in
this thesis, complementing the succeeding chapters of canopy height estimations and
environmental sustainability assessment. This chapter investigates the LULC changes within
the study area. The transformation of the Earth’s land surface due to human activities is globally
referred to as LULC change (Hassan et al., 2016). LULC changes reflect the anthropogenic
forcing behaviours on Earth’s surface also is the main contributor to global climate change as
well as one of the influential environmental issues for worldwide considerations (Gogoi et al.,
2019; Hao et al., 2021). Monitoring LULC changes in tropical forest and plantation landscapes,
especially in Borneo is essential because it represents critical ecological and economic
resources at both regional also to global. Previous studies Pongratz et al., (2021); Sari et al.,
(2023); Taiwo et al., (2023) demonstrated that changes in the tropical and plantations LULC
affect global climate change. Tropical forest coverage and distributions in Borneo are important
to regional scale and global environmental ecosystem services, vegetation, and biodiversity
(Boul etal., 2022). Economic prosperity has impacted land use activities such as the conversion
of forests into agricultural land or urbanization causing fast change decrease in forest cover
(Seyam et al., 2023; Velastegui-Montoya et al., 2022).

Monitoring LULC is important for guiding the sustainable management of forests and
plantations. In recent years there has been growing recognition in the importance of addressing
deforestation and degradation in the plantation’s supply chain (in the study area: timber, oil
palm & rubber). LULC data play an important role in evaluating landscape state, change,
pressures and potential management responses (Abate & Singh, 2011). Government, non-profit
organisations and plantations companies are increasingly proactive in addressing the issue of
deforestation and forest degradation which in the case of Borneo usually related to plantation
expansions in the past (Langer et al., 2007). The technique of geospatial LULC change
detection has been extensively employed to identify and describe significant alterations in

LULC characteristics using multi-sensor and multi-temporal remotely sensed data.

LULC changes analysis is done to understand the impacts of human activities on the
environment, particularly Sabah, where rapid LULC in Borneo has been observed. LULC
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changes such as deforestation and conversion of land for plantations and agriculture can
significantly affect the local and global climate, biodiversity and ecosystem services. A
previous study (Payus et al., 2020) in the Kota Kinabalu district in Sabah showed a dramatic
decrease in forest area replaced by agriculture and land clearing between 2014 and 2019
revealed that LULC transformation affects the water resources where the demand mostly for
agriculture at 43% and only 0.22% for domestic and industrial use. In Sabah, changes in forest
land use and management have been significant over the past decades with commercial timber
harvesting and large-scale conversion of natural forests into industrial plantations and
agricultural land use prevalent (Reynolds et al., 2011). However, efforts have also been made
to protect and restore forests which highlighting the importance of monitoring LULC changes

for sustainable management.

Multi-sensor remote sensing technique plays a pivotal role in LULC analysis by
providing accurate and comprehensive data on LULC changes (Vivekananda et al., 2021).
Combining satellite data from different sensors can enhance the understanding of LULC
changes and their impacts. The integration of SAR in the LULC classification process
alongside optical data where surface reflectance and vegetation indices of optical and values
of backscatter coefficient in different polarizations are combined yields better results in
distinguishing specific LULC classes (Prudente et al., 2022). A previous study by Zhou et al.,
(2018) found that a combination of texture and coherence features from multi-sensor data could
achieve overall classification accuracy of up to 91%. The use of multi-sensor data conclusively
eliminates the disadvantage of only relying on a single sensor.

Simultaneously literature search was done to acquire information related to LULC about
the study area especially the type of LULC and the area sizes as summarised in Table 3.1. This
information is important as a reference to the LULC mapping. The LULC information on the
study area were on mangrove, Acacia mangium, Eucalyptus pellita, rubber plantation and
aquaculture. There was no information found for Oil palm plantations. The overall aim of this
study is to map the LULC changes in the study area by using a multi-sensor remote sensing

technique. Meanwhile the specific objectives designed for this study are as follows;

1. To map the temporal LULC of the study area through utilisation of multi-sensor
data.

2. To investigate the multi-temporal LULC changes dynamic particularly focusing on
forest and plantations LULC.
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3. To investigate the sources or drivers of the land conversion of the forest and
plantations LULC.

Table 3.1. Recorded land uses areas in the study area.

Forest/Plantations/Land

Use type

Place

Area

Approx. (ha)

Status Reference

Mangroye Fo.rest Bengkoka 13,636 ha FR Class \V/
*Including Nipah Peninsula
Mangrove Forest Banggi 11,504 ha FR Class V (Tangah et al.,
g Island ! 2015)

Mangrove Forest Malawall 791 ha FR Class V

Island

. . Bengkok Nov. 201

Acacia mangium eng oxa 3,185 ha ov . 019

Peninsula Planting record

(GFsS, 2019)
Eucalyptus Pelitta Bengkoka 5,311 ha Nov. 2019
yp Peninsula ' Planting record
FELCRA

Banggi 4,500 ha ?:r::c?ﬁtn:zzgn (Sulehan &
Rubber Plantations 99 *Not total

Island area planted and Awang, 2010)

P rehabilitation
project

Bengkoka
Aquaculture Shrimp Peninsula 900 ha *2022
including mangrove (Kampung  Mangrove unofficial (Wen, 2022)
forest clearing Sungai cleared report

Eloi)

3.2. Materials & method
3.2.1. Study area

The study area location is similar to the previous chapters which covers Bengkoka Peninsula,

Malawali Island and part of Banggi Island. LULC of the study area mainly composed of mixed

native forest, secondary forest, mangroves, plantations such as rubber, oil palm and ITP.

Details about the study area also discussed in earlier chapter. Figure 3.1. shows the location of

the study area and Area of Interest (AOI) with Sentinel-2 fused with PlanetScope imageries in

true colour composites in the background. The satellite imageries were acquired in April 2023.
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Figure 3.1. Location of the study area of Bengkoka Peninsula, Malawali Island and part of

Banggi Island.
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3.2.2. Dataset & LULC mapping

A collection of multi-sensor satellite imageries such as used in the next case studies in this
thesis were used in this study. The fused satellite imageries cover the year 2010, 2017, 2019 &
2023. All the pre-processing such as sub-setting, radiometric and geometric corrections, data
fusion, vegetation indices and LULC sampling are all done in the GEE environment. This
initial part of the satellite imagery interpretation is important as distortion correction and cloud
shadow removal are necessary (Chuvieco, 2020). The generated LULC maps were post-
classification edited, prepared, and analysed using GIS software. The ground truth sampling
collected used in chapters 3, 4 and 6 case studies together with point samples collected from
high-resolution Google Earth and PlantetScope was used in the accuracy assessment. For the
analysis of the changes, the LULC maps were compared by year pairs. Changes extent, rate,
directions of changes and unchanged areas were the results of the analyses. The methodology

of this study is illustrated in Figure 3.2. while the LULC classes are summarised in Table 3.2.

Multi-sensor & Multi-temporal Imageries
(2010, 2017, 2019 & 2023)

LULC reference v
dataset (Ground Pre-processing (Sub-set, Radiometric, Geometric, Classification
truth, High res. Fusion, LULC sampling)
Google Earth & 7 (GEE)
PlanctScope) Classifications

(Machine Learning, RF)

Y

Post-classifications Editing/preparations ‘

v

Accuracy Assessment ‘

i Analysis
(QGIS, ENVI, ArcGIS)
Changes Analysis
(2010-2017, 2017-2019, ;
2019-2023 & 2010-2023)

)
‘ Extract Statistics/Matrix ‘

l

.

‘ Results ‘
" Results &
‘ Results interpretations & recommendations ‘ recommendations

Figure 3.2. Methodology of this study.
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Table 3.2. LULC classes summary.

LUC Classes Definitions/Descriptions

1.

10.
11.

12.

13.

14.

Forest

Mangrove Forest

Acacia mangium

Oil palm
Plantations

Secondary forest

Eucalyptus
Pellita (EP)

Infrastructures

Soil/Clearcut

Waterbody
Rubber

Agquaculture
Nipah
Beach & Sand

Cloud & Shadow

Patches of natural forest of mixed tropical tree species. May
include scattered matured small-holder rubber plantations, fruit
orchards, and other small-holder farms.

Includes all types of Mangrove species and all three mangrove
zones in Sabah; seaward/riverine margins, main mangrove and
back mangrove.

Acacia plantations also including wild Acacia forests.

Consist of Industrial & Small-holders plantation areas. Very
distinguishable area boundaries, uniform crown shape, planting
rows, and canopy textures of Oil palms.

Secondary forest regrowth and regeneration. May includes
replanted forest areas and small to medium woody shrubs, bushes
and shifting cultivation by villagers.

E. Pellita replacing Acacia M. inside the ITP planted since 2019.

Include all types of buildup such as; roads (paved, dirt roads,
logging roads & gravel), public buildings such as Halls, Clinics,
Shop-lots, Schools, village private houses etc.

Exposed soil areas result of clearing for plantations or agriculture
purposes, timber harvesting/logging, also includes small areas that
naturally not covered by vegetation.

Sea, rivers and lakes.

Rubber (Hevea Brasiliensis) Plantations.

Includes commercial and small-scale fish & shrimp/prawns ponds
Nypa Fruticans or local name Nipah Palm also known as
Mangrove palm.

Beaches, coastal areas, and areas covered in sand.

Remaining cloud & shadow after intensive cloud and shadow

masking using secondary satellite imageries.
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3.2.3. LULC changes extent & rate analysis

The LULC changes, extent and change rate analysis method used in this study were adapted
from Abebe et al., (2022). The LULC changes were calculated by pair-wise comparison of the
initial and current year maps, also the percentages of changes were calculated where changes
divide by the initial year times a hundred. The changes rate was calculated where changes
divide number of years between the initial and current. While the changes rate in percentages
was calculated where change rate per year divides the initial year time hundred. The formulas

are summarised in Table 3.3.

Table 3.3. Formulas for the changes extent and changes rate analysis.

Changes Formulas

1. LULC Changes Initial Year — Current Year
2. Changes % (Changes / Initial Year) x 100
3. Changes rate /Year Changes / Number of years between initial & current
4. Changes rate % (Changes rate/year / Initial year) x 100
3.3. Results

3.3.1. LULC classification maps

Four LULC maps were produced covering the years 2010, 2017, 2019 & latest 2023 (Fig. 3.3).
Statistics of the LULC maps were also generated in hectarage shown in table 3.4 and
percentages in figure 3.4. There are slight differences in the total area of 2.79ha due to the
subset with the AOI and conversion of raster to vector for the GIS analysis. Currently, majority
of the LULC in the study area is forest cover, followed by mangroves, acacia, oil palm
plantations, secondary forest, and eucalyptus plantations. As per information provided by the
plantation manager, the replanting of logged Acacia mangium with Eucalyptus was
commenced in year 2019 prompted by years of susceptibility to diseases especially
Ceratocystis wilt (Maid & Ratnam, 2014: Syazwan et al., 2021).
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Figure 3.3. LULC maps of the study area of year (a) 2010, (b) 2017, (c) 2019 & (d) 2023.

The LULC classification for 2010 shown majority of the study area covered by Forest
38,974.15 ha (16.58%), followed by Acacia 23,319.66 ha (9.93%), Mangrove 15,796.86 ha
(6.72%), Secondary forest 10,760.60 ha (4.58%), Soil/clearcut 4,025.97 ha (1.71), oil palm
1,846.01 ha (0.79%), Rubber 654.04 ha (0.28%), Infrastructures 524.13 (0.22%), Nipah 200.39
ha (0.09%) and Beach/sand 39.30 ha (0.02%) respectively. Meanwhile 2017, the majority also
Forest 38,955.28 ha (16.58%), Acacia, 18,061.36 ha (7.69%), Mangrove 17,829.88 ha (7.59%),
Secondary forest 8,797.32 ha (3.74%), Oil palm 4,51.80 ha (1.92%), Soil/clearcut 4,375.57 ha
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(1.86%), Infrastructures 1,053.32 ha (0.45%), Nipah 931.85 ha (0.40%), Rubber 808.99 ha
(0.34%), Aquaculture 673.73 ha (0.29%) was mapped for the first time and Beach/sand 168.70
ha (0.07%). In 2019 majority also covered by Forest 39,139.85 ha (16.66%), Mangrove
17,091.05 ha (7.27%), Acacia 14,657.98 ha (6.24%), Secondary forest 10,467.53 ha (4.46%),
Oil palm 6,772.24 ha (2.88%), Soil/clearcut 4,062.25 ha (1.73%), Infrastructures 2,035.85 ha
(0.87%), Beach/sand 1,163.68 ha (0.50%), Nipah 791.67 ha (0.34%), Rubber 698.85 ha
(0.30%) and followed by Aquaculture 645.81 ha (0.27%). Lastly in 2023, majority Forest cover
37,838.29 ha (16.11%), Mangrove 18,412.63 ha (7.84%), Acacia 12,004.96 ha (5.11%), Oil
palm 7,884.23 ha (3.36%), Secondary forest 6,869.20 ha (2.92%), first time mapped
Eucalyptus 6,310.50 ha (2.69%), Infrastructures 2,246.99 ha (0.96%), Soil/clearcut 2,207.39
ha (0.94%), Rubber 1,411.07 ha (0.60%), Aquaculture 578.49 ha (0.25%) and Beach/sand
122.98 ha (0.05%).

Table 3.4. Summary statistics of study area LULC in hectarage year 2010, 2017, 2019 & 2023.

Classes 2010 2017 PAONRS) 2023

1. Forest 38,947.15 38,955.28 39,139.85 37,838.29
2. Mangrove 15,796.86 17,829.88 17,091.05 18,412.63
3. Acacia m. 23,319.66 18,061.36 14,657.98 12,004.96
4. Oil palm 1,846.01 4,501.80 6,772.24 7,884.23
5. Secondary Forest 10,760.60 8,797.32 10,467.53 6,869.20
6. Eucalyptus - - - 6,310.50
7. Infrastructures 524.13 1,053.32 2,035.85 2,246.99
8. Soil Clearcut 4,025.97 4,375.57 4,062.25 2,207.39
9. Waterbody 138,262.81 138,517.97 137,381.26  138,676.54
10. Rubber 654.04 808.99 698.85 1,411.07
11. Aquaculture - 673.73 645.81 578.49
12. Nipah 200.39 931.85 791.67 342.69
13. Beach/Sand 39.30 168.70 1,163.68 122.98
14. Cloud & Shadow 570.25 270.67 36.36 40.82
Total 234,947.17 234,946.44 234,944.38  234,946.78
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Figure 3.4. LULC composition of the study area in percentages year 2010, 2017, 2019 & 2023.

Based on the bar chart in Figure 3.4. shows that the main LULC classes of forest and
mangrove area coverage are stable throughout the observed years. The secondary forest and
soil/clearcut were steadily decreased and there was a steady increase in the Oil palm plantations
and infrastructures area cover. Meanwhile, the waterbody area was significantly unchanged
only a small 0.5% difference across the monitoring period with the year 2023 highest. The
increase and decrease observed with waterbody and beach/sand were likely to be caused by
variations in local climatic conditions or tidal during the satellite imageries acquisitions. The
detailed analysis on the spatio-temporal of the extent and rate of changes are discussed in the
next sub chapters.

3.3.2. Maps accuracy assessment

As reported in the previous chapters the LULC maps accuracy was: 81% (2010), 88% (2017),
77% (2019) and 87% (2023). These LULC maps were initially produced for the earlier analyses
of canopy height estimations and sustainability assessment. The LULC maps were used in this
chapter to analyse the spatio-temporal LULC of the study area to monitor and examine the

changes.
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3.3.3. Spatio-temporal LULC changes

The spatiotemporal extent and rate of changes were computed for each year pairs: 2010-2017,
2017-2019, 2019-2023 and 2010-2023. Also, the change directions analysis was computed for
forest and plantation classes: Oil palm, Rubber, Aquaculture, and Eucalyptus. It is to
investigate the sources of LULC conversion of these classes. The increased LULC areas are in

blue meanwhile the decreased noted in red numbers.

3.3.3.1. 2010 - 2017 LULC changes

Between 2010-2017, the majority of the LULC classes increased except for Acacia decreased
by -5,258.30 ha or -3.22%/year and Secondary forest by -1,963.28 ha or -2.61%/year. Forest
cover increased by 8.13 ha or only 1.16 hal/year, Mangrove increased by 2,033.02 ha or
1.84%year, oil palm recorded a drastic increase by 2,655.78 ha or 20.55%/year, Infrastructure
529.19 ha, Soil/clearcut 349.60 ha or 14.42%/year, Rubber increased 154.95 ha or 3.38%/year,
Nipah 731.46 ha or 52.12%/year, Beach/sand increased 129.40 ha or 47.04%/year and
Aquaculture was not mapped in the year 2010. Detailed LULC changes extent and rate between
2010 and 2017 are summarised in table 3.5.

Table 3.5. Extent and rate of LULC changes between 2010 and 2017 in the study area.

2010 2017 Changes Avg. chg. rate

ha ha ha % halyr. %
Forest 38,947.15 | 38,955.28 8.13 0.02 1.16 0.00
Mangrove 15,796.86 | 17,829.88 | 2,033.02 12.87 290.43 1.84
Acacia m. 23,319.66 | 18,061.36 | -5,258.30 -2255| -751.19 -3.22
Oil palm 1,846.01 4501.80 | 2,655.78 143.87 379.40 20.55
Secondary Forest 10,760.60 8,797.32 | -1,963.28 -18.25| -280.47 -2.61
Eucalyptus - - - - - -
Infrastructures 524.13 1,053.32 529.19  100.97 75.60 14.42
Soil Clearcut 4,025.97 4,375.57 349.60 8.68 4994 1.24
Waterbody 138,262.81 | 138,517.97 255.15 0.18 36.45 0.03
Rubber 654.04 808.99 154.95 23.69 22.14  3.38
Agquaculture - 673.73 - - - -
Nipah 200.39 931.85 731.46  365.03 104.49 52.15
Beach/Sand 39.30 168.70 129.40 329.28 18.49 47.04
Cloud & Shadow 570.25 270.67 -299.58  -52.53 -42.80 -7.50
Total 234,947.17 | 234,946.44 - - - -
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3.3.3.2. 2017 - 2019 LULC changes

Between 2017-2019, the majority of the LULC classes area decreased. Forest cover increased
by 184.57 ha but only at the rate of 0.24 ha/year or 0.00%. Mangrove decreased -738.83 ha or
-0.01%/year, Acacia decreased -3,403.38 ha or at rate -0.05%/year, Oil palm increased
2,270.45 ha or rate 0.56%/year, Secondary forest also increased 1,370.21 ha at 0.11%/year,
Infrastructures increased by 982.53 ha or 4.43%/year, Soil Clearcut decreased -1,136.71 ha,
Rubber also decreased -110.24 ha at -0.84%/year, Aquaculture decreased -27.92 ha or -
0.31%l/year, Nipah decreased -140.18 ha and Beach/sand area increased 994.98 ha. The details
of the changes for 2017-2019 are summarised in Table 3.6.

Table 3.6. Extent and rate of LULC changes between 2017 and 2019 in the study area.

2019 Changes Avg. chg.
ha ha % halyr.

Forest 8,955.28 | 39,139.85 184.57 0.47 0.24 0.00
Mangrove 17,829.88 | 17,091.05 -738.83 -4.14 -2.07 -0.01
Acacia m. 18,061.36 | 14,657.98 | -3,403.38 -18.84 -9.42  -0.05
Oil palm 4,501.80 6,772.24 | 2,270.45 50.43 25.22 0.56
Secondary Forest 8,797.32 | 10,467.53| 1,670.21  18.99 9.49 0.11
Eucalyptus - - - - - -
Infrastructures 1,053.32 2,035.85 982.53  93.28 46.64 4.43
Soil Clearcut 4,375.57 4,062.25 -313.32 -7.16 -3.58 -0.08
Waterbody 138,517.97 | 137,381.26 | -1,136.71 -0.82 -0.41  -0.00
Rubber 808.99 698.85 -110.14  -13.61 -6.81 -0.84
Aquaculture 673.73 645.81 -27.92 -4.14 -2.07 -0.31
Nipah 931.85 791.67 -140.18 -15.04 -752 -0.81
Beach/Sand 168.70 1,163.68 994.98 589.79 | 294.89 174.80
Cloud & Shadow 270.67 36.36 -234.31 -86.57 | -43.28 -15.99

Total 234,946.44 | 234,944.38 - - - -

3.3.3.3. 2019 - 2023 LULC changes

The year 2019-2023 change also shows a majority of classes decreased. Forest cover decreased
by -1,301.56 ha, however, Mangrove increased by 1,321.58 ha or at a rate of 0.01%/year,
Acacia decreased by -2,653.02 ha or at rate of -0.03%/year, Oil palm increased 1,111.99 ha at
rate of 0.06%/year, Secondary forest mostly decreased by -3,598.33 ha at a rate of -0.08%/year,
Infrastructures increased 211.14 ha, Soil Clearcut decreased by -1,854.86 ha at a rate of -
0.28%/year, Rubber increased 712.22 ha at a rate 3.65%/year, Aquaculture decreased by -67.32
ha, Nipah also decreased -448.98 ha and Beach/Sand decreased by -1,040.70 ha. The details of

the changes are summarised in Table 3.7.
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Table 3.7. Extent and rate of LULC changes between 2019 and 2023 in the study area.

