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Forest Aboveground Biomass Mapping Using a Multi-Sensor Remote Sensing Approach

ABSTRACT

Climate change poses a significant challenge globally, however, developing countries are
particularly vulnerable to its impacts. Forests emerge as a vital component in this context due to
their function in the Earth's carbon exchange system and as reservoirs of terrestrial carbon. Forests
not only contribute to the livelihood of a substantial portion of the global population but also serve
as sanctuaries for rich biodiversity. However, these critical ecosystems are threatened by
accelerating deforestation rates, primarily driven by agricultural expansion in developing regions,
including the three continents: Asia, Africa, and Latin America. This deforestation disrupts forest

carbon storage, threatens biodiversity, increases urban pollution, and climate change issues.

China's 23.63% forest cover is rapidly diminishing due to agricultural expansion and population
growth, intensifying the country's vulnerability to local climate variations. Rapid urban
development in cities like Wuhan has caused a surge in pollution levels, adversely affecting the
local climate and ecosystem. Wuhan's air pollution surpasses safe limits, leading to respiratory
issues and environmental deterioration. Accurate mapping of aboveground biomass in small urban
forest parks is important to address the impacts of urbanization on local climate, recreational
spaces, and pollution from population growth. Mapping accurate AGB met some challenges. This
study identifies two key scientific issues: firstly, the lack of accurate forest ground sample
collection, and secondly, addresses the limitation of ground sample collection from restricted and

remote areas.
The main content of this thesis includes:

1) Importance of forest biomass and state-of-the-art measurement methods, emphasizing the role
of forests in carbon sequestration and local-level climate change mitigation.

2) Focus on sampling strategies for ground samples, data acquisition, and analysis methods,
including the use of Sentinel-2 and Sentinel-1 data, and introduces the GEDI L4B dataset for
validation.

3) Results and comparison of the biomass assessment and modeling analysis for the Maanshan
Forest Park. It includes stand structure analysis, vegetation index analysis, and model

evaluations.
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The research is centered on the Maanshan Forest Park in the Wuchang District of Wuhan, China.
The study utilizes Sentinel-1 and Sentinel-2 data to estimate forest aboveground biomass using
two different validation datasets i.e., (Ground Samples and GEDI L4B mean AGB) and their
estimation results comparison, despite encountering some challenges in establishing robust
statistical relationships between vegetation indices and AGB. Machine learning models,
specifically the Random Forest (RF) and Support Vector Machine (SVM) algorithms, showed
potential contributions in enhancing AGB estimation, with varying degrees of success. RF notably

outperformed the SVM and Stepwise Regression models in predicting AGB.

RF model predicted AGB within the range of 47.37 Mg ha to 86.62 Mg ha™, exhibiting a
significant statistical association (R?=0.87, RMSE=28.19 mg/ha), SVM performed (R?=0.51,
RMSE=34.3 mg/ha) and SR performed (R?=0.34, RMSE=26.47 mg/ha) with field-measured AGB.
Additionally, RF model predicted AGB within the range of 50.37 Mg ha* to 90.62 Mg ha™, with
a significant statistical association (R?=0.83, RMSE=25.75 mg/ha), SVM showed (R?=0.48,
RMSE=21.51 mg/ha) and SR performed (R?=0.31, RMSE=30.16 mg/ha) with GEDI L4B
validation dataset. The RF algorithm proved to be effective in AGB estimation.

The main initiative of this study lies in the ground sampling method devised to accurately map
aboveground biomass (AGB). This method incorporates real-time ground observation and takes
into account the shape of the plots and precise locations from each corner of the sampling plot for

accurate sampling of forest trees to map AGB with improved accuracy.

In conclusion, the study highlights the importance of forests in mitigating local-level climate
change and emphasizes the need to preserve and enhance forest carbon stocks. It demonstrates the
challenges and opportunities in using advanced technologies for forest conservation. In the future,
longer wavelength radar data can be explored for improved biomass estimation through deeper
canopy penetration. And to develop specialized allometric equations and integrate GEDI data with

field measurements to enhance the accuracy of above-ground biomass mapping.

Keywords: AGB Mapping; SAR; Sentinel-2; Global Ecosystem Dynamics Investigation;
Machine Learning
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CHAPTER 1 INTRODUCTION

1.1 Background

Climate change, propelled by escalating greenhouse gas (GHG) emissions, stands as a
major environmental challenge in today's world [1]. A primary greenhouse gas (GHG), the carbon
dioxide (CO2) concentration has risen from 277 parts per million (ppm) during the pre-industrial
era to 409.85 ppm in 2019. This increase has been linked to temperature rise, changed patterns of
precipitation, and erratic extreme weather occurrences [2]. The role of human activities in this
climatic shift is undeniable, with the period 2006-2015 witnessing a land temperature increase of
1.53°C over the 1850-1900 baseline. Deforestation and forest degradation have been significant
contributors to greenhouse gas (GHG) emissions, with estimates indicating a notable increase over
the years. In 1970, the estimated GHG emissions from these activities were around 490 + 180
gigatons (Gt) of carbon dioxide (CO3). By 2010, this figure had risen to approximately 680 + 300
Gt CO2 [3]. Agriculture, Forestry, and Other Land Use (AFOLU) sectors are responsible for nearly

23% of anthropogenic GHG emissions.