2023 Changes Avg. chg. rate
ha ha % halyr. %
Forest 39,139.85 | 37,838.29 | -1,301.56 -3.33 -0.83  -0.00
Mangrove 17,091.05 | 18,412.63 | 1,321.58 7.73 1.93 0.01
Acacia m. 14,657.98 | 12,004.96 | -2,653.02 -18.10 -452  -0.03
Oil palm 6,772.24 7,884.23 | 1,111.99 16.42 4.10 0.06
Secondary Forest 10,467.53 6,869.20 | -3,598.33 -34.38 -8.59  -0.08
Eucalyptus - 6,310.50 - - - -
Infrastructures 2,035.85 2,246.99 21114 10.37 2.59 0.13
Soil Clearcut 4,062.25 2,207.39 | -1,854.86 -4566| -11.42 -0.28
Waterbody 137,381.26 | 138,676.54 | 1,295.28 0.94 0.24 0.00
Rubber 698.85 1,411.07 712,22 101.91 25.48 3.65
Aquaculture 645.81 578.49 -67.32 -10.42 -2.61 -0.40
Nipah 791.67 342.69 -448.98 -56.71| -14.18 -1.79
Beach/Sand 1,163.68 122.98 | -1,040.70 -89.43| -22.36 -1.92
Cloud & Shadow 36.36 40.82 446 12.27 3.07 8.44
Total 234,944.38 | 234,946.78 - - - -

3.3.3.4. 2010 — 2023 LULC changes

Meanwhile, the changes during the 13-years period of monitoring mostly increased. However,
forest cover generally decreased by -1,108.86 ha but at a slow rate of -0.41 ha/year. Mangrove
the other hand, increased by 2,615.77 ha at rate of 0.01%/year, Acacia cover greatly decreased
by -11,314.70 ha at the rate of -0.03%/year, Oil Palm increased by 6,038.22 ha at a rate of
2.53%/year, Secondary forest decreased by -3,891.40 ha at a rate of -0.05%l/year,
Infrastructures increased 1,722.86 ha at rate of 8.96%/year, Soil Clearcut areas decreased by -
1,818.58 ha at a rate of -0.16%/year, Rubber increased 757.03 ha at rate of 2.53%/year, Nipah
increased 142.30 ha and Beach/Sand increased 83.68 ha. Details of the overall changes are

summarised in table 3.8.
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Table 3.8. Extent and rate of LULC changes between 2010 and 2023 in the study area.

2023 Changes Avg. chg.
ha ha % halyr.
Forest 38,947.15 | 37,838.29 | -1,108.86  -2.85 -0.41  -0.00
Mangrove 15,796.86 | 18,412.63 | 2,615.77 16.56 2.37 0.01
Acacia m. 23,319.66 | 12,004.96 | -11,314.70 -48.52 -6.93  -0.03
Oil palm 1,846.01 7,884.23 | 6,038.22 327.10 46.73 2.53
Secondary Forest 10,760.60 6,869.20 | -3,891.40 -36.16 -5.17  -0.05
Eucalyptus - 6,310.50 - - - -
Infrastructures 524.13 2,246.99 | 1,722.86 328.71 46.96 8.96
Soil Clearcut 4,025.97 2,207.39 | -1,818.58 -45.17 -6.45 -0.16
Waterbody 138,262.81 | 138,676.54 413.73 0.30 0.04 0.00
Rubber 654.04 1,411.07 757.03 115.75 16.54 2.53
Aquaculture - 578.49 - - - -
Nipah 200.39 342.69 142.30 71.02 10.15 5.06
Beach/Sand 39.30 122.98 83.68 212.94 3042 77.41
Cloud & Shadow 570.25 40.82 -529.43 -92.84| -13.26 -2.33
Total 234,947.17 | 234,946.78 - - - -

3.3.4. LULC directions of changes (Conversions)

The most important aspect of LULC change detection as addressed by Abate & Singh, (2011)
is to determine what happened, and which LULC class is changing to the other classes. Such
information will serve as vital information in management decisions. Therefore, an analysis to

determine the direction of changes was done.

3.3.4.1. LULC changes to oil palm plantations

The analysis was further conducted to investigate and quantify the source of conversions for
the LULC classes of Oil palm plantations. Between 2010-2017, the forest underwent a
conversion of 2,666.38 ha (1.13%) to Oil palm, with the secondary forest at 779.21 ha (0.33%),
soil clearcut at 226.75 ha (0.10%), acacia at 183.31 ha (0.08%), and a small portion of
mangrove at 4.58 ha (0.00%). From 2017-2019, the main conversion was still from forest to
Oil palm, amounting to 1,202.79 ha (0.51%), followed by secondary forest at 590.96 ha
(0.25%), soil clearcut at 601.96 ha (0.26%), acacia at 736.48 ha (0.31%), and a small portion
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of mangrove at 4.65 ha (0.00%). For 2019-2023, the forest accounted for 1,416.64 ha (0.60%)
conversion to Oil palm, followed by secondary forest at 917.31 ha (0.39%), soil clearcut at
539.85 ha (0.23%), acacia at 364.28 ha (0.16%), and mangrove at 4.65 ha (0.00%). During
2010-2023, the major conversion to Oil palm was from forest cover at 4,085.39 ha (1.74%),
followed by secondary forest at 1,484.98 ha (0.63%), acacia at 958.93 ha (0.41%), soil clearcut
at 493.67 ha (0.21%), and a small conversion from mangrove area at 48.18 ha (0.02%). The
changes in percentage directions or origins of conversion into Oil palm area as illustrated in

Figure 3.5.
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Figure 3.5. Summary percentages of LULC conversion to oil palm Plantations.

3.3.4.2. LULC changes to Rubber plantations

The analysis of LULC conversion into rubber plantations revealed that between 2010-2017,
373.50 ha (0.16%) of soil clearcut area was converted, followed by 52.64 ha (0.02%) from
forest, 36.73 ha (0.02%) from oil palm, 31.55 ha (0.01%) from secondary forest, and 6.17 ha
from acacia. Between 2017-2019, the main conversion was from secondary forest to rubber
plantations, with 168.60 ha (0.07%) converted, followed by 20.79 ha (0.01%) from forest, 1.32
ha from acacia, and 0.67 ha from oil palm. From 2019-2023, secondary forest remained the
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primary source of LULC conversion to rubber plantations, with 532.23 ha (0.23%) converted,
followed by 243.01 ha (0.10%) from forest, and 16 ha each from soil clearcut, oil palm, and
acacia. In the overall comparison between 2010-2023, the majority of LULC conversion to
rubber plantations was from soil clearcut area at 607.19 ha (0.26%), followed by 111.83 ha
(0.05%) from forest, 105.49 ha (0.04%) from secondary forest, 56.85 ha (0.02%) from oil palm,
and 28.10 ha (0.01%) from acacia. The details of LULC conversion to Rubber Plantations are

summarised in Figure 3.6.
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Figure 3.6. Summary percentages of LULC conversion to Rubber Plantations between all year

pairs.

3.3.4.3. LULC changes to Aquaculture

The analysis of LULC conversions to aquaculture (Fig. 3.7) indicates that between 2010-2017,
the majority of the converted areas were from mangroves, amounting to 261.31 ha (0.11%),
and acacia, amounting to 251.67 ha (0.11%). Additionally, there was a conversion of 42.22 ha
(0.02%) from forest cover, 42.83 ha (0.02%) from soil clearcut, 4.78 ha from Nipah, and 1.77

ha from waterbody. Between 2017 and 2019, the primary conversion was from soil clearcut,
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with 115.59 ha (0.05%) converted, followed by 80.97 ha (0.03%) from waterbody, which were
areas of previously cleared mangroves that were seasonally submerged in water. Secondary
forest, acacia, mangrove, forest, and Nipah also underwent conversion to aquaculture during
this period. From 2019-2023, the majority of LULC conversion to aquaculture was from a
waterbody, with 144.5 ha (0.06%) converted, also originating from previously cleared
mangrove areas that were seasonally submerged in water. This was followed by conversions
from forest area at 63.10 ha (0.03%), secondary forest at 32.92 ha (0.01%), acacia at 17.82 ha
(0.01%), soil clearcut at 15.48 ha (0.01%), and Nipah at 3.32 ha. In the overall comparison
between 2010-2023, the majority of the conversion to aquaculture was from mangroves at
272.31 ha (0.12%), followed by acacia at 199.20 ha (0.08%), then forest at 40.91 ha (0.02%),
secondary forest at 32.92 ha (0.01%), soil clearcut at 27.86 ha (0.01%), Nipah at 4.56 ha, and
waterbody at only 0.60 ha.
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Figure 3.7. Summary percentages of LULC conversion to Aquaculture.
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3.3.4.4. LULC changes to Acacia

All of the LULC changes to Acacia were from Forest cover. Between 2010-2017 3,840.47 ha
(1.63%) of Forest cover changed to Acacia, followed by Secondary forest at 2,003.05 ha
(0.85%), Mangrove 771.52 ha (0.33%), Soil Clearcut 688.05 ha (0.28%) and Oil palm 167.27
ha (0.07%). In 2017-2019, 3,256.35 ha (1.39%) of Forest cover changed to Acacia, Secondary
forest 924.96 ha (0.39%), followed by Soil Clearcut 795.54 ha (0.34%), Mangrove 344.21 ha
(0.15%) and lastly Oil palm 93.02 ha (0.04%). Between 2019-2023 4,558.29 Forest cover
changes into Acacia, followed by Mangrove 1,433.98 ha (0.61%), Secondary forest by 811.23
ha (0.35%), Soil Clearcut 295.63 ha (0.13%) and Qil palm 285.18 ha (0.12%). Meanwhile, for
LULC 2010-2023, Forest was the main change to Acacia with 4,270.99 ha (1.82%), followed
by Secondary forest at 1,257.43 ha (0.54%), then Mangrove at 1,050.51 ha (0.45%, Soil
Clearcut 361.89 ha (0.15% and lastly Oil palm 110.45 ha (0.05%). Forest and Secondary forest
are two main classes preferred for conversion into Acacia meanwhile can be observed some
portions of other LULC classes also changed into Acacia which due to Acacia can grow much
faster and take over other species. The details of LULC changes to Acacia are illustrated in

Figure 3.8.
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Figure 3.8. Summary percentages of LULC conversion to Acacia mangium plantations.

29



3.3.4.5. LULC changes to Eucalyptus

The replanting of harvested Acacia with Eucalyptus has only in the ITP area since 2019. During
the period of 2019-2023, 2,428.56 ha (1.03%) of Acacia was replaced by Eucalyptus, 1,398.39
ha (0.60%) of Secondary forest, followed by Soil Clearcut area at 1,254.04 ha (0.53%) these
were Acacia areas which recently clear harvested and lastly Secondary forest 752.57 ha
(0.32%). While comparison of the year 2010-2023 shows the majority of the area replaced by
Eucalyptus was Acacia with 5,196.81 ha (2.21% of the AOI), only 805.58 ha (0.34%) of Forest
converted into Eucalyptus, Secondary forest 158.19 ha (0.07%), and finally Soil Clearcut 85.32
ha (0.04%). Details of the LULC changes into Eucalyptus as illustrated in figure 3.9.
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Figure 3.9. Summary percentages of LULC conversion to Eucalyptus Pelitta Plantations.

3.3.5.Unchanged LULC

Besides changes, unchanged areas were also mapped and quantified. This was done by year
pair comparison of each LULC class. Between 2010-2017 the major LULC classes which
unchanged are: Forest covered 26,410.71 ha (11%) of 38,947.15 ha (16.11%) in 2010 were
unchanged, followed by Mangrove forest 13,124.51 ha (6%) out of 15,796.86 ha (6%) and
Acacia 10,434.28 ha (4%) unchanged out of 23,319.66 ha (9%) in 2010. While comparison of
year 2017-2019 shows 30,033.60 ha (13%) out of 38,955.28 ha (16%) in 2017 of the Forest
cover was unchanged, followed by Mangrove 15,611.46 ha (7%) out of 17,829.88 ha (7%)
unchanged, then Acacia only 8,848.01 ha (4%) out of 18,061.36 ha (7%) in 2017 were
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unchanged. Between 2019-2023 shows Forest cover unchanged at 25,905.81 ha (11%) out of
39,139.85 ha (16%) in 2019, followed by Mangrove 13,460.92 ha (6%) out of 17,091.05 ha
(7%) in 2019 and Acacia only 4,028.97 ha (2%) out of 14,657.98 ha (6%) in 2019 were
unchanged. The unchanged LULC details are summarised in the Table 3.9.

Table 3.9. Summary of unchanged LULC classes.

2010-2017 2017-2019 2019-2023 2010-2023

ha ha ha ha
Forest 26,410.71 11  30,033.60 13 2590581 11  23,27250 10
Mangrove 13,124.51 6 15,611.46 7 13,460.92 6 12,195.04 5
Acacia m. 10,434.28 4 8,845.01 4 4,028.97 2 4,676.19 2
Oil palm 615.88 3,481.59 4,329.96 2 712.67 0
Secondary
Forest 2,452.37 1 3,623.71 2 2,550.45 1 1,792.57 1
Eucalyptus - - - - -
Infrastructures 171.06 0 498.94 0 828.09 0 258.24 0
Soil Clearcut 792.50 0 714.52 0 305.31 0 478.56 0
Waterbody 137,807.32 59 136,934.09 58 137,026.00 58 137,953.36 59
Rubber 299.57 0 507.04 0 581.73 0 486.31 0
Aquaculture - - 413.29 0 270.86 0 - -
Nipah 41.38 0 452.21 0 233.55 0 6.86 0
Beach/Sand 7.16 0 70.81 0 72.19 0 6.40 0
Cloud &
S 142.07 0 0.08 0 0.06 0 0.26 0
Total 192,298.81 82 201,186.35 86 189,593.90 81 181,838.97 77
Changed Area
. 42,647.65 18 33,758.01 14 4535234 19 53,108.19 23
Grand Total 234,946.45 100 234,944.36 100 234,946.24 100 234,947.16 100

3.4. Discussion

3.4.1. Spatio-temporal changes

The three major LULC classes of the study area are forest, mangrove, and acacia. Both Forest
and mangrove cover are relatively consistent over time while acacia shows a significant area
decreased over time due to clearcut timber harvesting and replacement with eucalyptus. As per
mangrove land cover, results show mangrove area in 2023 covers 18,412 ha less than literature

which is 25,931 ha, however exact area extent was not mentioned. Based on the record, 3,485
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ha Acacia was planted in 2019. Secondary forest shows a fluctuational decrease from 4.58%
in 2010 to 3.74% in 2017 then rosed back to 4.46% in 2019 and a sharp drop to 2.92% in 2023.
Soil/clearcut shows a gentle drop from 1.71% to 1.86%, 1.73%, and 0.94% for the four-
observation period years respectively. The decrease is due to conversion to oil palm plantations
where in 2010 only covered 0.79%, in 2019 increased to 1.92%, 2019 2.88% and finally 2023
3.36%. Infrastructures also show a steady increase from 0.22% in 2010 to 0.45% in 2017, then
in 2019 0.87% and finally increased to 0.96% in 2023. The rubber plantation class shows a
slight increase from 0.28% in 2010 to 0.34% in 2017 small decrease to 0.30% in 2019 and
increase to 0.60% in 2023. Literature mentioned total rubber is 4,500 ha, however until 2023,
only 1,411 ha area was planted. According to literature, the planned aquaculture area will cover
approximately 900 ha however, results show only 578 ha area remaining in 2023. The
aquaculture area changes steadily decreased between 2017 to 2023 confirming the
abandonment of the project site while overgrown by mangroves. Meanwhile, other classes did

not show significant changes over time.

3.4.2. Driving factors of LULC changes

The majority of the conversion into Oil palm plantations was from forest land cover whereas
in 2010-2023 LULC changes show 4,085 ha area converted followed by secondary forest 1,848
ha. However, overall forest land cover experienced only a slight decreased where total area
cover remained around 16% of the study area during the monitoring period. The peak changes
of the forest into Oil palm in the study area were between 2010-2017. Previous study by Wan
et al., (2020) recorded that between 1990 to 2018, a total of 103,474 ha of forest were
converted into QOil palm plantations. Rubber plantation was observed to have been converted
from previously cleared land in the early stage (2010-2017), only during 2019-2023
observation shown conversion was from the secondary forest at 532 ha. While aquaculture’s
main source of LULC conversion was mangrove where between 2010-2023, a total of 272 ha
and 199 ha of forest land cover were converted. Acacia mangium is mostly conversion from

forest and secondary forest, however slowly being replaced with Eucalyptus.

3.5. Conclusions

In conclusion, this study presented the LULC changes analysis of the study area specifically
investigating the changes and the conversion into plantations. It is important to note that the
result figures represent the cumulative conversion up to the time of this study, the future figure
may be higher if LULC conversion trends continue which also depends on the global supply

and demand of palm oil, rubber also other commodities. Such a scenario may pose a significant
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threat to the remaining forest and regenerating secondary forest also the biodiversity they

support. Therefore, future studies may continue to monitor the LULC changes in the study area.

33



4. Ground survey assessment of Above Ground Biomass (AGB) and
Carbon estimation of forests outside plantations in Bengkoka Peninsula,
Sabah Malaysian Borneo

4.1. Introduction

The accumulation of Above Ground Biomass (AGB) and carbon stock in the forest over some
time reflects a complex process that is caused by a multitude of factors. This includes plant
growth and mortality, natural disturbances and human-driven land use changes (Asner et al.,
2018). Forest covers 30% or approximately 4 billion hectares of global land area, it provides
essential ecosystem services, timber, food fuel, non-timber products, water conservation and
clean air (UN ECOSOC, 2017). Forests outside of forest reserves or Industrial Tree Plantations
(ITP) or managed forests are often overlooked and undervalued in their resource potential (Liu
et al., 2023; Thomas et al., 2021). However, these forest areas are comparably important same
as managed forests in terms of Biomass and Carbon storage in terms of their capability and

capacity.

Forest trees outside managed forests and plantations play a crucial role in the global
carbon cycle and contribute significantly to mitigating climate change by sequestering carbon
dioxide from the atmosphere. It is also contributes to the Global Forest Goals target to increase
forest area by 3% worldwide by 2030 under the United Nations Strategic Plan for Forests 2017-
2030 (UNSPF) (FAOQ, 2020). The importance of sustainable management of forest trees outside
forests is crucial in integrated implementation of the 2030 agenda for sustainable development
UNSDG particularly SDG 15 “Sustainably manage forests, combat desertification, halt and
reverse land degradation, halt biodiversity loss” (UN ECOSOC, 2017). Reducing Emissions
from Deforestation and Forest Degradation (REDD+) program recognises that forest
degradation and deforestation are related to the loss of carbon stocks in remaining forest land.
This loss contributes to increased greenhouse gas emissions and exacerbates climate change
(Goetz et al., 2015). Carbon stock is defined as the absolute quantity of carbon held within a
pool at a specific time (UN-REDD, 2023). It is a critical measure in understanding the role of
forests in the global carbon cycle and in assessing the potential impacts of forest management

practices on carbon sequestration and storage.

Forestry measurements, including those of AGB and carbon stock, are important for

understanding the structure and composition of the forest ecosystem. They also play a crucial
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role in assessing environmental sustainability in management. These measurements provide
valuable data that can inform forest management decisions and contribute to the development
of strategies for sustainable forest management also for REDD+ Monitoring Reporting and
Verifications (MRV) systems practices (Avtar et al., 2020). Given the lack of studies on the
forest outside the plantations particularly in the study area, therefore this study aimed to assess
the status of mangroves, Acacia mangium, Oil palm and secondary forest in the study area.

Meanwhile, specific objectives of this study are:

1. To establish sample plots and collect inventory data of forests outside the plantations
in the study area.

2. To estimate the stand density, basal area, volume, AGB, carbon stock and to estimate
carbon dioxide (CO.) equivalent of the forest stock.

3. Suggest the best scenario sustainable management practice based on the assessment of

the forests outside plantations.

This study will provide baseline information and reference regarding the status, growth
(DBH, height, basal, AGB & carbon) and conditions of the forests outside plantations in the
study area and generally Borneo. Estimates of AGB, carbon and carbon dioxide intake can be
indicators of the forest recovery or degradation which is important to the natural ecosystem in
a plantation landscape such as in Borneo. The study is important for understanding the
contribution of these land uses to carbon sequestration and storage, as well as for assessing
their environmental sustainability. This research can contribute to SDGs by assessing the
carbon sequestration potential of forests and plantations in Borneo and identifying strategies to

reduce greenhouse gas emissions from LULC changes (Biswas et al., 2020; Estoque, 2020).

4.2. Materials and methods

4.2.1. Study sites

This study was conducted in the mixed LULC landscape of Bengkoka Peninsula, located in the
north of Sabah. The LULC types in the study area mainly include Acacia mangium, mangrove
forest, oil palm, and secondary forest. The inventory sampling sites were selected based on the
accessibility factor, with road access for easy logistics. The location of the sample plots forest

inventory sites was shown in the map Figure 4.1b.
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4.2.2. Inventory sampling

Random sampling plots of size 15x15m were established in the four sites namely Bawing in
the northwest, Mangkapon in the southeast, Maringan in the northeast and Telaga in southwest
of Bengkoka peninsula (Fig. 4.1). Trees with DBH >7cm were measured during forest
inventory data collection. Information on DBH, height, species and status dead or alive were

also recorded.
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Figure 4.1. (a) Map overview of the study area location in Northern Sabah, Malaysian Borneo
and (b) Locations of inventory sampling sites. Background, 2023 Sentinel-2 fused with
PlanetScope satellite imagery in true colour composite.

4.2.3. Analysis

The inventory data was filtered, rearranged, and analysed based on the measurement formulas
as summarised in Table 4.1. The analyses include stand density, basal area, volume, Above
Ground Biomass (AGB) estimation, carbon stock estimation and carbon dioxide (COy)

equivalent to estimate the amount of carbon dioxide equivalent if the trees are removed.
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Stands density measurement is important aspect of forestry as it is the measure number
of trees within the plot area, normally presented in stand per hectares. This is important for
understanding the structure and composition of the forest. It can be used for determining what
kind of silvicultural prescriptions and estimating timber volumes (Khan et al., 2020). Basal
area is the method involve measuring the diameter at DBH of each tree in the sampling plot.
Basal area is used to represent the size of individual trees and the density of forest stands. Basal
area is the tree cross-sectional area of the tree stem measured at breast height level (Nazeri et
al., 2021). The volume simply refers to the amount of wood in a forest stand which is typically
measured in cubic meters. Volume measurements are important for estimating timber volume
and assessing the productivity of forest ecosystems (Spetich & Shifley, 2017). Above Ground
Biomass (AGB) estimations on the amount of living plant material above the ground in a forest
stand. Usually measured in metric tons per hectare. The AGB estimation is important for
assessing the carbon sequestration potential of forest ecosystems and for monitoring changes

in forest structure over time (Baul et al., 2021).

On the other hand, carbon stock estimation is the measure of carbon stored in a forest
which is typically measured in metric tons per hectare. Carbon stock estimation is important in
assessing contribution of forest to carbon sequestration and storage also monitoring changes in
carbon stocks (Ikhsan et al., 2021; Khan et al., 2020). Carbon dioxide (CO2) equivalent refers
to the amount of CO- that would have the same global warming potential as a given amount of
another greenhouse gas. The forest carbon dioxide sequestration was determined by
multiplying the weight of the carbon dioxide with carbon weight. Carbon weight value is
equivalent to 12 atomic mass units while carbon dioxide is 44 which includes two oxygen
atoms of 16 units each. This means one ton of carbon is equivalent to 3.67 tons of carbon
dioxide and multiplied by the calculated amount of carbon stock to get the value of carbon

dioxide sequestration equivalent.

Table 4.1. Summary of measurement parameters.

Measurements Formula References
1. Stands
) Total number of trees / Plot area (Ikhsan et al., 2021)
Density
2. Basal Area )
() 3.142 x (DBH/2)? (Bettinger et al., 2017)
m
3. Volume V =0.25x3.14 x DBH?x H x 0.6 (Ikhsan et al., 2021)
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1. Mangrove = 10.800 x H (m) + 34.994 1. (Wong et al., 2020)

4. Above _ )
_ 2. Acacia Mangium = 0.1173 x DBH?%* 2. (Adam & Jusoh, 2018)
Ground Biomass
(AGE) K 3. Secondary Forest = 0.0829 x DBH?* 3. (Kenzo et al., 2009)
J 4. Oil palm =37.47 x H + 3.6334z 4. (Nunes et al., 2017)
5. Carbon Stock  47% of AGB (Shrestha, 2011)
6. CO2
) (44/12) x carbon stock (ton/ha) (Ikhsan et al., 2021)
equivalent
4.3. Results

4.3.1. Vegetation composition

There are four groups of vegetation species or types recorded in the sites: Acacia mangium,
Mangrove forest, Oil palm and Secondary forest. A total of 73 inventory sample plots were
established with total of 2,333 individual trees recorded. All sites were dominated by a large
number of Acacia mangium except for Mangkapon only recorded Secondary forest. In the field,
Maringan was noted to have the highest number of mangrove trees with dense spacing. It was
observed that Acacia mangium recorded mortality with a higher rate of 45% in Maringan plots
compared to Telaga (25%) and Bawing (5%). The recorded dead trees are still standing but
without leaves. Field observations found that the trees are infected by Ceratocystis wilt disease
which is a common infection and widespread in certain population of wild Acacia similar in
the ITP as reported by Maid & Ratnam, (2014). However, large of the wild Acacia mangium
population outside ITP exhibits some level of resistance as noted in a recent study by Wingfield
et al., (2023). Details of the vegetation composition from inventory sampling are summarised
in Table 4.2.

Table 4.2. Inventory data summary of the sites.

Location & No. of No.dead Min-Max Mean Min-Max Mean
Species/Type trees trees DBH (cm) DBH (cm) Height (m) Height (m)
1. Bawing (no of plots = 14)
Acacia 261  13(5%) 7.10-46.50 15.64  7.70-31.40 15.84
mangium
Mangrove 234 - 7.20-35.50 15.77  6.60-19.90 12.90
Secondary 31 1 7.00-41.20 1228  8.40-25.80 12.46
Forest
Total 526 14 (2%) - - - -
2. Maringan (no of plots = 24)
Acacia

; 95 43(45%) 7.40-23.80 15.14  4.00-22.80 12.38
mangium
Mangrove 837 1 7.00-26.80 1454  5.00-15.70 11.28
Oil palm 8 0 - - 1.20-6.00 4.40
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Secondary

Forest 165 2 7.00-40.00 12.87  4.80-19.60 9.90
Total 1,105 46 (4%) - - - -
3. Telaga (no of plots = 17)

Acacia 118 30 (25%) 7.00-42.00 13.18  1.00-31.00 8.92
mangium

Oil palm 25 8.60-8.60 8.60  4.00-14.00 477
Secondary

[EN— 65 - 7.00-29.50 1426  4.00-21.70 10.24
Total 208 30 (14%) - - - -
4. Mangkapon (no of plots = 18)

Secondary

[EN— 494 - 7.00-53.00 15.11 4.00-38.20 12.38
Total 494 - - - - -

The DBH distributions as summarised in Figure 4.2 show that Bawing site recorded the

greatest number of small diameter (7-15cm) Acacia mangium trees and Mangkapon which is

predominantly Secondary forest recorded the most number of small trees of the same diameter

group. The sampling plots selected for Mengkapon are located at the roadside near an old log

yard. A similar scenario also can be observed in corresponding height distributions (5-15m) for

the two sites and vegetation group as illustrated in figure 4.2. Additionally, mangroves in

Maringan recorded the greatest number of diameters between 10-15cm with a height group of

5-15m which accounted for more than 300 trees.
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Figure 4.2. Diameter at Breast Height (DBH) distributions for all sites: Bawing, Maringan,

Telaga and Mangkapon with breakdown by species group.

Site Bawing recorded small numbers of the Secondary forest group (31 trees) with
diameter between 7-15cm and height between 5-15m. Significant number of mangroves (234)
also recorded in Bawing with diameter between 7-20cm and height between 5-15m group.
Meanwhile site Telaga is predominantly Acacia mangium with 118 trees recorded and diameter
between 7-15cm and height around group of 5-18m tall. The Telaga sampling site is located
near the previous log-yard and Chip mill of Acacia mangium logs sites.
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Figure 4.3. Height distributions for all sites: Bawing, Maringan, Telaga and Mangkapon with

breakdown by species group.

Overall summary of DBH by species shows the distributions of diameter at lower sizes
between 7-25cm groups as illustrated in figure 4.4. with mean height around 12-15m except
for the Oil palm (table 4.2) where only some were recorded. According to field observations
and information gathered from villagers, the oil palm area is approximately 3 years old. Acacia
mangium in Bawing recorded the tallest max height at 46.50m followed by Secondary forest
tallest at 41.20m. It was observed in Bawing that the mean height of Acacia mangium, (15.84m),

Mangrove (12.90m) and Secondary forest (12.46m) are the highest compare to other sites. This
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suggests that growth stages varying regeneration phases among wild Acacia mangium even
though are widespread all over Bengkoka peninsula. In relation to Secondary forest height, the
tall max height shows that some native species are thriving even due to past shifting and rapid
LULC changes in the study area. This was shown by overall DBH (Fig. 4.4) and height (Fig.

4.5), shows Secondary forest between DBH 10-20cm and height between 7-15m that
Secondary forest are in growing. stages
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Figure 4.4. Diameter at Breast Height (DBH) distributions by species group.

The figure 6.4 above illustrates the overall tree DBH classes by species groups of Acacia
mangium, Mangrove and Secondary forest. Meanwhile figure 4.5 below illustrates the

summary of heights classes of Acacia mangium, Mangrove, Oil palm and Secondary forest.
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Figure 4.5. Height distributions by species group.

4.3.2. Average Stands, Density, Volume, AGB, Carbon and CO: equivalent.

In this study, the average density of Acacia mangium is 679 trees per hectares. Normally stem
density decreased as the stand age increased (Nazeri et al., 2021). A recent study by
(Nirsatmanto et al., 2023) of hybrid Acacia in plantations in Indonesia reported stand density
range from 1,600 to 2,500 stems/ha of young Acacia. The basal area recorded was 204m?/ha
and volume are 1,948m3%ha. While the AGB recorded was 79.80 t/ha where by in the case of
Acacia mangium stem biomass is accounted for 80-85% of the total biomass while branches
12-16% and leaves 3-8% (Jusoh et al., 2017). The average carbon recorded in the study area is
37.50 tC/ha with COzeq of 137.62 t/ha. The stand density recorded more in mangrove with
2,266 stems/ha with basal area of 187m?%ha and volume of 1,400 m3/ha. The AGB for
mangrove was 145.34 tC/ha. Previous study (Wong et al., 2020) done on mangrove in Kota
Marudu in Sabah recorded average of 196.88 tC/ha. Additionally, the recorded average CO-eq
of mangrove in the study area is 532.90 t/ha. Oil palm in the study area are approximately 3
years old with stand density of 112/ha with basal area of 58m?/ha, volume only 163m3/ha,
AGB of 8.5 t/ha, carbon 8.68 tC/ha and COzeq of 31.84 t/ha. For reference, the average planting
density of industrial scale Oil palm plantations is at 142+ Oil palm trees per hectares
(Greenshields et al., 2023). On the other hand, for Secondary forest the stand density is 780/ha,
basal of 193 m?/ha., volume of 1,753 m3/ha, AGB 56.92 t/ha, carbon 26.75 tC/ha and COzeq
of 98.09 t/ha. The results of average stands density, basal area, volume, AGB and COeq are

summarised in the table 4.3 below.

42



Table 4.3. Summary of average stands density, basal area, volume, AGB and CO: equivalent.

Avg. Basal Avg Avg.
Species Avg. Stand Areé Volljme Avg. AGB Carbon Avg.
P Density/ha  “ ) : t/ha Stock CO.eq t/ha

m4/ha m°/ha

tC/ha

Acacia
mangium 679 204.81 1,948.80 79.80 37.50 137.62
Mangrove 2,266 187.07 1,400.37 309.23 145.34 533.39
Oil palm 112 58.10 163.73 18.47 8.68 31.85
Secondary
forest 780 193.49 1,753.66 56.92 26.75 98.17

4.3.3. Total AGB, Carbon & CO2

The total AGB, carbon and COzeq also analysed by the vegetation categories also by the sites
as illustrated in the figure 4.6. The measure of AGB is primary while carbon usually 47% of
AGB and COzeq about less than double of AGB. Among all the four sites, can be observed that
mangrove stores the most amount of AGB and carbon followed by secondary forest in
Mangkapon and Acacia mangium in Bawing. In contrast, Telaga site recorded low AGB for
Acacia mangium, Oil palm and Secondary forest. Bawing site recorded highest total AGB of
35 tons of Acacia mangium while Maringan and Telaga both sites recorded 10 tons.
Mangkapon site dominated by Secondary forest which recorded highest AGB of 40 tons while
other sites recorded low AGB for the same species category. Oil palm in Telaga recorded higher
AGB of 4.5 tons compared to in Maringan only at 0.8 tons.
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Figure 4.6. Total AGB, Carbon & CO2 for all sites by vegetation species/group.

4.3.4. AGB, Carbon & COz per-hectares.

In terms of AGB, carbon and CO2eq by hectarage, result shows that still mangrove in Maringan
site is highest at 583 t/ha also followed by Secondary forest in Mangkapon at 178 t/ha and
Acacia mangium in Bawing site at 155 t/ha. Oil palm in Telaga site recorded high AGB/ha of
20 t/ha compare to in Maringan site only 3.7 t/ha. The AGB, carbon and CO2eq by hectarage

values are illustrated in figure 4.7.
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Figure 4.7. AGB, Carbon & CO- for all sites by vegetation species/group per-hectares.

4.4. Discussion

The main limitation to this study was, unable to identify specific species of Mangrove and
vegetation in the Secondary forest due to shortage of time and resources. This short coming is
recommended to be addressed in the future study also suggest for more sampling sites with
more data be collected for future study. The observed average density of Acacia mangium
stands (679/ha) implies a probable stand age of 7-11 years, this in line with the findings of
Traoré et al., (2018) reported stand counts of 715-553 for 7-11 years old respectively for Acacia
mangium. Similarly, Tan et al., (2020) reported 890/ha and 1,016/ha 6 years old planted and
naturally regenerated Acacia mangium in Bengkoka Forest Reserve. Meanwhile, for mature
Oil palm plantations the carbon stocks are between 20 and 50 tC/ha the growth rate is high in
early years and decreases towards the end of economic lifespan (Kho & Jepsen, 2015). For the
tropical forest the carbon ranging from 4 to 384 tC/ha & Oil palm 2 to 60 tC/ha. The thriving
Secondary forest in the study area potentially be manage under as High Conservation Value
(HCV). Recent study by William et al., (2023) in forest concession in Kota Marudu which is
not far from the study area shows that Secondary forest within ITP contributes to a diverse
mammal assemblage. Secondary forests hold the potential for restoration and to be managed
sustainably. However, even though the total stem density is similar, the structure of the forest
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differs notably in areas that have been selectively logged. This difference is characterized by a
lack of large trees and an excess of saplings. Such alterations in the forest structure could
potentially affect the functioning of the ecosystem. Specifically, the above-ground biomass and
carbon reserves in areas that have undergone selective logging were found to be only 60% of

those in primary forests, even after a recovery period of 22 years (Hector et al., 2011).

4.5. Conclusion

The study presented assessment of AGB, carbon and CO; for the Acacia mangium, mangrove,
secondary forest and Oil palm in the study area based on ground forest sample inventory data.
The results shows that all land cover species recorded slightly lower stands, density, volume,
AGB, Carbon and CO; as compared to previous and related studies. Furthermore, the land
cover outside managed forest and plantations in the study area shown potential of accumulating
more AGB thus absorbing more CO2 in the future. Mangrove and Secondary forest of the study
area should be sustainably managed considering the role in biodiversity and ecosystem services.
This study findings will contribute to meeting several United Nations Sustainable Development
Goals (UNSDGS), including Goal 13 “Take urgent action to combat climate change and its
impacts” and Goal 15 “Protect, restore and promote sustainable use of terrestrial ecosystems,
sustainably manage forests, combat desertification, and halt and reverse land degradation and
halt biodiversity loss”. Also, UNSDG goal 13 climate action “take urgent action to combat
climate change and its impacts ”. In conclusion, the forests outside the plantations in the study

area is potentially be managed and be conserved based on the findings presented in this study.
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5. Mapping of temporally dynamic tropical forest and plantations canopy
height in Borneo utilizing TanDEM-X INSAR and multi-sensor remote

sensing data

5.1. Introduction

Canopy height estimation using SAR remote sensing provide essential information on the
biophysical parameters such as vertical extent, canopy structure, growth also expansion of
forests and plantations. Canopy height data can also be utilized to estimate plantations
production and to simulate the aboveground biomass (AGB) associated with forest ecosystems
(Pourshamsi et al., 2021). The ability to distinguish between successional phases, identify
forest logging activity, and assess plant growth, mortality, and deforestation may all be
conducted using canopy height information (Avtar et al., 2012; Bispo et al., 2019; Kugler et
al., 2015). As the forest canopy grows both horizontally and vertically, the biomass in forests
and plantations increases. The growth and productivity of the forest as a carbon sink is an
indication of important ecological processes may be seen as a temporal increase in the canopy
height (Zhang et al., 2016). In contrast, the absence/loss of any forest canopy indicates that the
forest had been disturbed by factors such as logging operations, wind damage, or forest fire. A
decrease in the height of the forest canopy implies a decrease in the overall complexity of the
aboveground structure. This leads to a decline in the diversity of trees that make up the
fundamental framework of tropical forests. Additionally, the simplification of the habitat
occurs due to the presence of monocrop plantations, which results in a significant loss or
decrease in the variety of plant and animal species (Turner et al., 2011). Undiscovered
disturbance occurrences in tropical forests can result in permanent destruction or degradation,
while unmapped plantations cause information gaps that may result in not being well managed
and lead to low productivity. For tropical forests and plantations to be managed sustainably,
such derived canopy height is essential. Using a multi-sensor remote sensing technique, it is
possible to reliably evaluate the state of tropical forests and plantations, changes in their

dynamics and how they have evolved over time (Trier et al., 2018).

Canopy height measurements using a traditional field inventory and a terrestrial laser
scanner (TLS) produce highly accurate data. However, the method is time-consuming and only
covers small areas (Disney, 2019; Zang & Wang, 2023). In tropical forest, it is often difficult

or even impossible to accurately measure the tree height from the ground due to the complex
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and dense multi canopy tree structure (Larjavaara & Muller-landau, 2013). High-quality data
can also be produced via mapping using airborne light detection and ranging (LiDAR) or
airborne laser scanner (ALS) and with optical photogrammetry from aircraft and unmanned
aerial vehicle (UAV) systems. While aircraft can cover vast areas, their use is often
prohibitively expensive, whereas UAVs are more affordable but only cover limited areas.
These constraints restrict the quantity of data that can be gathered over extended time periods
and at higher costs. Data provided through Interferometric Synthetic Aperture Radar InSAR
and multi-sensor remote sensing techniques are important for studying the structural properties
due to the ability of SARs to penetrate cloud, covers in day/night operations; this feature is
especially important in tropical regions with persistent cloud cover such as Borneo (Hoekman
et al., 2010). The TerraSAR-X add-on for Digital Elevation Measurement (TanDEM-X,
hereafter refer as TDX) satellite, a short wavelength (3 cm) X-band SAR, is part of a satellite
pair that offers multi-temporal observations with global coverage. TDX data have
comparatively high spatial resolution and do not suffer from temporal decorrelation. The X-
band has low canopy penetration capability, which is suitable for canopy height modelling,
however, this band may be affected by canopy density, seasonal variation in canopy leaf cover,
and rain conditions (Bispo et al., 2019). Hoekman et al., (2010), Larjavaara & Muller-landau,
(2013) and Cloude et al., (2013) demonstrated that single-pass TDX coherence data
(correlation between pairs) show good sensitivity to forest height and structure. INSAR
coherence data values range between 0 to 1, with lower values indicating the presence of tall
vegetation like forests, while higher coherence values suggest a lower height in vegetation

coverage (Potapov et al., 2021).

Because of these characteristics, recent studies (Chen et al., 2021; Gomez et al., 2021;
Schlund & Boehm, 2021; Schlund et al., 2023; Zhang et al., 2022) have shown that TDX and
other SAR data provide a valuable resource for sustainable tropical forest and plantation
management and can contribute to various sustainable development goals (SDGs) and
Reducing Emissions from Deforestation and forest Degradation+ (REDD+) initiatives.
Workflows for deriving height metrics from SAR data generally rely on establishing an
empirical relationship between INSAR coherence data and measured reference heights such as
those from LiDAR or field measurements (Raveendrakumar et al., 2022). In addition, there is
a geometric relationship between the SAR signal and forest height that can be estimated using

INSAR techniques (Raveendrakumar et al., 2022).
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The accuracy of canopy height estimated from INSAR coherence can vary depending on
various factors, including the Land Use Land Cover (LULC) class (De Lucaet al., 2022). Many
recent studies have integrated INSAR coherence data and optical biophysical variables to
classify forest cover and discriminate it from the surrounding land cover (Norovsuren et al.,
2023). In this study, we considered the forests and plantations LULC types in relation to the
canopy height estimations and mapping. In the study area, the LULC comprises a distinctive
combination of mangrove forest, mixed forest, nipah palm mangrove, secondary forest, Acacia
mangium, rubber and oil palm plantation. Uniqueness of this study is its focus on a wide range
of tropical forest types and plantation land uses landscape, presenting a new case study for the
region of interest. This contrast with previous studies which typically addressed only limited
number of specific types of forest or land uses. Table 5.1. summarised the previous studies

related to the canopy height of various LULC in the study area.

Table 5.1. Reported known canopy height and characteristics of LULC classes related to the

study area.
LULC Classes Recorded Canopy Height Range (m) References
Mangrove forest 2-11.30 m (Sabah) (Mojiol et al., 2019)
) ) (Mohd-Lokman et al.,
Nipah mangrove  8.6-11.6 m (Klias Pen. & Sepangar Bay, Sabah) 2012)
Rubber o
) 25-30 m (Hevea Brasiliensis) (Ong et al., 2021)
plantations
10-20 m (Macaranga at Tenompok FR, Crocker
Secondary forest (Nagano et al., 2019)
Range, Sabah)
Oil palm 15 m (25 years old, Malay Peninsula) (Tan et al., 2014)
Shrubs 3 m (Uni. Malaysia Sabah main Campus) (Majuakim et al., 2018)
) ) 21.8-33.7 m (FRC, Sepilok, Sabah)
Acacia mangium ) ] (Abe et al., 2005)
) ) 30.2-32.4 m (A. Hybrid & A. Super bulk, Bintulu,
in plantations (Jusoh et al., 2017)
Sarawak)

The study aims to assess the potential of canopy height estimation models based on TDX
and evaluate the effectiveness of multi-sensor remote sensing for canopy height estimation and

mapping in complex dynamic LULC landscape. Meanwhile the study objectives are:

1. Firstly, to estimate and mapping canopy heights of the forests and plantations of the study

area using TDX InSAR supported by multi-sensor remote sensing dataset.
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2. Secondly to compare the different models of canopy height estimations namely the SAR
Interferometric Normalized Coherence (SINC) forest inversion model also two Machine
Learning Model of Random Forest (RF) and Symbolic Regression (SR).

3. Thirdly assess the height estimations in relation to forest and plantations LULC also

distributions of canopy height patterns and height variations.

The resulting high-resolution canopy height maps will be cross-checked and validated
with other data products such as the latest space-borne LIiDAR Global Ecosystem Dynamics
Investigation (GEDI) data (National Aeronautics and Space Administration (NASA), USA and
Global Aerial Observatory: Top of Canopy Height (GAO TCH) (Asner et al., 2021) and forest
inventory data. , this study will provide valuable information for sustainable management of
dynamic tropical forests and plantations in the study area also will serve as reference for similar
studies in Borneo and other tropical regions. The study also important to address the knowledge
gap on canopy height information of the study area, improving precision and temporal
resolution of canopy height mapping in dynamic tropical forest and plantations landscape
particularly Borneo region. The study also will serve as reference for similar studies in Borneo

and other tropical regions.

5.2. Materials and methods

5.2.1. Study area
The study area located in the northern part of Sabah in Borneo. Details about the study area is

summarised in chapter 2.1. Area of Interest (AOI) for this chapter as described in the map.
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Figure 5.1. (a) Map showing extent of the TanDEM-X acquisitions with the Sentinel-2 2019
in true colour combination as background over the study area and (b) map overview of the

study area location in Northern Sabah, Malaysian Borneo.

5.2.2. Dataset: Main InSAR, Land Use Land Cover (LULC) and supporting/references
Dataset.
Three categories of dataset were considered in this study: the TanDEM-X Interferometric
Radar dataset as the primary data source, multispectral optical satellite dataset for the LULC
mapping, and supporting data such field inventory data and current forest height products such
as references. Secondary datasets included optical imagery from ALOS AVNIR-2* from 2010
to pair with the 2011 TanDEM-X data. Notably, we chose this dataset as the only alternative
multispectral dataset available for the study area, as Landsat 7 ETM+ had SLC sensor error
that caused missing data strips. For 2017, we used Sentinel-2 optical imagery to produce a
LULC map and later post edited using the PlanetScope imageries to edit the remaining cloud
and shadow covered areas. The 2019 LULC map was also produced using Sentinel- 2 dataset.
Supporting and reference data included terrain elevation data from SRTM v3, forest field
inventory data, Global Aerial Observatory (GAO) Tree Canopy Height (TCH) data from 2016,

! Advanced Land Observing Satellite (ALOS) Advanced Visible and Near Infrared Radiometer-2
(AVNIR2)
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and Ice Cloud and Land Elevation Satellite-2 (ICESat-2) LIDAR, CHM sample points from
Interferometric Synthetic Aperture Radar (IfSAR) and GEDI LiDAR-derived Forest canopy

height datasets. The datasets used in this study are summarized in Table 5.2.

Table 5.2. Summary of the datasets used in this study.

Sensors 2008 2010 2011 2012 2016 2017 2018 2019 2023

Main Dataset

TanDEM-X ] B B

LULC Secondary Dataset

ALOS AVNIR 2

PlanetScope
Sentinel-2

Supporting & Reference Dataset

SRTM v3

ICESat-2
Field Inventory _
ISARCHM

TCH (GAO) ]
GEDI LiDAR e

Three TanDEM-X (TerraSAR add-on for Digital Elevation Measurement X-band)
single-polarized (horizontal polarization transmit and receive: HH) interferometric radar
datasets, acquired on December 2", 2011, June 17", 2017, and October 29", 2019, were used
in this study (TanDEM-X acquisitions shown in Fig. 5.1). The TanDEM-X is a bistatic SAR

mission launched in 2010 by the German Aerospace Center (DLR) its observations are not

affected by temporal decorrelation and atmospheric disturbance (e.g. from movements induced
by wind) (Zink, 2015) thus allowing for forest height estimation from pure volume
decorrelation by interferometric coherence analysis (Astor et al., 2012; Olesk et al., 2015).
The TanDEM X-band of 3 cm wavelength can penetrate through the forest to ground level or
can contain no ground contribution as being reflected from the tree crowns depending on
canopies structures. Scattering from the top layers of the canopy makes it possible to generate
height estimates using the scattering phase center location. However, with single polarized
images, the inversion models must be corrected, and a DEM included for terrain elevation
(Zhiyong et al., 2022). The main data acquisition details are summarized in Table 5.3 which
were extracted from the original metadata file, consist of; date, orbit, incidence angle,

perpendicular baseline, height of ambiguity (HoA) and K values.
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Table 5.3. TanDEM-X acquisition parameters.

Acquisition Orbit Incidence Perp. Baseline Height of K Values
Date Angle (°) () Ambiguity (m)

02 Dec. 2011  Ascending 38.71 163.58 75.98 0.103785
17 Jun. 2017  Ascending 38.40 338.92 36.40 0.2149505
29 Oct. 2019  Descending 41.32 303.21 44.32 0.185293

5.2.3. Estimation and mapping of canopy height using TanDEM-X (TDX) InSAR data
TDX co-registered pairs were downloaded from the DLR website in single look Co-registered
Single look Slant range Complex (CoSSC) SAR format, and all were acquired in ‘bistatic/strip
map’ mode. The simultaneous data acquisition by TDX satellites are free from temporal
decorrelation issues (Duque et al., 2012; Fritz et al., 2012; Schlund & Boehm, 2021).
According to (Bispo et al., 2019), the interferometric coherence is observable that links SAR
data with physical structure of a forest. We used three methods to estimate the canopy height
using TDX coherence data: (i). SINC model as reported by Wen et al., (2020), (ii) Random
Forest (RF) and (iii) Symbolic Regression (SR) as reported by Ghosh et al., (2020).

5.2.3.1. SINC Model

The SINC model or inverse sine function of the INSAR coherence is a physical model for forest
height inversion (Chen et al., 2016; Gomez et al., 2021). SINC model is a simplified form of
the random volume over ground (of the RVoG) model (Wen et al., 2020). Canopy height can
be estimated from single polarization (HH) TDX interferometry coherence data (Choi et al.,
2020; Cloude et al., 2013) using the SINC model compared to the R\VoG model which requires
full polarimetric SAR data for the inversion (Gomez et al., 2021). Figure 2 shows the flow
chart of the model used. TDX coherence is the normalized complex correlation coefficient
measure between master and slave acquisition (Martone et al., 2012; Olesk et al., 2016). It is

a measure of similarity between two SAR images (Soja et al., 2015).
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Figure 5.2. Workflow of canopy height estimation from TDX data using the SINC Model.

SINC: inverse sine function of the INSAR coherence.

First, we extracted the height of ambiguity (HoA) of the TDX pairs and satellite incidence
angle from original metadata. We also calculated the local incidence angle image using the
SRTM slope map and then converted from degrees to radian. The coherence was computed
from TDX pairs (Master TDX and Slave TSX) in SNAP software. Flat-earth phase subtraction
was conducted using SRTM DEM which, automatically downloaded by the software. The
coherence calculations are given by:

(S1S2%)

= 1
VAIS1I2)1S2 1) @

where y is the complex interferometric coherence, S; is the master image, andS, is the slave

image Gomez et al., (2021). Second, the Signal to noise ratio (SNR) from the backscatter o

was determined as follows:

1 1
YsNrR = 1= 2
L+H(SNR)Y™ (1+SNR71)(1+SNR3 1)
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The noise level value of the SLC of master SNVR1 and slave images SVRz were obtained from

TDX metadata Wen et al., (2020). TSR was used to correct the coherence for volume retrieval

as follows:

v
= 3
y‘U YSNR ®)

We generated the local wavenumber kz file accounting for the local angle of incidence on slope
terrain Chen et al., (2016):

4T B 1 K 2m sin@
k, =—= = > K= 2, ()

A Rsin0Oi sin @ hoa

The constant K can be derived from the nominal angle of incidence % at the scene center and
corresponding to the HoA of TDX data. Finally, we calculated the SINC function model as
described by Chen et al., (2016) and Wen et al., (2020).

ho = 2 (1= Zsin~ (1 1°%) ©

where h,, represents the forest height and y,, is the forest volume decorrelation (Wen et al.,
2020). Post-processing editing of masking LULC areas other than forest and plantations was
carried out to produce the final canopy height maps. Then the estimated canopy height maps
were assessed using the height reference dataset corresponding to the respective years of 2011
field inventory, 2017 GAO TCH map, and the 2019 NASA GEDI data canopy height. The
workflow processes of the SINC model are illustrated as in figure 5.2.

5.2.3.2. Machine Learning algorithm (ML) Models
We considered two supervised learning approaches to estimate forest height models, namely
SR and RF regression. For both models, the reference canopy height data used for training were
LiDAR derived canopy height estimates from ICESat-2 ATLO08 data product. The same set of
input (predictor) variables was considered: TDX coherence, the DEM and slope data from
SRTM, and two vegetation indices; leaf area index (LAI) and fraction of vegetation cover
(FVC) (refer Table 5.6). The attributes of these variables are discussed below.

To predict height maps for both 2017 and 2019, we simultaneously considered ICESat-2
data captured for both years. The 2018 ATLO08 data were overlayed with the predictor variables
from 2017, and 2019 ATL08 data with predictor variables from 2019. To train the models, data
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from 2017 and 2019 were combined, resulting in 4,552 observations; 70% of the data were
used to train the height models, while the remaining 30% were used for validation of trained

models.

a. Random Forest regressor (RF)
The RF model was applied using the randomForest (Liaw & Wiener, 2002) R package, with
default parameter options, namely, “500 trees in the forest”. The model applied one variable
per split. The trained model was saved in R data format file (.rds. Electronic file), for later use
in height predictions. To evaluate the model' s accuracy, the out of bag (OOB) error was
calculated during model training, and the model was further evaluated by calculating RMSE

for predictions in the test data set (30% of the total 4,552 observations).

b. Symbolic Regression (SR)
The SR is a supervised learning approach that aims to generate a simple mathematical formula
that approximates the relationship between input variables and a response variable. SR
algorithms often rely on iteratively combining and modifying different functions to form a
model, by evaluating the generated model against observed data, and then retaining the good
model components for the next iteration. ‘Good model components’ refer to those with low
complexity that contribute to a better model fit for the observed data. This relies on methods
from genetic programming (Koza, 1994). An advantage of SR is that an interpretable model is
produced in the form of a mathematical formula that describes the relationship between

predictor and response variables.

In this study, we followed the methodology proposed by (Ghosh et al., 2020) for SR-
based forest height modelling. The SR python module PySR (Cranmer et al., 2020) was used
to implement the SR workflow. In PySR it is necessary to specify operators (mathematical
functions or operations) that the algorithm may consider when trying to find a suitable formula
to fit the data set. The allowed binary operators included multiplication, division, addition, and
subtraction. The allowed binary operators considered were natural exponential (e*), square,
cube, negative, and natural logarithm (In). Then the algorithm was applied to run for 200
iterations, in which the best equations in one iteration were retained in the following iteration,
and further mutated. The quality of newly generated equations was evaluated by a least-squares

loss function. Other hyperparameter options were used as default parameters.

Following algorithm completion, the formula with the lowest loss value was held as the

final equation for height. Then the accuracy of this equation was validated by comparing the
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predicted forest height against observed values in the validation data set (1,366 ICESat-2 height

estimates) using the root mean square error (RMSE) metric.

The final RF and SR models obtained during training were used to predict forest canopy
height for the entire study area. This was achieved with the R package terra’s functions ‘lapp()’,
and ‘predict()’ for spatial raster objects. As input, we used raster images of predictor variables
that were generated before. This resulted in height maps in the EPSG:4326 projection, with
spatial resolution of approximately 9.2 x 9.2 m per pixel. Height maps were produced for 2011,
2017, and 2019. Since the models were trained on combined observations from 2017 and 2019,
accuracy was not distinguishing the year. Figure 3 illustrates the workflow implementation of

the machine learning models of SR and RF.

TanDEM-X Reference SRTM
: i Pre-processed
Coherence y Images Height Slope Multispectral Dataset
(2011, 2017 & 2019) Dataset Data P

|
/ Vegetation Indices: FVC, /
LAI NDVI
Land Use |
& Land
Cover Map l

Machine Learning Canopy Height Estimations
(Symbolic Regression & Random Forest)

¥
Post-processing Editing
(Masking)

¥
/ Height /7 Canopy Height Maps
References Data (20]]. 2017 & 20]9)
¥
—'{ Accuracy Assessment ‘
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Figure 5.3. Workflow of canopy height estimation from TDX data using Machine Learning

method. FVC: fraction of vegetation cover; LAI: leaf area index; NDVI: normalized difference

vegetation index.

5.2.4. LULC Mapping and secondary dataset processing

The LULC data were mapped to facilitate the stratification of the estimated height according
to LULC classes and precision of canopy height estimation for validation purposes. Optical
multispectral satellite imagery was selected corresponding to the TDX data acquisition years.

However, in the case of year 2011, we could not find suitable imagery due to the severe cloud
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and shadow cover and SLC error in Landsat 7 satellite. Therefore, AVNIR-2 10 m images
matching with Sentinel-2 imagery were used to generate LULC maps. Notably, there were no
suitable AVNIR-2 acquisitions available over the study area for the year 2011 due to long
repeat cycle of 46 days (Rosengvist et al., 2004) and due to an end of service in early that year
(Operational from May 2006 to May 2011) and other available ANVIR-2 imagery being
heavily covered by clouds and shadows. Therefore, we used two scenes of the ALOS AVNIR-

2 2010 imageries as summarised in table 3.4.

All multispectral imagery were pre-processed, intensive cloud and shadow masking, and
classification were conducted in the Google Earth Engine (GEE) environment. Meanwhile
post-classification editing was carried out using ENVI and QGIS software. Detailed workflow
of the LULC mapping is summarized in Figure Al. We applied the lowest 20% cloud cover
filter for the imagery search. Meanwhile for the 2017 LULC mapping, we used pan-sharpened
Sentinel-2 multispectral satellite imagery (MSI) combining three single-date scenes from July
5t with less than 20% cloud cover, as the primary layer and one scene from August. High
resolution Planet Labs mosaic images from August were used in post-classification editing.
Sentinel-2 MSI has been available since 2015, still operational and having 5-day revisit
frequency. To map the 2019 LULC, we also used Sentinel-2 MSI of surface reflectance
harmonized (SRH) (Claverie et al., 2018) imagery of three scenes from different dates (from
October and November) as the primary layer, in combination with three scenes from April and
three scenes from May with less than 20% cloud cover. All satellite imagery data were selected
considering the closest date corresponding to the 2017 and 2019 TDX data. Details and
specifications of the multispectral imagery used in the LULC mapping are summarized in table
5.4.

Table 5.4. Summary of Multispectral Satellite Imageries used to map the LULC.

Acquisition BT Repeat
Year Data Set Satellite/Sensor 9 Vegetation P
Dates : Cycle
Indices Used
Primary ALOS AVNIR-2 12 Jul. 2010
imageries (10m.resolution) (2 Scenes)
Secondary Blue, Green,

2010 imageries for Red, NiR & 46 days

ALOS AVNIR-2 27 Aug. 2010

el (10m.resolution) (2 Scenes) NDVI, NDWI
shadow
covered area
2017 Primary Sentinel-2 MSI 05 Jul. 2017 Blue, Green, 5 days
imageries (10m. Pan-Sharp) (3 Scenes) Red, Red Edge
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. 29 Aug. 2017 1, NiR, SWIR
Sentinel-2 MSI (1 Scenes) 1, NDVI &
Secondary (10m. Pan-Sharp) NDWI
::T;igdeg‘es for 27 Aug. 2017 Rapid,
(Mosaic only Blue, Green, multiple
shadow *Planet Labs .
covered area (3m) covers Red & NiR cube
' Bengkoka satellites
Peninsula)
Primar Sentinel-2 MSI 03 Oct. 2019
- er?/es SR Harmonized 12 Nov. 2019 Blue. Green
g (10m. Pan-Sharp) 17 Nov.2019 £ "l
aig SRy . 21 Apr.2019  1,NiR, SWIR 5 days
imageries for ~ Sentinel-2 MSI (3 Scenes) 1 NDVI &
cloud & SR Harmonized 16 Mav. 2019 N,DWI
shadow (20m. Pan-Sharp) 3 Scezés)

covered area
*Used only in the post-classification editing.

There were twelve LULC classes identified in the study area and used in the multispectral
satellite imagery classifications. We employed a ML method using a RF classifier in GEE for
the image classifications, since RF classifiers are robust to noises and outliers (Gislason et al.,
2006; Shetty, 2019). LULC classes were as follows: Infrastructures, Waterbody, Acacia forest,
Mangrove forest, Nipah, forest, Oil palm, Clearcut, Secondary forest, Aquaculture, Beach and

sand as well as areas covered with Cloud and Shadow.

Several vegetation indices used in the LULC classifications (NDVI & MNDWI), and in
the Machine Learning canopy height estimations (FVC & LAI) were also generated (Table 5.5).
These vegetation indices are important spectral features in LULC mappings; additionally, these
indices establish a link between the ICESat-2 and the TDX coherence data in the later canopy

height estimations using the two ML models (Jiang et al., 2021).

Table 5.5. Vegetation indices used in this study.

Formula References

Vegetation Index

Normalized difference
vegetation index
(NDVI)

Normalized difference
water index (NDWI)
Fractional Vegetation
Cover (FVC)

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

(Green — NIR) / (Green + NIR) (McFeeters, 1996)

(NDVI — NDVlmin) / (NDV Ina -
NDVIin)
(2.5* (NIR - RED) / (NIR + 6 *
RED - 7.5 * BLUE + 1)))

(Dinget et al., 2016)

Leaf Area Index (LAI) (Xue & Su, 2017)
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(3.618*EVI - 0.118))

*EVI: Enhanced Vegetation Index

5.2.5. Supporting and references dataset processing

5.2.5.1. SRTM DEM

NASA SRTM V3 data (1 arc second: 30 m resolution) were applied as a terrain reference to
calculate the local angle of incidence and kz parameter required for the height estimation using
the SINC model in GEE. Meanwhile, the same SRTM DEM V3 was used to generate TDX
coherence downloaded automatically during the coherence estimation in SNAP software.
SRTM was applied to generate the terrain slope map used in the SINC model estimation. Also,
the terrain slope map and SRTM V3 were used in the ML canopy height estimations in the

models.

5.2.5.2. ICESat-2 ATLAS dataset
Vegetation canopy height data derived from NASA’s ICESat-2 mission were downloaded
which available from Open Altimetry (Khalsa et al., 2022) website for the study area; the data
were captured over multiple months in 2018 and 2019 (Fig. A2, A3 & Table A2). ICESat-
2/ATLAS is a space-borne photon-counting LIiDAR launched in 2018 (Liu et al., 2021;
Markus et al., 2017). The mission was primarily designed for ice surface observations;
however, the data can also be used to measure terrain and vegetation canopy metric. The
mission supplies a level-3A data product for land and vegetation elevation called ATL08
(Neuenschwander & Magruder, 2019; Neuenschwander & Pitts, 2019). The ATLO08 product
reports terrain and canopy height metrics for 100 m. sections along the satellite track, with a
ground sampling resolution of approximately 17m. The vegetation canopy height metric we
considered was ‘h_canopy’, which evaluates height at the 98" percentile of canopy height
estimates in the 100 m track segment. This variable is a suitable indicator of canopy height for
the segment, as it is less susceptible to high values caused by data noise (Guerra-Hernandez
etal., 2022). The ATLO8 dataset reports height uncertainty in the variable “h_canopy u”. We
filtered out track segments that had height uncertainty above 7 m (~4% of observations). The
ATLO8 observations for track segments are georeferenced with point geometries, however,
the data represent information for a spatial footprint of approximately 100 x 17 m along the
track. We made 100 x 17 m buffers around the points, which were used to sample predictor

variables by aggregating (averaging) the raster values in the buffers.
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5.2.5.3. Forest inventory dataset
Inventory data previously supplied by forest management company were collected throughout
the year 2011 and 2012 use to validate the 2011 canopy height estimation results of Acacia
Mangium LULC. This dataset only covers the Acacia Mangium plantation areas from 367
permanent sample plots and a total of 1,940 records of individual trees. The plots are sampling
units designed in circles of 11.28m radius covering 400m?area. The recorded maximum height
at 28.70 m (2011) and 27.14 m (2012) (Fig. A4, Table A4 & A5). The raw field inventory data
tabular data were processed by grouping individual trees record according to plot number then
mean height of each plot were calculated. The inventory plot’s locations were mapped in GIS
using coordinates from the tabular records. We also collected forest inventory data in early
year 2023 using 15 x 15meters random sampling pots of Mangrove, wild Acacia Mangium
and Secondary forest areas. A total of 62 plots were recorded with 20 plots for Mangrove, 18

for Acacia Mangium and 54 of Secondary forest.

5.2.5.4. Global Airborne Observatory (GAO) Top of Canopy Height (TCH) data
The GAO formerly known as Carnegie Airborne Observatory (CAO), is an advanced remote
sensing mapping aircraft developed by asnerlab.org. of Arizona State University. The Global
Airborne Observatory (GAO) Top of Canopy Height (TCH) data used in this study isa 30 m
resolution interpolation map based on LiDAR collected all over Sabah in 2016 (Asner et al.,
2018). The canopy mean height recorded in GAO data is at 7.7 m while maximum height is
at 27.19 m. The TCH data used in this study was downloaded from the online repository
https://zenodo.org/record/4549461 in raster format (Asner et al., 2021) (Fig. A5 & Table A6).

5.2.5.5. NASA Global Ecosystem Dynamics Investigation (GEDI) L2A geolocated
elevation and height metrics product

The GEDI is a waveform space-borne LIiDAR mounted on the International Space Station
designed for global ecosystem and forest observation which started operation in April 2019
(Dubayah et al., 2020). GEDI data products are available via NASA Land Processes
Distributed Active Archive Center (LPDAAC) Ipdaac.usgs.gov and through GEE. GEDI
samples the footprints of 25 m resolution every 60 m along eight data tracks that are 600 m
apart each laser spot (Dubayah et al., 2020). For this study we used the GEDI level 2A of rh98
top canopy height mean height collected on month of June, July, August, and September 2019.
These data were accessed in GEE and were downloaded in raster format, each monthly data
collection was processed into vector format in QGIS then combined into one layer (Fig. A6 &
Table A7).
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5.2.6. Validation of the estimated canopy heights and LULC classifications

We validated the 2011 results using inventory data, 2017 results using the GAO TCH and 2019
results using GEDI. The ML RF and SR models were trained using 70% of the 2018 and 2019
ICESat-2 data and the remaining 30% used for model validation. The accuracies were assessed
using the coefficient of determination (R?) of a linear model fit between the predicted and
reference height values, and RMSE between predicted and reference height (in meters).
Meanwhile, the LULC maps were validated using randomly generated ground samples
collected from high resolution google earth imagery and planet labs imagery. Overall accuracy

and kappa coefficient k of the LULC maps are also calculated.

5.3. Results

The outcome of this study focusses on the mapping of temporal dynamic tropical forest and
plantations canopy height in Borneo utilizing TDX InSAR and supported by multi-sensor
remote sensing data. In this study three forest height models were generated, using alternative
height modelling approaches. These were (1) the SINC model, that established an empirical
relationship between canopy height and SAR coherence, (2) a Random Forest regression model
that considered SAR coherence, terrain and land cover variables as predictors and satellite
Lidar based height estimates for training data, and (3) a height model derived using symbolic
regression. The SR derived model can be expressed in the form of a simple equation describing
the relationship between canopy height and predictor variables. The three models were used to
generate canopy height maps for three separate years (2011 Fig. 5.4, 2017 Fig. 5.5, & 2019 Fig.
5.6). The produced maps were then compared against existing reference datasets for validation
using randomly generated sampling points (n=999 for 2011, n=1,000 for 2017 & 2019). We
summarized the statistics of the canopy height maps (2011 Table 5.7, 2017 Table 5.8, & 2019
Table 5.9) at 2% lower bound, median, and upper 98% upper percentile to remove outliers. The
canopy height maps were also evaluated by comparing height estimates in particular land use
types with reported heights common for the type of canopy or land use.

5.4. Model results

5.4.1. SINC Model

The first estimation model SINC model’s height estimates ranges between 13.96 m to 26.07 m
for 2011, 10.50 m to 27.03 m, and 14.16 m to 26.24 m for 2019. While median recorded at
17.93 m, 16.70 m, and 17.16 m for the three years respectively. The SINC model canopy height
maps are shown in Fig. 5.4a, Fig. 5.6a, and Fig. 5.8a.

62



5.4.2. Random Forest

The second estimation model of RF model accuracy can be evaluated with respect to the canopy
height data used for model training (ATLO8 canopy height estimates), in addition to the
comparison with the external reference height datasets. With respect to the training data, this
model obtained an RMSE = 5.4 m for out of bag (OOB) errors, and RMSE = 5.5 m for the
validation data set (30% of original ATLO08 data). The % Variance explained for the model was
48.23% in the training and 47.95% in the test set respectively. ‘% Var explained’ by the model
can be interpreted similarly to an R? value. The relative importance of the predictor variables
was reported (Table 3.6). SAR coherence is the most important variable in the RF model,

followed by the terrain elevation (DEM) and the fraction of vegetation cover (FVC).

Table 5.6. Variable importance, described by % increase in MSE when model variable is
permuted (%IncMSE) and increase in node purity when variable is permuted (IncNodePurity).
Higher values indicate higher importance.

Variables %IncMSE IncNodePurity
Coherence 109.30 57786.61
DEM 57.34 35570.71
FVvC 49.09 26269.91
LAI 26.25 22536.51
Slope 25.12 23992.24

5.4.3. Symbolic Regression

The third model of Symbolic regression was used to find an equation describing the
relationship between canopy height and predictor variables: coherence, terrain (DEM and
slope) and vegetation cover (FVC and LAI). As mentioned previously, SR model simplified
the final equation only include the related useful variables, in this case LAl and slope are
removed. The canopy height equation that obtained lowest RMSE for the validation set of
ATLO8 height data is given below in equation 6, with coefficients rounded to 3 significant
figures. This model obtained (RMSE = 5.96 m, R? = 0.404).

Heanopy = 0.0633DEM — 25.8coherence® + e2FV¢ +19.8 (6)

In this equation, height increases as coherence decreases, increases with fraction of vegetation
cover, and increases slightly with elevation. The benefit of this modelling approach is that an

easily interpretable model is generated.
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5.4.4. Estimated Interferometric TDX canopy heights maps and accuracies

The estimations from three temporal years and three models resulted in a total of nine canopy
height maps which are comprehensively discussed in each of the results sub-sections
corresponding to the years 2011, 2017 and 2019.

5.4.4.1. Year: 2011

The 2011 results were assessed using 344 random IfSAR reference data sampling points. The
height estimates for 2011 differ between models (Table 5.4, Fig. 5.5, & Fig. 5.6) with SINC
model 2" percentile is higher (13.96 m) compared to the RF (8.3 m) and SR (1.32 m). Median
height of 2011 models ranging from 11.55 m (RF model), 17.93 m (SINC model), to 20.72 m
(SR model). The RF and SR models underestimated 98" percentile at (23.18m & 23.82 m)
compared to SINC model (26.07 m). Also, shown in the canopy height class maps (Fig. 3.4)
also in Fig. 3.12a, SINC model overestimated compared to RF and SR. When evaluated against
the IfSAR CHM, the height models obtained RMSE values between 12.35 m (SINC), 7.05 m
(RF) and 6.06 m (SR). The model estimation for 2011 also does not reflect the height variation
observed in the reference data, as indicated by low R? values for all models (R? = 0.13 for SINC,
R? =0.0908 RF, & R? = 0.1216 SR). We observed that the RF result is affected by cloud and
shadows from satellite imagery used to produce the vegetation indices used in the RF model
where the areas are labelled as no height. The SR model was the best estimation model overall

in capturing the height variations, RMSE and R? value.

Table 5.7. Summary of the Estimated Canopy Height for the year 2011 by percentiles.

Models 2" Perc. (m) Median (m) 98™ Perc. (m)
SINC 13.96 17.93 26.07
RF 8.3 11.55 23.18
SR 1.32 20.72 23.82
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Figure 5.5. Correlation plots for the 2011 Estimated Canopy Heights against IfSAR.

5.4.4.2. Year: 2017

In the 2017 canopy height maps of all models show a cleared area for Oil palm plantations in
the Banggi Island located north (Fig. 4.6). All models showed almost uniform height variations
shown in the canopy height classes maps. The SINC model 2" percentile higher (10.50 m)
compared to RF (8.75 m) and SR (6.32 m). The median height is estimated between 16.70 m
(SINC), 17.29 m (RF), and 21.96 m (SR). Max height of RF and SR model estimates were
generally higher than the GAO TCH reference height (Max = 27.19 m, refer Supplementary
Figure A5 & Table A6) leading to high RMSE (10.49 m and 10.36 m for RF and SR
respectively, Fig. 3.7) even after resampled to GAO resolution (30 m). In terms of capturing
variation in height across the study area, the estimates from all models correspond closer to the
reference GAO Tree Canopy Height (TCH) product from 2016. The agreement was best for
the RF model (R?= 0.37, n = 1,000), but also similar for the SR model (R?0.36). However, as
with 2011, the SINC model does not capture the full height range observed in the reference
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height data (Fig. 5.12b shorter whiskers). Overall best model estimation for 2017 is also SR in
capturing the height variations, both RMSE and R? values.

Table 5.8. Summary of the Estimated Canopy Height for the year 2017 by percentiles.

Models 2nd pPerc. (m) Median (m) 98t Perc. (m)
SINC 10.50 16.70 27.03
RF 8.75 17.29 29.65
SR 6.32 21.94 28.36
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Figure 5.6. Estimated Canopy Height of 2017 (a) SINC model, (b) RF, and (c) SR.
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Figure 5.7. Correlation plots for the 2017 Estimated Canopy Heights against 2016 GAO TCH
data.

5443. Year: 2019

Notably, variations in canopy heights are apparent across the three models (see Table 5.11, Fig.
5.8, & Fig. 5.9). The SINC model's 2™ percentile surpasses both RF (9 m) and SR (9.58 m).
The estimated median height is relatively consistent, with values of 17.76 m (SINC), 18.33 m
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(RF), and 21.20 m (SR). However, the GEDI reference height demonstrates a lower mean
height of 15.10 m but a higher maximum of 44.28 m (see Figure A6 & Table A7). In contrast,
the 2019 SINC canopy height model underestimates the 98" percentile at 26.24 m (Table 5.11),
while RF and SR show similar values at 29.68 m and 29.58 m, respectively. The overall best
model for 2019 is RF with the highest agreement (R2 = 0.32, n = 1,000), followed by the SR

model.

Table 5.9. Summary of the Estimated Canopy Height for the year 2019 by percentiles.

Models 2nd Perc. (m) Median (m) 98t Perc. (m)
SINC 14.16 17.76 26.24
RF 9 18.33 29.68
SR 9.58 21.20 29.58
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Figure 5.8. Estimated Canopy Height of 2019 (a) SINC model, (b) RF, and (c) SR.
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Figure 5.9. Correlation plots for the 2019 Estimated Canopy Heights against 2019 NASA
GEDI.
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5.4.5. LULC maps accuracy assessment

Figure 5.10 shows LULC maps produced for 2010, 2017 and 2019 respectively. In all three
years the main LULC are Forest (> 40%) followed by Acacia, Mangrove and Secondary forest.
Oil palm covered a comparatively small area, but increased between 2011 to 2019, to
approximately (3%) of the study area. A total of 812 random samples were used for 2010 and
2017 LULC map accuracy assessment while 813 sample for the 2019 map. Overall Accuracy
and Kappa Coefficient K for the three maps are 86% (k 81%), 91% (k 88%) and 83% (k 77%)
respectively. The clearcut area in the 2019 LULC map of the Bengkoka peninsula appears as
11-15m height classes in the canopy height maps. This discrepancy is attributed to the timing
of data acquisition. The TDX data was acquired on 29th October, while the S-2 imagery was

acquired on 17th November 2019 after the timber harvesting took place.

[l Waterbody

[ Mangrove forest
Nipah

B Forest

| Oil Palm
Clearcut

[ Secondary forest

B Infrastructures

[ Acacia forest
Beach & Sand
Aquaculture
Rubber

Figure 5.10. LULC maps of year (a) 2010, (b) 2017 and (c) 2019.
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Figure 5.11. Percentages of the forest and plantations LULC maps.

Table 5.10. Accuracy of the LULC Maps.

Accuracy
LULC Map —
Kappa Coefficient
Year Number of Sample Overall Accuracy ’
2010 812 86% 81%
2017 812 91% 88%
2019 813 83% 77%

5.4.6. Estimated canopy height accuracies respective to forest and plantations LULC

The RMSE and coefficient of determination (R?) were calculated to measure the accuracy of
produced canopy height maps stratified by forest and plantations LULC classes (Table 5.13).
The 2011 SINC by LULC results showed RMSE values close to the overall SINC RMSE
(12.35 m) except for the inventory RMSE (4.06 m) (Table 5.11). The 2011 SR by LULC shown
lower RMSE (< 7 m) and R% compared to RF model which also similar with the overall RF
accuracy (7.05m). The 2017 LULC RMSE is higher as compared to the overall RMSE (above
best SR model 10.36 m). The SR model by LULC shows better RMSE except in Rubber land
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use. The 2019 by LULC show moderate RMSE (<10 m) for all models higher than the overall
(RMSE range 8.25 to 9.05 m). There were no RMSE and R? recorded for Nipah LULC due to

very sparse and significantly small area patches in the TDX scene (Fig. 5.11).

Table 5.11. Validation of estimated canopy height by forests and plantations LULC; RMSE
and coefficient of determination (R2) against reference dataset IfSAR (2011), GAO TCH
(2017) & NASA GEDI (2019). RMSE colour coded from low value (blue), medium (white),

to high value (red). R2 colour coded from low value (orange), to medium (yellow) to high value

(green).

S\ RF SR
LULC RMSE R? R?
Q)

2011
Mangrove 10.48 0.03 5.25 0.01
Forest 12.43 0.01 6.89 0.03
Oil palm 13.32 0.50 6.83 0.22 0.25
Acacia m. 12.21 0.13 7.69 0.08 6.72 0.15
Secondary Forest 13.94 0.08 8.79 0.14 5.79 0.11

2017
Mangrove 8.54 0.02 6.95 0.22 6.11 0.07
Forest 10.10 0.02 10.59 0.41 10.99 0.43
Oil palm 12.20 0.49 10.14 0.20 7.28 0.48
Acacia m. 12.72 0.12 13.49 0.24 13.72 0.17
Secondary Forest 10.88 0.14 10.43 0.27 9.47 0.30
Rubber 1345  0.04 14.86 012 | 1564  0.08

2019
Mangrove 5.83 0.04 5.44 0.10 5.81 0.05
Forest 7.36 0.18 7.78 0.19 9.18 0.14
Oil palm 9.15 0.27 7.26 0.52 7.67 0.45
Acacia m. 9.51 0.40 8.84 0.28 8.91 0.29
Secondary Forest 8.62 0.21 7.90 0.31 8.31 0.30
Rubber 5.14 0.61 435 000 | 486 0.13

The result by LULC classes also validated against the field inventory data of year 2011
& 2012 for the 2011 canopy height model results and only the 2019 results with recently
collected data for Mangrove, wild Acacia Mangium and Secondary forest. For the 2023
inventory data we carefully filtered the sample plots and excluded areas in which the LULC
has changed. Here we assume that there are not drastic canopy height changes between 2019
and 2023 for the selected plots. We did not compare the 2023 inventory with the year 2017 and

2011 canopy height estimations results considering the too wide years gap. Results shown that
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for the 2019 Mangrove SR is the best model with 4.99 m RMSE close to the GEDI 5.81 m
(Table 5.12). Meanwhile for the Acacia, RF RMSE is the lowest at 4.46 m with better R? (0.24)
value however not much difference with the SR model at 4.62 m RMSE. The secondary forest
also showed RF as best model with RMSE 6.87 m not much difference with the SR at 6.96 m
RMSE as summarized in table 5.12.

Table 5.12. Validation of estimated canopy height by forests and plantations LULC using
inventory data; RMSE and coefficient of determination (R2) against field measured inventory

dataset. RMSE colour coded from low value (blue), medium (white), to high value (red). R2

colour coded from low value (orange), to medium (yellow) to high value (green).

2011
Acacia m.
(Plantations) ! 0.07 7.74 0.06 8.69 0.09
2019
Mangrove 5.81 0.05 5.03 0.04 4.99 0.12
Acacia (Wild) 571 0.38 4.46 0.24 4.62 0.17
Secondary Forest 1.27 0.05 6.87 0.04 6.96 0.07

5.4.7. Estimated canopy height by forest and plantations LULC

We summarized the canopy height results by LULC (Fig. 5.12) showing patterns and height
variations for the three years. In 2011 results the canopy heights generally vary across the
models with SINC model overestimate for Mangrove, Oil palm, and secondary forest classes
(all above 15 m) and lower canopy heights were not captured (Fig. 5.4a). The 2017 and 2019
canopy height models shown almost even levels. The 2019 SINC model underestimate heights
by £5 m with variations not captured as seen in Fig. 5.12c¢ range and in Fig. 5.8a the cleared
Oil palm plantation is not so visible as compared to the RF and SR results. While the SINC
model does not adequately capture the vertical variations across the various forests and
plantations LULC heights shown by shorter whiskers compare to RF and SR models. We also
summarized the average height of model results by LULC in Table 5.4 to compare the
variations and agreement between models in the mean heights. As mentioned earlier, the 2011
SINC model shown generally higher mean height of all LULC classes then the RF and SR
models. Meanwhile the 2017 and 2019 all model results shown comparably similar estimation

ranges across all LULC classes.
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Table 5.13. Average height of estimated canopy height by forests and plantations LULC by

models.
LULC SINC RF SR
2011
Mangrove 9.81 5.39 3.42
Forest 10.39 7.47 6.97
Oil palm 9.33 6.23 3.84
Acacia 11.55 8.77 8.33
Secondary forest 9.83 7.19 5.42
Rubber 9.05 7.09 3.21
Nipah 9.82 5.69 431
2017
Mangrove 9.95 9.25 8.84
Forest 10.72 12.22 12.92
Oil palm 8.10 7.76 6.90
Acacia 11.78 12.24 12.63
Secondary forest 9.05 9.07 9.22
Rubber 9.53 10.28 10.94
Nipah 10.71 10.04 10.32
2019
Mangrove 9.63 9.64 9.91
Forest 11.00 12.86 13.81
Oil palm 9.23 8.87 9.06
Acacia 11.23 12.28 12.55
Secondary forest 10.17 10.47 1091
Rubber 9.92 11.23 11.19
Nipah 10.83 10.06 10.89
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Figure 5.12. Estimated canopy height models by Forest and Plantation LULC classes of year
(@) 2011, (b) 2017 and (c) 2019. Box plots indicate first quartile, median and third quartile of
the height variability. Whiskers indicate the height range.

In terms of spatial distributions, we classified the canopy height models by 5 m intervals
(maps Fig. 5.4, 5.6, & 5.8), for 2011 the SINC model (Fig. 5.13) estimated between 43% to
85% of the 15-20 m canopy height class for all forest and plantation LULC. The RF model
estimated between 18% for (Acacia) to 81% (Mangrove) of the 5-10 m canopy height class.
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The SR model estimated below 5 m (refer Fig. 5.13a.) for mangrove, oil palm, and Secondary
forest between 50% to 65.5% of the LULC area.
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Figure 5.13. Percentages of canopy height classes spatial distributions by Forest and Plantation
LULC of year (a) 2011, (b) 2017 and (c) 2019.

Meanwhile spatial canopy height distributions of 2017 for all result models showed less

5-10 m height class for all LULC classes compared to 2011. The 2017 results recorded more
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of the 10-15 m and 15-20 m canopy height classes for all LULC between 20% to 62% and
12% to 65% respectively (Fig. 5.13b). The 2019 results recorded more of the 15-20m for all
LULC classes between 26% to 81% with SINC model the highest for mangrove. In the 2019
results more of the 15-20 m canopy height classes recorded for all LULC classes between 25%
to 87% for all LULC. Forest LULC for 2019 recorded a slight increase of the 30 -35 m height
class and additional of small percentages of the 35-40 m canopy height class in the RF and SR
models compared to the 2017 (Fig. 5.13c).

5.5. Discussion

In this study canopy height were estimated for the northern Sabah, Malaysian Borneo. Maps
of canopy height were produced for the three years: 2011, 2017 and 2019, using three different
model approaches, resulting in 9 canopy height maps in total, with spatial resolution of 10 m
per pixel. The produced height metrics were evaluated against existing forest inventory data
and other canopy height products such as the Global Aerial Observatory (GAO) tree canopy
height map from 2016 and 2019 GEDI spaceborne LiDAR. The estimated canopy metrics were
also aggregated and analyzed according to LULC types in the study area. The primary objective
of this work was to generate high-resolution canopy height information in Northern Sabah, that
can support studies on land use and sustainability of forests and plantations management in the

study area.

5.5.1. Canopy height estimates

In this paper, we presented our findings on canopy height estimation based on TDX InSAR
coherence. Our ML models show that besides coherence, the important variables for canopy
height estimation according to importance are DEM, FVC, and LAI whereas slope is the least
important. Ghosh (2020) identified LAI, FVC, and DEM as important variables. We employed
two models, Random Forest (RF) and Simple Regression (SR), for canopy height estimation,
and the out-of-bag Root Mean Square Error (RMSE) of the RF model was found to be 5.4 m
(Section 5.1.2.), whereas the SR model had an RMSE of 5.96 m (Section 5.1.3.). Additionally,
we performed a validation, which resulted in an RMSE of 5.5 m (Section 5.1.2.) for the RF
model. Our estimates consistently showed higher canopy height than the GAO product, which
is likely due to the GAO's lower resolution of 30 m. In addition, GAO TCH product was
produced from interpolation of sparsely located Airborne LIDAR points over the study area,
refer (Asner et al., 2018). However, despite downscaling our results for accuracy assessment,
we still observed a higher RMSE of 10.49 m than the GAO product. Our SINC model results
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for 2017 and 2019 shown comparably good accuracy as to the ML models however

underestimations of canopy heights are observed.

We found that our canopy height estimations for different forest types generally aligned
with the literature, with some minor differences that were attributable to RMSE. For instance,
for Nipah and mangrove, our results showed maximum heights between 18-21 m, with RMSE
ranging between 3.92 (RF) - 10.48 m (SINC). In comparison, the literature suggested heights
of around 11 m (Mohd-Lokman et al., 2012). For secondary forest, our results ranged from 15-
26 m, with RMSE between 7.94-11.61 m, whereas the literature suggested heights between 10-
30 m (Nagano et al., 2019; Ong et al., 2021). For Oil palm, our results ranged from 12-24 m,
whereas literature suggested a height of 15 m (Tan et al., 2014). For Acacia mangium, our
results ranged from 26-32 m, with the literature suggesting heights of around 30-34 m (Abe et
al., 2005; Jusoh et al., 2017). We noted that RMSE could be a factor contributing to the
differences observed.

Our analysis revealed that the limitation of single polarization, single baseline, and short
wavelength interferometry for forest height estimation is underestimation due to extinction
coefficient, as noted by Chen et al., (2018) & Praks et al., (2012). We compared the accuracy
of our canopy height estimations to other studies and found that the RMSEs of our three models
were similar to those reported by Schlund et al., (2016), who studied tropical low land in
Sumatra, with RMSEs between 6.42 — 10.25 m. Additionally, Stovall et al., (2021) reported an
RMSE of 6.9 m for mangrove forest in Gabon and rainforest. Raveendrakumar et al., (2022)
reported their RMSE between 3.4-13.8 m of 8 TDX dataset in western Ghats, India. We noted
that the estimations using TDX coherence are based purely on the SAR volume contribution,
which could be higher in the lower canopy than in the taller canopy, as suggested by Schlund
et al., (2023). This could explain why the estimation results of all models at 98th percentile is
slightly lower than the reference data (ICESat-2, GAO, GEDI), except for inventory (only
cover acacia), which recorded higher maximum height up to 44.28 m for GEDI. Lastly, we
found that slope was the least important variable in our ML canopy height estimation models,
which is consistent with previous studies. We believe this is due to the gentle slope of our study
area, which is not located in a mountainous region. Therefore, we did not consider slope

influence on the canopy height accuracy in our analysis.
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5.5.2. Limitations and recommendations

Despite the promising results of this study, we acknowledge several limitations that may have
influenced our results. Firstly, the lack of field inventory data for 2017 and 2019 limited our
ability to precisely validate the accuracy of the canopy height maps. In addition, high-resolution
airborne LIiDAR data was not available for the study area, which may have affected the
precision of our validation results. Secondly, the accuracy assessment of the canopy height
model was based on the 2011 inventory which only covers forest and acacia LULC and and
2023 cover mangroves, Acacia mangium outside plantations and secondary forest. This may
have introduced errors and biases in the 2011 model results, particularly in areas with different
LULC types. Also, we were unable to collect field inventory data other LULC such as Nipah,
Oil palm, rubber due to logistic and no permissions from the landowners. Thirdly, the historical
temporal coverage of ICESat/GLASS data has limited coverage for the study area, and GEDI
data was not available before 2019. This may have limited our ability to assess changes in
canopy height over time, which is an essential aspect of forest and plantation mapping. Lastly,
our canopy height estimations and maps are based on the TDX InSAR data, which is subject
to biases and limitations of the TDX SAR specifications.

To address these limitations, we recommend that future studies incorporate complete
field inventory data and integrate high precision ground or airborne LiDAR measurements,
especially for validation and accuracy assessment of the model results. This will improve the
accuracy and precision of the canopy height maps and provide more reliable estimates of forest
and plantation cover. Moreover, future studies should also consider temporal canopy height
changes analysis to assess changes in forest and plantation cover over time. This will allow for
more accurate monitoring of forest and plantations health, timber harvesting, forest
regeneration, or forest encroachment for the forest and plantations to be well sustainably

managed.

From our study, we have learnt that the challenge of working with multi-sensor data,
particularly the alignment of data from different acquisition dates. In addition, high RMSE and
low R2 as observed in the validation tables may relate to the way different sensor measure
canopy height as mentioned by (A. Neuenschwander & Pitts, 2019), but the reasoning extends
to other sensors considered in this study. The increasing frequency of data acquisition by multi-
sensor and various satellites in the future is expected to reduce the likelihood of wider
acquisition date gaps, especially in the context of SAR, optical and space LIiDAR data

applications.
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5.6. Conclusions

This study aimed to estimate and map forest and plantations LULC types using TDX InSAR
data. Despite the acknowledged limitations in our approach, we believe that our results provide
a useful basis for identifying potential areas for large-scale forest and plantation mapping.
Based on the results the SR best is model for 2011 & 2017 canopy height estimations, while
RF is best model for 2019 results followed by SR model. Our study demonstrated the potential
of TDX data for canopy height estimations and mapping in combination with multi-sensor
remote sensing data. Furthermore, we recommend testing of dual or full polarization INSAR
and the integration of high precision LIDAR measurements and complete field inventory data
to improve the accuracy and precision of future studies. The use of multiple sensors such as
TDX, GEDI, and ICESat-2 is also recommended, as it can provide wider coverage for forests
and plantation canopy height estimations and mapping. Lastly, it is important to note that the
unavailability of complete field data and terrestrial or airborne LiDAR are limitations to this
study. Nonetheless, our results highlight the potential of INSAR data for forest and plantations
canopy height mapping, and future studies can build upon our findings to develop more
accurate and precise mapping techniques for the study area or in Borneo or other similar

tropical landscapes.
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6. Environmental sustainability assessment of tropical forest and
plantations landscape in Borneo using multi-sensor remote sensing
technique and Geospatial Multi Criteria Decision Analysis (MCDA)

6.1. Introduction

Sustainably well managed tropical forest and plantations ensure the balance between
socioeconomic benefits and maintaining landscape ecosystems. This is particularly important
for Borneo, a region with extensive and biodiverse tropical forest but also widespread ITP and
plantations such as Oil palm and Rubber that play an important socio-economic role for the
region (Bryan et al., 2013). The forest and plantation landscape in Borneo has become highly
fragmented and is currently the focus of numerous biodiversity conservation initiatives
(Anderson et al., 2022). Risk to biodiversity, and forest fragmentation is particularly
pronounced in the Borneo lowlands and Sabah (Anderson et al., 2022; Ocampo-Pefiuela et al.,
2020), with oil palm plantations accounted for 26.6% of Sabah’s land cover in 2022 (MPOB,
2022). The conversion of tropical rainforests into Oil palm plantations is the primary
environmental impact of the industry (Paterson & Lima 2018). On the other hand, the
Industrial Tree Plantations (ITP), Oil palm and agriculture sectors contribute significant
income to the local economy of Sabah. It was reported in 2022 that Oil palm the largest
agricultural sub-sector contributed 9.6% out of the total MYR12.5 billion (Approximately
USD2.6 billion) agricultural sector to the state’s GDP and is thus considered vital to regional
economic and socioeconomic development (Bernama, 2023). This highlights the need for the
management of forests and commercial plantations in a way that both protects natural assets
and ecosystems and ensures economic development and stable livelihoods for local

communities.

In light of the issue of sustainable management of tropical forests and plantations in
Borneo, the applications of multi-sensor remote sensing techniques and geospatial techniques
provide a cost-effective way of large-scale environmental monitoring and assessment
(Ocampo-Pefiuela et al., 2020). The commitment to responsible and sustainable management
of forest and plantations stretches into the distant future, where the assessment must be done
on time. This is to aid in identifying high-risk areas, preventing environmental degradation
and providing the necessary insights for replanting or restoration efforts. Sustainability

assessment is important not only for addressing REDD+ and UNSDG initiatives but also for
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certification purposes and to address transparency issues related to traceability, measurement

and mitigation to minimise or alleviate the adverse impacts of plantations (Biswas et al., 2020).

Sustainability assessment (SA) is important for oil palm, ITP, and other agricultural
activities in Borneo due to several reasons. Firstly environmental protection and sustainability
assessment help to identify and mitigate the negative impacts of LULC changes such as habitat
loss, deforestation and greenhouse gas emissions (Mohd Hanafiah et al., 2022; Murphy et al.,
2021). Secondly, sustainability assessment is important for biodiversity conservation. It helps
to identify and preserve High Conservation Value (HCV) such as riparian zones and to
promote sustainable land management practices that support biodiversity conservation (Osel
et al., 2022). The third reason is that sustainability helps to ensure that LULC changes are
socially and economically sustainable by promoting good practices supporting smallholders
and sustainable livelihoods. In addition, sustainability assessment is a requirement for
certification schemes such as RSPO, FSC and MTCC. Sustainability indicators are used to
assess the sustainability of LULC and to monitor progress towards the United Nation
Sustainability Goals (UNSDG).

SA studies can contribute to meeting several UNSDGs such as goal 15 life on land, which
IS to “protect, restore and promote sustainable use of terrestrial ecosystems, sustainably
manage forests, combat desertification and halt and reverse land degradation and halt
biodiversity loss “. This study can contribute to this goal through the results, which help to
identify to strategies towards improving conservation and sustainable land management
(United Nations, 2023). SA also to meet UNSDG goal 9 “build resilient infrastructure, promote
inclusive and sustainable industrialization and foster innovation”. This study can contribute to
this goal by promoting the use of multi-sensor remote sensing techniques and geospatial
MCDA for sustainable forest and plantation management in Borneo (D’Adamo & Gastaldi,
2022).

Multi-sensor remote sensing technique involves the use of multiple sources of remotely
sensed imageries to improve the accuracy and reliability of LULC mapping. The technique
offers several advantages over using single source data for mapping tropical forest and
plantation landscapes. Firstly, it enables the integration of data with diverse spatial, spectral
and temporal resolutions thus allowing for a more comprehensive and detailed characterization

of the land surface (Srivastava & Gupta, 2003). Additionally, the use of multi-sensor data can
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enhance the capacity to monitor LULC changes overtime providing a complete providing a
complete understanding of the landscape dynamics (Roy & Inamdar, 2019). Furthermore,
combination of data from different sensors can improve the accuracy of LULC mapping
particularly in tropical forest and plantations with complex and heterogeneous land cover
(Nguyen et al., 2020). The technique also supports the identification and characterization of
specific land cover types, differentiations of forest types or agricultural crops by leveraging the
unique capabilities of individual sensors (Nguyen & Henebry, 2019). Overall, multi-sensor
remote sensing technique offers a powerful and flexible tool for LULC mapping in tropical
forest and plantation landscapes enabling more accurate, detailed, and timely information for

the environmental monitoring, assessment and land management applications (Zhu et al., 2022).

Multi-criteria decision analysis (MCDA) is a decision-making approach that aids in
formally structuring complex decisions and evaluating multiple often conflicting or criteria
(Greene et al., 2011). In the context of geospatial studies, MCDA is used to assess
environmental sustainability by integrating various criteria and spatial data to support decision-
making related to LULC and in this study in tropical forest and plantation landscapes. This
approach allows decision-makers to consider and balance multiple factors, such as topography,
LULC type, ecological and social significance values when evaluating different land use
options (Mohamadzadeh et al., 2020). MCDA in geospatial studies involves the integration of
geospatial data and value judgements to solve spatial problems. By combining spatial data with
qualitative and quantitative criteria, MCDA can provide a comprehensive framework for
assessing the environmental sustainability of land use options in tropical forest and plantations
(Anacona et al., 2023; Cammerino et al., 2023). This approach enables the consideration of
diverse factors such as biodiversity, slope and soil protection, water quality and landscape
connectivity in the decision-making process, ultimately supporting the identification of land

use strategies that are more environmentally sustainable.

The use of MCDA in geospatial studies is supported by various literature which
demonstrate its application in different environmental contexts. For example, Chen, (2014)
used MCDA for land use suitability assessment where the results provided valuable inputs for
policy and decision makers on urban extensions. Another study by Yalcin, (2020) presented
GIS-MCDA based model for determining glacier vulnerability. These examples illustrate the
versatility of MCDA in addressing diverse environmental challenges, including those related

to LULC in tropical forest and plantation landscapes. By integrating spatial data and multiple
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criteria, MCDA supports more informed decision-making and can help identify land use

options that are more environmentally sustainable.

In this study, we utilized high-resolution Sentinel-1 (S1) C-band Synthetic Aperture
Radar (SAR), Sentinel-2 (S2) Multi-spectral, and PlanetScope satellite imageries for the LULC
mapping. The use of S1, S2 and PlanetScope for LULC mapping offers several advantages
over traditional sensors like Landsat. S-1 SAR is particularly useful in areas with frequent cloud
cover such as tropical regions like Borneo, as it can penetrate clouds and shadow covers also
day or night operations (Dingle et al., 2020; Ngo et al., 2020; Ohki & Shimada, 2018).
Additionally, SAR is sensitive to the structure, geometry and dielectric properties of forest and
plantations thus providing useful information complementing optical data (Musthafa et al.,
2020; Priyanka et al., 2023). S-2 and PlanetScope on the other hand, provide high-resolution
optical imagery that is useful for differentiating between different types of LULC, such as
different trees species in a forest and different crop type in the plantations (Dagne et al., 2023).
The combination of these two sensors allows for a more comprehensive understanding of
LULC in tropical regions, as the strengths of one sensor can compensate for the weakness of
the other. This led to more accurate and detailed LULC maps which are crucial for effective

sustainable land use management.

In the context of this study, the application of MCDA to assess the environmental
sustainability of the tropical forest and plantation landscape in Borneo was proposed. MCDA
is a basic scientific decision-making method that combines multiple criteria to evaluate and
rank different best alternatives or scenarios in order of preference (Yuan et al., 2022). MCDA
is one ‘decision-aid’ or evaluation framework that is frequently used for forest management
(Acosta & Corral, 2017) and other natural resource management applications (Gamini et al.,
2006).

This study aims to assess the environmental sustainability of tropical forest and
plantations in Borneo using multi-sensor remote sensing techniques and geospatial MCDA

model. Meanwhile the specific objectives of this study area are as the following:

i.  Tomap the current LULC extent of the study area and produce sustainability indicators

based on existing literatures and standard guidelines.
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ii.  Assess and evaluate the environmental sustainability of the study area landscape using
MCDA.

iii.  To highlight the benefits of using multi-sensor and effectiveness using multi-sensor
and MCDA for environmental sustainability assessment in improving sustainable

management of tropical forest and plantations in the study area.

The findings of the study will provide spatially explicit insights into the environmental
sustainability of tropical forests and plantations in the study region. This information is an
important input for decision-making and planning for biodiversity conservation efforts and
sustainable management of natural resources in the study area and Borneo region in general.
Additionally, the results will provide a model for assessing the environmental sustainability
of other forest-plantation landscapes using multi-sensor remote sensing and geospatial MCDA

techniques, which may also be extended for use in other tropical regions or case studies.

6.2. Materials and methods
6.2.1. Study area

The study area is located in the northern part of Sabah state in Borneo. The study area covers
Bengkoka Peninsula, Malawali Island, and part of Banggi Island. As described in detail in
chapter 2, the area is composed of a unique mixture of tropical forests and plantations
landscapes. The forests consist of mixed patches of lowland natural tropical forest, secondary
forest, mangrove, and nipah. While the major plantations in the study area are Oil palm, rubber

plantations, and ITP.
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Figure 6.1. (a) Map overview of the study area location in Northern Sabah, Malaysian Borneo
and (b) map showing the Area of Interest (AOI) with Sentinel-2 and PlanetScope fused satellite
imagery (April 2023).

6.2.2. Dataset & processing

Two categories of datasets used for the LULC mapping and to produce the sustainability
indicators were multi-sensor combination of S-1, S-2, PlanetScope and ancillary dataset of
SRTM also forest operation base map. The data used are summarized in table 6.1. All Satellite
data were acquired in April 2023 while ancillary dataset of SRTM updated Version 3 was

released in 2015, while the forest operations base map was updated in 2021.

The S-1 SAR Ground Range Detected (GRD) Vertical transmit and return (VV), Vertical
transmit and Horizontal return (VH) and ratio of VVV/VH was acquired on 30th April 2023. S-
2 GRD product is focused SAR data that has been detected, multi-looked and projected to the
ground range using Earth ellipsoid model (sentinels.copernicus.eu). The S-1 SAR GRD data is
widely used for LULC mapping. Three scenes of S-2 Surface Reflectance (SR) Harmonized
imageries were acquired on 30th April 2023 and sets of PlanetScope (16th Apr. 2023, 3 scenes
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and 18th Apr. 2023, 4 scenes) were used for the LULC mapping. The very high-resolution
PlanetScope imageries were resampled from 3m resolution to 10m according to S-2 for the
data fusion. The S-2 and PlanetScope bands consists of Blue (B), Green (G), Red (R) and Near-
Infrared (NiR)

Table 6.1. Summary of the dataset used in this study. Consist of LULC mapping and Ancillary
dataset.

LULC Mapping

Sensors Collection date UGS @ Bands & Indices
scenes
Sentinel-1 30 Apr. 2023 1 VV, VH & VV/VH
. B, G, R, NiR, NDVI &
Sentinel-2 30 Apr. 2023 3 NDWI
PlanetScope 16 Apr. 2023 3 B, G, R, NiR, NDVI &
18 Apr. 2023 4 NDWI

Ancillary Dataset

Data Year Derived/documented features

Type/Sources

SRTM v3 Updated 2015 Slope map

Forest operations Cu.lturzfll sites, HCVF, water catchment ar.eas,
Updated 2021 Riparian reserves, wetlands, tree plantation

b .
ase map boundary & Forest Reserves boundaries.

6.3. LULC mapping

In the context of land use and land cover (LULC) mapping, the fusion of Sentinel-2 (S2) with
PlanetScope imageries necessitates an initial radiometric correction. It is essential that the
number of bands is consistent, and the optional spatial resolution and radiometric resolution
are aligned. This process ensures that the data from both sources are harmonized and can be
effectively integrated for LULC mapping. The radiometric correction and alignment of these
parameters are fundamental to the accurate and reliable fusion of S2 and PlanetScope imageries
for LULC mapping, enabling the generation of high-quality and consistent output data. Note
that the value range of Sentinel-2 is 0— 3,000 and PlanetScope value is higher, need to reduce
planet range 0 -1 by dividing by highest value 99.98% percentile. Cloud and shadow covered
areas were masked in S-2 composite and fused with the PlanetScope composite imagery. A
number of vegetation indices layers were generated namely NDVI, NDWI and NDTI (table
6.2.) LULC classification was done using Statistical Machine Intelligence and Learning Engine
(SMILE) Random Forest (RF) machine-learning Google Earth Engine (GEE) classifier for the
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LULC classifications (Google, n.d.). All variable bands (B, G, R, NIR, NDVI, NDWI, VV, VH
& VV/IVH) were used in the classification. Previous study (Qu et al., 2021) found that the use

of auxiliary datasets can improve accuracy of LULC classification.

Table 6.2. Indices used in this study.

Vegetation Index Purpose Formula References

Lo [NISIEL (76 Discrimination of Non-
difference (NIR -RED) /

vegetation/Vegetation (Rouse et al., 1974)

vegetation index (NIR + RED)

(NDVI) cover and health.

sl fl;le?(rarr?:e“\f::ter Identification of (Green—NIR)/  (Chenetal., 2022;

index (NDWI) waterbody areas (Green + NIR) McFeeters, 1996)

3. Normalized - (RED — GREEN) (D0 & Siddique,
- Identification of 2019; Chen et al.,

Water Turbidity waterbody qualit /(RED + 2022; Shivangi et

Index (NDTI) y quatity. GREEN) : g

al., 2011)

6.4. Spatial Multi-criteria Decision Analysis (MCDA) sustainability analysis

To gauge the environmental sustainability of the study area, criteria and indicators that
encompass important aspects of soil and slope erosion, riparian reserves, landscape
connectivity and quality, HCV and water quality were established. In this study, sustainability
is categorised into scores of Low, Medium and High corresponding to the LULC layers (table
6.3).

Table 6.3. LULC sustainability categories weightage (Scores).
Sustainability

Categories LULC Layers Descriptions
(Scores)

Infrastructure, Soil/Clearcut  Activities involved removing/clearing

1.L . .
ow & Aquaculture natural vegetations and cutting slopes.
Secondary forest, Rubber, Non-natural vegetation including
2. Medium Acacia, Eucalyptus Pellita,  regeneration of secondary forest
Oil palm replacing original vegetations.
. Waterbody, Nipah, Forest, .
3. High Manigrove @ Beach Sand Natural permanent vegetations.
No

scores/Excluded  C0ud & Shadow -
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The methodology of this study is based on the spatial structure of the MCDA which
consist of procedures that involve sharing of geographic data and preferences according to
specified rules (Malczewski, 1999). The main advantage of the integration of GIS and MCDA
is to have unique capabilities that complement each other (Gigovic et al., 2018). In this GIS-
based Multi-Criteria Decision Analysis (MCDA) model, the data storage, manipulation,
management, analysis, and visualization capabilities of GIS are integrated with MCDA, which
encompasses procedures, techniques, and algorithms for structuring decision problems,
evaluating decision alternatives, and assessing environmental sustainability. This approach
combines spatial data, decision maker preferences, and decision rules to solve spatial problems
and make informed decisions. The integration of GIS with MCDA enables the transformation
and combination of geographical data and value judgments, providing a comprehensive
framework for addressing complex spatial decision-making challenges. The MCDA procedure

employed in this study is illustrated in detailed in figure 6.3.

Define research problem/objectives & architecture of
the model
Preliminary v
Identification of sustainability evaluation indicators,
criteria & dataset.

|

Geospatial data Multi-sensor LULC mapping, Slope, Features:
preparation Cultural, HCVF, Water catchment, Riparian &
Wetlands
Y
Individual
Spatial Multi- assessment of
o .. indicator |
criteria Decision mdicator layers
Analysis 7
(MCDA) Weighted Overlay Analysis & Reclassify
v
/ Sustainability Map /
v
Results & Map & Statistics
mm i v
recommendations Results interpretations & recommendations

Figure 6.2. Sustainability analysis workflow of this study using Spatial Multi-criteria Decision
Analysis (MCDA) (adapted from (Gigovic et al., 2018).
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The workflow of sustainability analysis in this study as illustrated in figure 6.2, starts
with defining the research problem that defines the objective and the architecture of the MCDA
model. Eventually, continue with the identification of sustainability evaluation indicators and
criteria in this case sustainability categories scores as described in table 6.3 & 6.4. Then second
phase is the geospatial data preparation where all the indicator layers are mapped and generated.
In the third phase is the analysis where all indicator layers are analysed using weighted overlay
analysis to produce the final sustainability map. In the last phase the map and statistics of results
are produced and finally interpretations and recommendation are drawn. The detailed indicator

layers generation workflow and analysis of the MCDA model were illustrated in figure 6.3.

In this study, five sustainability indicators were used to assess the environmental
sustainability of the study site. These indicators were selected based on their relevance to the
study objectives and ability to provide insights on sustainability. Previous studies Hristov &
Chirico (2019) & Wong et al., (2023) have identified range of indicators related to biodiversity,

water quality, erosions and slopes protection and riparian reserves.

6.4.1. Slopes and erosion protection

In Sabah land use (clearing and cutting) involving slope gradient of 20° degrees or more are
prescribed under EPD EIA order 2005 and requires EIA report (EPD Sabah, 2012a). Activities
like Reduced Impact Logging (RIL) only permitted up to slope gradient of 25° degrees (EPD
Sabah, 2012b) and should clearly marked on map. Previous study shown that the widely use
legume cover crop Mucuna bracteata (MB) in Oil palm plantations effectively reduced surface
runoff and soil erosions (Wawan et al., 2019). In this study, any soil clearing and slope cutting

area of more than 25 degrees are considered as having low sustainability.

6.4.2. River buffer

The river buffer zone vegetation plays important role in regulating water quality, protecting
aquatic ecosystem and wildlife habitats (Bedell et al., 2017). Previous studies shown riparian
reserves sustain biodiversity within cultivated land (Mitchell et al., 2018; Seaman et al., 2019).
In Sabah riparian reserves are useful for preservation of native vegetation along bordering
waterbodies and riverbanks useful for mitigation strategy reducing negative impacts from land
use changes in plantations. Therefore retaining, restoration, maintenance and management of
riparian within QOil palm plantation and ITP is useful strategy to improve biodiversity
conservation (Pianzin et al., 2021). Riparian reserve is one of the certifications requirements

for sustainable Oil palm under the Roundtable on Sustainable Palm Oil Scheme (RSPO) also
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ITP certifications under the Forest Stewardship Council (FSC) or Malaysia Timber
Certification Scheme MTCC. In Sabah, the EPD legislation presently requires riparian buffers
with a minimum of 20-30m wide to be retain on all streams with width of 3 m and 10 m (EPD
Sabah, 2012b, 2012c).

6.4.3. Landscape connectivity and quality

The landscape connectivity depicts the links between forest patches across the landscape and
habitat of flora and fauna. Landscape connectivity and the quality of the landscape are
important ensuring habitat connectivity thus maintain viable populations of flora and fauna,
and Borneo is host to several iconic species like Bornean orangutans (Pongo pygmaeus),
pygmy elephants (Elephas maximus borneensis), bearded pigs (Susbarbatus) and sun bears
(Helarctos malayanus) (Alamgir et al., 2020). Connectivity between remaining forested areas
with Oil palm plantations needs to be retained for the movement of terrestrial species and in
this study the standard used for class sustainability rating is based on the RSPO Manual of Best
Management Practices (BMPs) (table 6.4.) Conservation and forest cover criterion focus on
maintaining the integrity of forest ecosystem and protecting biodiversity. Involves measures

prevention of deforestation, habitat fragmentation and loss of endangered species.

6.4.4. High Conservation Values (HCV)

HCV can be defined as areas that are identified as valuable in terms of biological, ecological,
social or cultural significance or critical importance within a specific landscape or site. There
are six categories of HCVs as defined in HCV network Common guidance for identification of
HCVs (Brown et al., 2013).

i.  Species diversity, site where there is concentrations of biological diversity including
endemic species, rare, threatened or endangered species that are significant at local,
national, regional and global.

ii.  Landscape-level ecosystems and mosaics, large landscape-level ecosystems and
mosaics that are significant at national, regional, and global scale. Which contain
viable populations of the great majority of the naturally occurring species in natural
patterns of distribution and abundance.

iii.  Ecosystems and habitats, where rare, threatened, or endangered ecosystems, habitats
and refugia.

iv.  Basic ecosystem service in critical situations including protection of water catchments

and control of erosion of vulnerable soils and slopes.
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v.  Community needs, referring to sites and resources fundamental for satisfying the
necessities of local communities or indigenous peoples for livelihoods, health, nutrition,
water etc..) identified through engagement with communities or indigenous peoples.

vi.  Cultural values: sites, resources, habitats and landscapes of national or global
archaeological or historical significance and/or of critical cultural, ecological,
economic or religious/sacred importance for the traditional cultures of local
communities or indigenous peoples identified through engagement of these peoples.

The HCV concept was first developed by FSC® for forestry however it was adopted by
RSPO for Oil palm also other certification schemes and organisations that aim to maintain,
enhance significant and critical environmental and social values as part of responsible
management (Brown et al., 2013; Gray, 2017). In this study, the HCV layers are extracted from
the Forest Operation Basemap, which was officially demarcated on the ground by the forest
management company with the local communities. The HCVs includes wetlands, cultural sites
and HCV forests.

6.4.5. Water turbidity

Sustainable water management, maintaining water quality and availability within forest
ecosystem and plantations are important for socio-economic and the environment. Sabah
Environment Protection Department (EPD) requires the forest and plantation companies to
submit EIA report prepared by EPD appointed consultant which includes water quality
monitoring every 4 months (AFI, 2018). Sediment loads and improper waste handling from
plantations or forest operations may degrade water quality. The infiltration of chemicals into
waterways can seriously affect aquatic life and freshwater supply. Main element compounded
in fertilizers like nitrogen (N), Pottasium (K), Phosporus (P) and magnesium (Mg) may end up
in watercourses through washed surface soil, leaching of soluble compounds into
groundwater,m and runoff that carries both soluble and insoluble compounds (EPD Sabah,
2012c).

Table 6.4. Classification of NDTI values adopted from (Shivangi et al., 2011).

Classification This study

Low = Mean — Standard deviation Low =-0.2823
Medium = Mean + Standard deviation Medium =-0.0751
High = More than moderate High = >-0.0751

Standard Deviation: 0.1036, Mean: -0.1787
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In this study water turbidity was monitored using remotely sensed data measured by

Normalised Difference Turbidity Index (NDTI). The NDTI is a remote sensing technique

widely used for identify water turbidity cause by sediment, it is the ratio of red and green bands
of solar spectrum (Bid & Siddique, 2019; Chen et al., 2022; Subramaniam & Saxena, 2011).

The classification of NDTI value was calculated by the value of mean and standard deviation.

The class values for low, medium and high was calculated by the following formulas in table

4.4.

Table 6.5. Sustainability indicators, criteria for the related LULC, sustainability criteria, clas

and sustainability ratings.

Indicators

1. Slopes and
erosion
protection.

2. Riparian
reserves.

3. Landscape
connectivity
and quality.

4. High
Conservation
Values
(HCV).

5. Water
turbidity.

Criteria

Clear cut surface.
Steep slope >25°
should not open

Vegetation cover
within buffer
zones (M)

Proximity of
natural vegetation

(m)

Natural vegetation
should be intact
no clearings or
other land use (m)

Classes of NDTI
index value range.

Class Sustainability

Related rating References
LULC/Features Low Medium High
(1) (2) (3)
(AFI Sdn.
Soil/Clearcut, Bhd.,
Infrastructure &  >25° 10°-25° <10° 2018; EPD
Plantation layers Sabah,
2012a)
Water (AFI Sdn.
catchment areas, 30m- < Bhd.,
Rivers & som  20™30M Som 2018
Streams buffer, Gray,
2017)
Mangrove,
Forest, Nipah & < (Gray,
Secondary >50m - S0m-25m - o 2017)
Forest
(AFI Sdn.
Wetlands, 30m- Bhd.,
Cultural sites & <20m 20m-30m 40m 2018) &
HCV Forest Forest ops.
base map
> (Shivangi
All water bodies [\/Isegn g/lsan * Medi etal,
um 2011)
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Figure 6.3. Detailed workflow of the indicators weighted overlay analysis of the MCDA model
for producing the sustainability index maps.

6.5. Results

6.5.1. LULC map & accuracy assessment

The 2023 LULC were mapped (Fig 6.4) into the 14 classifications, and accuracy assessment
was done using 2,382 sample points comprised of ground and also sample points from high
resolution google Earth imagery. Overall accuracy achieved was 87.24% with kappa
coefficient (k) of 85.89% (Table 6.6). Majority of the overall LULC (Fig. 6.5a & Table 6.7) of
39% are forest, followed by 19% mangrove, 12% acacia, 8% oil palm, 7% secondary forest,
6% eucalyptus, 2% infrastructures, 2% waterbody, 2% rubber, 1% aquaculture and 0% nipah
(Fig 6.5a.). Meanwhile, breakdown according to the boundaries of gazetted areas (Fig. 6.5b &
Table 6.7) shows that ITP is 40% consist of forest, 24% eucalyptus, 13% acacia, 8% oil palm,
6% secondary forest, 5% mangrove and rubber only 0.02% or 6 hectares. Forest reserves
boundary areas consist of 27% forest, 21% of the remaining wild acacia, 20% already planted
with eucalyptus, 16% clearcut results of the acacia harvesting for replanting with Eucalyptus,
7% both infrastructures of road networks and secondary forest, while 2% oil palm. The village
boundary is 58% forest, 19% secondary forest, 14% infrastructure, 4% Acacia and 3% oil palm.
Meanwhile, the oil palm boundary majority at 81% oil palm, 10% infrastructures, 4% forest
and secondary forest. Lastly, rubber boundary at 68% consist, of rubber, 22% secondary forest

and 7% forest which are in the riparian buffer areas, both 1% mangrove and soil or clearcut.
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Figure 6.4. Year 2023 LULC map of the study area with five boundaries of gazetted areas: (i).
Industrial Tree Plantations (ITP), (ii). forest reserves, (iii). village reserves, (iv). oil palm
plantations and (v). rubber plantations.
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Table 6.6. Accuracy assessment summary of the LULC.

LULC Accuracy
Year Number of Sample  Overall Accuracy Kappa Coefficient k
2023 2,382 87.24% 85.89%
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Figure 6.5. 2023 LULC percentages by: (a) overall study area and (b) five boundaries.

Table 6.7. 2023 LULC classes statistics and assigned sustainability coefficient values for
MCDA model.

Land Use and Land Hectares Percentages Assigned sustainability
Cover (LULC) (ha) coefficient values (0 —1)
Forest 37,953.98 39 1
Mangrove 18,331.81 19 1
Acacia m. 12,031.82 12 0.5
Oil Palm 7,887.85 8 0.5
Secondary Forest 6,862.00 7 0.7
Eucalyptus 6,309.90 6 0.5
Infrastructure 2,232.54 2 0
Soil Clearcut 2,195.56 2 0
Waterbody 1,980.68 2 -
Rubber 1,411.45 1 0.5
Aguaculture 578.36 1 0
Nipah 341.98 0 1
Beach/Sand 37.95 0 0
Cloud & Shadow 40.32 0 -
Total 96,639.05 100 -

94



We also assigned the LULC classes (Table 4.7) with sustainability coefficient values
according to the RSPO Recommendation and Compensation Procedure (RaCP) vegetation

coefficient category values standards (RSPO, 2015).

Table 6.8. 2023 LULC classes statistics by five boundaries of gazetted areas.

(). ITP (i). FR (-|||). (iv). Oil Palm  (v). Rubber
Village

ha ha % ha % ha % ha %
Forest 27176 7
Mangrove ,004.83 5 9.98 0| 0.06 0 2.61 0 947 1
Acacia m. 2,676.97 13|1,357.37 21| 3.92 4 20.13 0 25.34 1
Oil Palm 1,565.32 8| 119.82 2| 263 3|4,25455 81 4.48 0
Secondary
Forest 1,288.03 6| 482.80 711680 19| 211.99 4| 38184 22
Eucalyptus 4,909.27 24 |1,28204 20| 1.08 1 0.03 0 - 0
Infrastructure 381.90 2| 449.36 7| 13.03 14| 51405 10 7.41 0
Soil Clearcut 273.83 1]1,02459 16| 0.10 0 22.20 0 12.52 1
Waterbody 53.82 0 6.33 0| 0.33 0 12.18 0 0.05 0
Rubber 5.97 0 - - - - 0.55 0]1,203.13 68
Agquaculture 11.64 0 - - - - - - - 0
Nipah 15.42 0 1.19 0 - - 0.33 0 0.26 0
Beach/Sand 1.37 0 0.58 0| 0.09 0 0.04 0 - 0
Cloud &
Shadow 2.69 0 0.39 0| 0.05 0 0.72 0 0.49 0
Total 20,407.57 100 | 6,468.13 100 | 90.26 100 | 5,236.52 100 | 1,772.74 100

6.5.2. Environmental sustainability indicator map layers
The five individual sustainability indicator maps (Fig 6.6) were produces based on the
previously mentioned workflow (Fig. 6.3). Also, we compiled five boundaries of gazetted areas

as in map below (Fig 6.6f).
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Figure 6.6. Environmental sustainability indicator map layers; (a) slope and soil erosion
protection, (b) riparian reserves, (c) landscape connectivity and quality, (d) High Conservation
Values (HCV, (e) water quality & (f) five boundaries of gazetted areas of i. Industrial Tree
Plantations (ITP), ii. forest reserves, iii. village reserves, iv. oil palm plantations and v. rubber

plantations. In map layers (b), (d) & (e) non-related features are in grey.

Statistics of the individual sustainability indicators were extracted (Fig. 6.7). For slope
and soil erosion protection map majority at 89% are in high sustainability class and 11%
medium and no low sustainable class was recorded. Riparian reserve areas also are majority
highly sustainable at 79%, medium at 19% and only 3% categorised as low. Landscape
connectivity and quality map recorded 63% at high sustainability class, 17% medium and 20%

in low sustainability class. This is due to monocrop type of land use such as oil palm, rubber
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and ITP plantations that cover large areas and has no or less near natural vegetation cover
connectivity. Meanwhile HCV are mostly in high sustainability class at 59%, medium at 39%
and very less of low sustainability at only 2%. The water quality majority at 61% are in low
sustainability class. Evidently the rivers that are in this low sustainability class are located near
to the modified land uses such as aquaculture, timber harvesting or clearings, oil palm and
infrastructures where the water bodies quality are attributed to surface run-off. While 32%
medium, 2% of the water quality is high and the rest 5% un-classified are small rivers which
are difficult to determine the NDT]I value due to limitation of S-1 fused PlanetScope produced

final 10m resolution imagery.

100% -
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60% -
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61%
17%
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19%
20%
11% 2% 2% 504
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Slope and soil Riparian Landscape High Water quality
erosion reserve connectivity ~ conservation
protection and quality values

Un-classified ®mLow = Medium mHigh

Figure 6.7. Percentages of sustainability indicators by sustainability categories (scores): un-

classified, low, medium and high.

6.5.3. Geospatial Multi-Criteria Decision Analysis (MCDA)

Majority of the overall sustainability score at 61% (58,995.06 hectares) are highly sustainable,
31% (30,182.49 hectares) are medium and only 8% (7,398.73 hectares) are low (Fig 6.8 & Fig
6.9a). Can be observed from the sustainability score map (Fig. 6.8) that in the southwest part

river networks are in the low sustainability class contributed by clearings of mangrove forest

97



for aquaculture land uses. Other river networks that connected to the ITP or plantations are also
in the low sustainability class. The oil palm and rubber plantations are predominantly medium
class in terms of sustainability because lack of monoculture crops and break the linkage of
forest cover. Similar in the Forest Reserve area where currently timber harvesting is ongoing
which causes clearcut of planted forest. The ITP areas are mostly medium sustainability score
due to monoculture nature of the forest plantation. It is obvious that undisturbed mangrove

forest falls in the highly sustainable class.

Meanwhile within the gazetted boundaries (Fig 6.9b), 49% of the ITP are highly
sustainable, 46% medium and only 5% low which attributed by the land clearing of timber
harvesting in some of the areas. The FR having 45% in medium class, 29% high and 26% low
also due to clearing. The village boundary area is 72% high, 14% low and 13% medium class.
Meanwhile 81% of oil palm are medium, 14% low sustainable and only 5% are sustainable.
Lastly rubber boundary areas with 77% medium, 14% low and only 9% high. Both oil palm
and rubber plantations are majority in medium class due to monocropping land use type which
also shown as low in the landscape connectivity and quality individual sustainability indicator
layer (Fig 6.6¢).
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Figure 6.8. Sustainability score map of the study area with five boundaries of designated areas:
i. Industrial Tree Plantations (ITP), ii. forest reserves, iii. village reserves, iv. oil palm

plantations and v. rubber plantations.
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Figure 6.9. Percentages of the sustainability classes by: (a) overall study area and (b) five
boundary areas.

Detailed statistics of the MCDA model by five boundaries of gazetted areas are
summarised (Table 6.9). The ITP is the biggest area consist of a total of 20,407.57 hectares,
followed by forest reserve 6,468.13 hectares, oil palm at 5,236.52 hectares, then rubber

plantation at 1,772.74 hectares and lastly the village reserve is 90.26 hectares.

Table 6.9. Summary of the sustainability classes according to the five boundaries of gazetted
areas of; (i). Industrial Tree Plantations (ITP), (ii). forest reserves, (iii). village reserves, (iv).

oil palm plantations and (v). rubber plantations.

Classes - 1TP (ii). FR s'/'i'l)l'a o ().0ilPaim  (v). Rubber
ha ha % ha % ha % ha %
un- 1347 0 549 0 - o] 08 0| 005 0
classified
Low 102305 5| 167483 26|13.00 14| 74226 14| 24401 14
Medium | 9,356.44 46| ,891.43 45|12.01 13 /422632 81|1362.88 77
High 1001461 49| 89638 29|6525 72| 26713 5| 16580 9
Total 20,407.57 100 | 6,468.13 100 | 90.26 100 | 5,236.52 100 | 1,772.74 100

6.6. Discussions

6.6.1. Benefits of multi-sensor LULC mapping

The synergistic use of S1-S2 and fusion with PlanetScope satellite imageries reduced effects

of cloud and shadows in the classifications. Thus, good LULC classification map result was
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produced with high overall accuracy of 87%. The incorporation of S-1 SAR imagery allows
mapping of LULC based on physical characteristics such as roughness, moisture and structures
combined with S-2 and PlanetScope high-resolution optical which are useful for detailed visual
and spectral based detailed discrimination of LULC classes which led to richer information
thus increasing classification accuracies (\Van Tricht et al., 2018). Other benefits of employing
multi-sensor remote sensing technique are, SAR overcomes the limitations of optical remote
sensing which can be affected by cloud cover and shadows especially tropical regions like
Borneo. These limitations are mitigated by SAR because active sensor could penetrate cloud
cover. A study by (Sharifi et al., 2022) of mangrove forest mapping in west Asia shows that
the use of only S-1 with S-2 is sufficient to overcome cloud cover issue and for better mapping
and monitoring of mangrove forests. The multi-sensor used of SAR and optical also enhances
detection of specific LULC features especially in complex tropical forest and plantations
landscapes such as in the study area (Solorzano et al., 2021). The use of multi-sensor be
effectively combined with Machine Learning applications algorithm to improve the accuracy

of LULC mapping (Jarayee et al., 2022).

6.6.2. Effectiveness of using multi-sensor MCDA model for assessing environmental
sustainability

The use of high-resolution multi-scale remote sensing data for mapping of forest and
plantations LULC is highly effective considering the wide area coverage with high level of
details in the classification. This enabled the indicator layers of based on the assessment criteria
possibly be produced. The five indicators were 1. Slope erosion protection, 2. Riparian reserves,
3. Landscape connectivity and quality and 4. High Conservation Values (HCVs) and 5. Water
turbidity. Subsequently, the indicator layers were analysed using MCDA model for the
sustainability assessment. As discussed in the results sections, 61% of the water quality
indicator layer was identified in the low sustainable category followed by 20% of the landscape
connectivity and quality indicator layer. Meanwhile in the final sustainability map result shows
overall, 61% of the total study area are identified as still highly sustainable and breakdown by
boundary layer shown the village reserve 72% are highly sustainable. Oil palm and rubber
plantations LULC are identified as 81% and 77% respectively in medium sustainability
category. This attributed by the fact that the two LULC are monocrop type of land cover which
possibly less capacity in ecosystem functions. Additionally, oil palm and rubber plantation sites

were prepared in the way where terraces were constructed, and crops were planted in systematic

101



way. The ITP and FR however comparably higher sustainable at 49% and 29% respectively.
This is due to the rubber and ITP land cover type mimics the natural forests although single
tree species and there was usually no terrain modification required for the tree planting. The
use of MCDA model made it possible to effectively identify and map areas according to

sustainability categories.

6.7. Conclusions

This study presented a concept use of multi-sensor remote sensing technique combined with
geospatial multi-criteria decision analysis (MCDA) for the environmental sustainability
assessment of tropical forest and plantation landscape in Borneo. The combination of high-
resolution SAR and optical data demonstrated that detailed LULC map and indicator layers can
be produced which are crucial for the analysis. The results will help contribute to achieving
SDGs that are also applicable for certification purposes of the plantations. The systematic
workflow developed in this could also be applied to other future case studies with more

indicator layers and improved details.
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7. Conclusion, limitations and opportunities in sustainable tropical forest
and plantations management.

This thesis emphasizes the significance of employing multi-sensor remote sensing techniques
for the sustainable management of forests and plantations in Borneo, focusing on a case study
in northern Sabah. The findings presented across the four technical chapters illustrate the
efficacy of multi-sensor remote sensing technique in detailed mapping of land use land cover
(LULC) classes, estimating canopy height, evaluating environmental sustainability, and
monitoring LULC changes, especially investigation on LULC conversion into plantations.
Furthermore, one of the technical chapters delves into the assessment and potential of forests
beyond plantations. The methodologies and outcomes offer valuable insights for local

stakeholders and managers to make informed decisions and advocate for sustainable practices.

7.1. Results with regards to research objectives
The use of multi-sensor remote sensing technique demonstrated in this research help to enhance
the accuracy and efficiency of monitoring and managing tropical forest and plantations in

Borneo.

7.2. First objective: Monitoring Land Use and Land Cover (LULC) changes of tropical
forest and plantations landscapes in Borneo using multi-sensor remote sensing
technique

As detailed in Chapter 3, this study demonstrated the utilization of a multi-sensor remote

sensing approach to accurately map detailed LULC classes of forest and plantations within the

study area. This chapter aimed to investigate the dynamic multi-temporal changes in LULC in
the study area, focusing on identifying the sources or drivers of LULC conversion. The LULC
changes were analyzed for the pairs of years 2010-2017, 2017-2019, and 2019-2023, with

assessments of the extent and rate of changes derived. The overall accuracies of 2010, 2017,

2019, and 2023 LULC maps were at 86%, 91%, 83%, and 87% respectively. These LULC

maps were also used in the analysis in the fifth and sixth technical chapters. Integrating SAR

data in the LULC classification process alongside optical data yielded enhanced results in
distinguishing specific LULC classes (Prudente et al., 2022). Multi-sensor remote sensing
technique is pivotal in LULC analysis by providing accurate and comprehensive data on LULC
changes (Vivekananda et al., 2021). The study revealed dynamic changes in LULC categories,
including increases, decreases and areas remaining unchanged between each pair of years.

Forest and mangrove areas exhibited stability over the observed years, while secondary forest,
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Acacia plantations, and soil/clearcut areas decreased. Conversely, there was a consistent rise
in Oil Palm plantations and infrastructure coverage. The study identified oil palm cultivation
as a significant driver of forest conversion between 2010-2017, attributed rubber plantations to
previous land clearing, observed mangrove conversion into aquaculture zones, and noted the
replacement of Acacia with Eucalyptus plantations. Overall, this research provided valuable
insight into the effective use of multi-sensor remote sensing techniques for detailed mapping
of LULC classes and understanding spatio-temporal dynamics of LULC changes within the

study area.

7.3. Second objective: Ground survey assessment of Above Ground Biomass (AGB) and

Carbon estimation forest outside plantations in Bengkoka Peninsula, Sabah Borneo
This study, detailed in Chapter 4, aimed to evaluate the Aboveground Biomass (AGB)
and estimate carbon and carbon dioxide levels in the forest beyond plantations in the study area.
Forest outside managed forests and plantations are pivotal in the global carbon cycle, playing
a significant role in mitigating climate change by sequestering carbon dioxide from the
atmosphere. Despite their importance, these forests are often overlooked and undervalued
regarding their carbon sequestration potential. The four main vegetation groups identified in
the sites are: Acacia mangium, Mangrove forest, Oil palm and Secondary forest. A total of 73
plots were established, documenting 2,333 individual trees. Acacia mangium predominated
across all sites except for Mangkapon, which exclusively featured Secondary forest. The
analysis encompassed parameters like stand density, basal area, volume, Above Ground
Biomass (AGB) estimation, carbon stock estimation and carbon dioxide (CO2) equivalent
emissions if deforested. Acacia mangium and secondary forests primarily consisted of young
trees with smaller diameters (7-25cm), a height of 7-12m, high stand density per hectare, and
average AGB/ha ranging from 56-79 t/ha. Oil palms were relatively young at around three
years old, with a height of 5m. The mangrove forest exhibited high density with 2,266 trees/ha
but stood out for its substantial AGB of 309t/ha and carbon stock 145tC/ha compared to
a similay mangrove in Kota Marudu as reported by Wong et al., (2020) at 196 tC/ha. In
conclusion, the forests outside the plantations in the study area possess significant potential
management and conservation to enhance sustainability efforts, aid in climate change

mitigation, and preserve essential ecosystem services.
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7.4. Third objective: Mapping of temporally dynamic tropical forest and plantations
canopy height in Borneo using TanDEM-X InSAR utilizing multi-sensor remote
sensing data

This study, as detailed in chapter 5, showcased the integrated utilization of TanDEM-X INSAR

and multi-sensor remote sensing data for canopy height estimations of forest and plantations

LULC in the study area. The research employed INSAR coherence data alongside the SINC

model method and two machine learning (ML) algorithms: Random Forest (RF) model, and

Symbolic Regression (SR) model and corresponding LULC also multi-sensor references

dataset for the estimations. Validation against reference dataset yielded Root Mean Square

Error (RMSE) values of 6.06 m for the best SR model in 2011, 10.36 m for 2017 SR and 7.58

m for best RF model in 2019. The accuracies by LULC classes were 3.92 m for the best

Mangrove RF model in 2011, 6.11 m for 2017 Mangrove SR, and 4.35 m for 2019 Rubber RF

model. This study’s novelty lies in its comprehensive coverage of various tropical forest and

plantation LULC within the study area, unlike previous studies typically addressed only one
or few specific types of forest or land uses. In conclusion, the research underscored the
synergistic integration of multi-sensor remote sensing data for accurate estimations and

mapping of canopy heights in tropical forests and plantations.

7.5. Fourth objective: Environmental sustainability assessment of tropical forest and
plantations landscape in Borneo using multi-sensor remote sensing technique and
Geospatial Multi Criteria Decision Analysis (MCDA)

This study, as detailed in chapter 6, aimed to evaluate the environmental sustainability of the

research area through the application of a multi-sensor remote sensing technique and a Multi-

Criteria Decision Analysis (MCDA) model. The findings revealed that 61% (58,995.06 ha) of

the total area exhibited highly sustainability, 31% (30,182.49 ha) demonstrated medium

sustainability, and only 8% (7,398.73 ha) fell into the low sustainability category. The research
showcased the effectiveness of synergistic use of Sentinel-1, Sentinel-2 and fusion with

PlanetScope satellite imagery to mitigate cloud and shadow effects classifications, resulting in

high overall LULC classification accuracy of >87%. By incorporating S-1 Synthetic Aperture

Radar (SAR) imagery for mapping based on physical characteristics such as roughness,

moisture and structure, along with optical S-2 and high-resolution PlanetScope for detailed

spectral discrimination of LULC classes, the study achieved enhanced classification accuracies

(Van Tricht et al., 2018). Furthermore, the study identified that 61% of the water quality
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indicator layer and 20% of the landscape connectivity and quality indicator layer were
categorised as low sustainable. This was primarily influenced by the proximity of affected
rivers to land uses such as aquaculture, timber harvesting, land clearings, oil palm plantations
and infrastructure developments, impacting the water quality due to surface run-off. In
conclusion, the innovative utilization of multi-sensor data enabled the production of detailed
LULC map and indicator layers crucial for environmental sustainability assessment in
geospatial MDCA model. The outcomes can help in achieving SDGs and useful for evaluation
of certification purpose for the plantations. The workflow developed in this study also can be
applied to future case study with additional indicators, more detailed and improved

sustainability indicators.

7.6. Significance of the study and recommendations for sustainable tropical forest and
plantations in Northern Borneo
The significance of the research derived from the findings detailed in the technical chapters as

follows:

1. The utilization of multi-sensor remote sensing data (optical, SAR, LiDAR) offers a
comprehensive and detailed insight into the status and dynamics of tropical forest and
plantations in the case study of Northern Borneo.

2. The integration of multi-sensor remote sensing data facilitates precise LULC mapping
and creation of indicator layers essential for sustainability assessment using MCDA in
GIS.

3. Implementation of sustainable management practices guided by insights derived from
multi-sensor remote sensing will lead to effective conservation and utilisation of forest
resources in Borneo.

4. Multi-sensor remote sensing techniques contribute significantly to addressing specific
challenges in Borneo, such as diverse forest types, varying land, uses and the need for
biodiversity preservation while supporting economic interests.

5. The adoption of multi-sensor remote sensing techniques ultimately leads to improved
policymaking and decision support for sustainable forest and plantation management

in Borneo region.

The recommendations derived from the detailed findings in the technical chapters for

sustainable tropical forest and plantations in the study area are as follows:
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1. Recognising the significance of comprehending LULC dynamics, it is recommended to
implement continuous LULC monitoring utilising open-access high-resolution multi-
sensor data, including upcoming satellite missions, in conjunction with applications of
Unmanned Aerial Vehicle (UAV) or Drone data and field-based measurements.

2. The study findings on the Above Ground Biomass (AGB) and carbon stock estimation,
coupled with environmental sustainability assessment, strongly recommend the
conservation of Nipah and Mangrove forests in the study area. Additionally, the
rehabilitation of abandoned aquaculture sites back into Mangrove forest ecosystems is
proposed to reconnect the fragmented Mangrove habitats, enhancing the overall
ecological integrity and resilience of the landscape.

3. Acknowledging the importance of preserving sensitive zones such as remaining forest
patches, river buffer zones, and High Conservation Value areas (HCVs), it is strongly
advised for both plantation companies and small holders to refrain from expanding into
these areas to prevent ecosystem damage and disturbances caused by land use activities.

4. Itis suggested that plantations prioritise certification and environmental compliance by
incorporating research-based insights, such as those from this study, to identify specific
key areas for sustainability enhancements in the study area and across other regions in
Borneo.

5. Local stake holders, including plantation companies, government and private agencies,
and local communities, should be informed about the current environmental conditions
based on research findings to enhance their understanding of the prevailing
circumstances. This awareness can facilitate improvements in their management

practices towards sustainability.

7.7. Limitations of the study and recommendation for future research opportunities
Despite potential of the multi-sensor remote sensing technique, the study acknowledges
limitations as the following:

1. Firstly, limitations posed by incomplete or unavailable dataset. The lack of available
airborne LiDAR, complete historical field data, and other reference data which are
crucial to be used in the canopy height estimations, LULC changes and above ground
biomass (AGB) and carbon estimations.

2. Secondly, the study focused on a short time frame of 2010-2023 for LULC changes.
Future research could investigate a longer, decadal time frame to better understand the

dynamics of LULC changes.
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3. Thirdly, due to limited resources constraints, the study was only able to sample 4 sites,
which limited the ability to identify specific species in the secondary and mangrove
forest categories.

Therefore, for future studies could improve the based on the following recommendations:

1. With the growing number of future multi-sensor remote sensing data acquisition,
continuous field data collection including future data acquisition using ground or
airborne LiDAR, will improve the accuracy and precision in the forest and plantations
mapping also canopy height measurement.

2. Future research could explore the spatial effects of Ceratotystis wilt. and other diseases
on Acacia mangium populations, both wild and planted.

3. Future studies should consider monitoring the status and health of Eucalyptus pellita,
an important tree species in the Industrial Tree Plantation (ITP) in Borneo.

4. Future research could investigate and compare the resilient levels between wild and
planted tree species, which could provide valuable insights for forest management and
conservation efforts.

5. The recommendations and methodologies developed in this study could be applied to
other parts of Borneo and other tropical regions, to improve our understanding of multi-
sensor remote sensing techniques and the applications in forest and plantations
monitoring and sustainable management.

6. The future studies will include below ground forest biomass and carbon also further
investigation to estimate the forest age in the study area.

Building upon the insights gained from this study, the scientific community can address the
identified limitations and incorporate the recommended future research directions. This will
enable a more comprehensive understanding of the potential and challenges associated with
the application of multi-sensor remote sensing techniques in tropical forest environments. By
addressing these gaps and exploring the proposed research avenues, the scientific community
can further advance the knowledge and capabilities in this field, ultimately contributing to more
effective monitoring and management of tropical forest ecosystems.

7.8. Concluding remarks
In conclusion, findings of this study demonstrate the potential of multi-sensor remote sensing
techniques in enhancing the classification and mapping of LULC in the tropical forest and

plantations landscape in Borneo. This capability is crucial for the sustainable management also
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conservation of important ecosystems in Borneo. The technical studies presented in this thesis
provide valuable insights from the results, and the methodologies developed can be further
improved by future research. These methodologies are essential for a wide application,
including estimating aboveground biomass changes, discriminating between native forests and
plantations, mapping the extent of plantations, monitoring forest degradation, and monitoring
plantations. The information derived from this research will contribute to guiding the
development and implementation of sustainable management practices to conserve
biodiversity, maintain environmental stability and quality, support local livelihoods, and help
in mitigate climate change. To further enhance the potential of multi-sensor remote sensing
techniques, future studies should explore the application of these methodologies in other parts
of Borneo and tropical regions. This will contribute to a more comprehensive understanding of
the utility and limitations of these techniques, ultimately leading to more effective and

sustainable management of tropical forests and plantations.
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Figure A2. ICESat-2 Data 2018 within the 2017 TanDEM-X acquisition boundary (a) and
2019 ICESat-2 within the 2019 TanDEM-X acquisition (b) with SRTM at the background over

the study area.

137



(b)

<

Figure A3. ICESat-2 Data 2018 within the 2017 TanDEM-X acquisition boundary (a) and

2019 ICESat-2 within the 2019 TanDEM-X acquisition (b) with SRTM at the background over

the study area.
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Figure A4. Histogram of the Forest Inventory Data.
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Figure A5. Global Airborne Observatory (GAO) Tree Canopy Height (TCH) Data (2016) and
histogram within the 2017 TanDEM-X Data Acquisition Boundary over the Study Area. Also

TCH histogram of the GAO Data.
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Figure A6. Global Ecosystem Dynamics Investigation (GEDI) Canopy Height Data (2019)
with histogram and SRTM in the background. Also, with TanDEM-X Acquisitions 2011 (Red),

2017 (Purple) and 2019 (Light Blue).
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Figure A7. TanDEM-X Generated Coherence of years 2011 (a), 2017 (b) and 2019 (c).

Figure A8. Example of clear-cut timber harvesting of planted Acacia mangium, with 5 years
old Eucalyptus pellita in the background. Photo taken on 15 August 2023 in Bengkoka FR

facing east view.
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Table A.1. TanDEM-X acquisition parameters.

. : Incidence Perp. Height of
Acquisition Date Orbit Angle (°) Baseline (m) Ambiguity (m)
02 Dec. 2011 Ascending 38.71 163.58 75.98
17 Jun. 2017 Ascending 38.40 338.92 36.40
29 Oct. 2019 Descending 41.32 303.21 44.32

Table A.2. Summary of the ICESAT-2 ATLAS Data Collection used.

Collection Ref. Ground . Number of Selected Scan
Orbit Lines
Date Track Beams
20 Nov. 2018 Middle Descending 903
29 Nov. 2018 West Ascending 234
19 Feb. 2019 Middle Descending 1,011
21 May. 2019 Middle Descending 1,453
29 May. 2019 West Ascending 166
20 Aug. 2019 West Descending 11
19 Nov. 2019 East Descending 535
Total 4,313
Table A.3. Summary of ICESAT-2 ATLAS Data of Canopy Height.
Collection Number of Selected CH Min (m) CH Mean CH Max (m)
Year Beams (m)
2018 1,137 1.47 17.60 53.38
2019 3,915 1.56 17.67 37.57

Table A.4. Summary of Mean Diameter at Breast Height (CBH), Commercial Bole Height
(CBH), Tree Height (TH), Tree Height at Maximum and Minimum.

Collection No. of DBH Mean CBH TH Mean TH TH
Year Trees Mean (m.) Min Max
Plots (m.) (m) (m)
2011 93 488 18.35 20.50 6.5 28.70
2012 274 1,452 15.74 20.15 6.61 27.14
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Table A.5. Summary of 2023 field inventory dataset

Mangrove Acacia Mangium Secondary Forest
Max height (m) 14.44 17.39 16.80
Mean height (m) 11.26 12.89 12.41
Min height (m) 9.88 8.75 10.02

Table A.6. Summary of the Global Airborne Observatory (GAO) Tree Canopy Height (TCH)
Data.
Acquisition Year Pixels Resolution CH Min CH Mean CH Max

(m) (m) (m)
2016 30m 0 7.70 27.19
Table A.7. Summary of GEDI L2A Dataset
Collection Year Number of Selected CH Min (m) CH Mean CH Max
Beams (m) (m)
2019 5,885 1.91 15.10 44.28

Table A.8. Variable importance, described by % increase in MSE when model variable is
permuted (%IncMSE) and increase in node purity when variable is permuted (IncNodePurity).

Higher values indicate higher importance.

Variables %IncMSE IncNodePurity
Coherence 109.30 57786.61
DEM 57.34 35570.71
FVvC 49.09 26269.91
LAI 26.25 22536.51
Slope 25.12 23992.24

Table A.9. Summary of the Estimated Canopy Height for the year 2011 by percentiles.

Models 2" Perc. (m) Median (m) 98t Perc. (m)
SINC 13.96 17.93 26.07
RF 8.3 11.55 23.18
SR 1.32 20.72 23.82
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Table A.10. Summary of the Estimated Canopy Height for the year 2017 by percentiles.

Models 2nd perc. (m) Median (m) 98t Perc. (m)
SINC 10.50 16.70 27.03
RF 8.75 17.29 29.65
SR 6.32 21.94 28.36

Table A.11. Summary of the Estimated Canopy Height for the year 2019 by percentiles.

Models 2" Perc. (m) Median (m) 98t Perc. (m)
SINC 14.16 17.76 26.24
RF 9 18.33 29.68
SR 9.58 21.20 29.58
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