Spanning a substantial portion (31%) of the planet's land area, forests, are vital for their role in
carbon storage, sequestering an estimated 2-4 gigatons of carbon annually [4]. They are crucial for
climate change mitigation, supporting biodiversity, and providing livelihoods for 7.888 billion
people globally. The global forest biomass, particularly AGB is essential for determining the
carbon status of forests, representing a significant portion of the forest's total carbon pool [5].
Efforts to reduce GHG emissions through initiatives like reduced deforestation and forest
degradation (REDD+) underline the need of precisely measuring the carbon and biomass of

forests.

Despite forests pivotal role in climate regulation, there is still little reliable data on the biomass
and carbon status of forests, especially across national and subnational scales. Many believe that
significant afforestation and reforestation efforts are essential to limit global warming to 1.5°C or
2°C. Initiatives like REDD+ offer cost-effective strategies for climate mitigation [3]. However,
the success of these initiatives hinges on the precise measurement of forest biomass, including all

living biomass above and below the ground, and other carbon pools like deadwood, litter, and soil

1
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organic carbon (SOC) [6]. China underscores the urgency in addressing deforestation and its
impact on climate change. The local community’s dependency on forestry resources, combined
with socio-economic challenges and the absence of alternative fuels, further exacerbates
deforestation pressures. This situation underscores the crucial importance of sustainable forest
management and conservation strategies. These efforts are vital for mitigating the impacts of

climate change and safeguarding global forest resources.

Tropical
45%

Boreal
27%

Tempe rate
16%

Subtropical
11%

Figure 1 Global forest area proportion and distribution across climatic zones (FAO, 2020b)

The purpose of this research is to assess forest biomass in MFP by integrating field inventorying
techniques and the latest GEDI L4B dataset along with advanced remote sensing and machine
learning approaches. This research seeks to inform effective forest management and conservation

strategies that can mitigate climate change impacts local scale, preserve biodiversity, and support
the livelihoods of local communities.

1.2 Study area

Maanshan Forest Park is located in Wuchang district, Wuhan city. Wuhan is in the middle
of Hubei province, central China, and the capital of the province. The city is located at the
confluence of the Yangtze River and Hanshui River. Maanshan Forest Part is located with Easte

Lake and Yujia Mountain covering a total area of 8,117,343 m?. Wuhan is the economic, political,
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and financial center and the most populous city of central China, with a population of over 11
million. The city of Wuhan is considered a transportation center for travel to nine provinces, which

means that many seaways, expressways and railways surround it.
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Figure 2 Study area

There are seven urban districts in Wuhan and six districts in suburban or rural areas. The urban
area consists of three major towns divisions, i.e., Wuchang, Hankou, and Hanyang, by Yangtze
River and Han River. The terrain consists of Hilly and Plain areas with an average altitude below
50m. During the hottest month mean temperature recorded as 29.8°C, where maximum
temperature recorded as 39.4°C, and the mean temperature during the coldest month as 3°C, where
max-minimum temperature recorded as -18.1°C [7]. There are four LULC types, i.e., water, urban,

forest, and cropland. In 2017 the percentage of LULC in each type was analyzed as; 8.1% water,
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20.2% urban, 14.8% forest, and 56.9% cropland [8]. The study area is dominant with the lakes and

the Yangtze River also passes through the middle.
1.3 Scientific questions

Urban climate change poses a significant threat globally, with developing countries bearing a
disproportionate impact. Forests are crucial for their role in carbon sequestration and as sources of
livelihood and biodiversity, are under threat from deforestation, exacerbated by the use of trees as
a fuel source by urban societies contributing to environmental degradation and loss of green
spaces, and population growth, especially in developing countries like China. Effective forest
management and conservation strategies are imperative to mitigate climate change impacts,
preserve biodiversity, and support local communities. However, achieving these goals are affected

by the limitation of enough ground samples and accurate assessment of AGB.

1) What are the current biomass levels in MFP, and how can they be accurately assessed using
field inventorying techniques, GEDI L4B, and remote sensing data?
2) How effective are machine learning algorithms in estimating AGB in MFP?

1.4 Research objectives

The primary objective of this research is to comprehensively assess the biomass in MFP.

Specific objectives include:

1) Quantifying aboveground biomass (AGB) using field inventorying and GEDI L4B mean
AGB along with remote sensing data.

2) Exploring the relationship between satellite data and forest AGB to develop accurate
estimation models.

3) Exploring the relationship and AGB estimation trend between two different validation
datasets i.e. field inventory data and GEDI L4B.

1.5 Structure of a thesis

Chapter 1 elaborates on the general introduction and background information, setting the context

for the research topic.
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Chapter 2 provides the literature review and related work, covering theoretical studies on the

significance of forest biomass, forest measurements, the importance of vegetation indices, GEDI

L4B data, remote sensing data, and machine learning models.

Chapter 3 provides descriptive studies that outline the materials and methods employed, including

field data collection methods, satellite remote sensing techniques, variable extractions, data

analysis, and the models used.

Chapter 4 presents the results and validation of the research, encompassing biomass assessment,

model evaluations, correlation analysis, above-ground biomass (AGB) mapping, and comparisons.

Chapter 5 concludes the thesis by summarizing the main conclusions and providing insights into

future work. (Fig. 3) effectively visualizes the logical flow.

Chapter |
General Introduction
& Background
Information

Theoretical Studies

Chapter Il
Literature Review &
Related Work

1) Significance of forest biomass|
2) Forest measurements

3) Importance of VI's

4) GEDI L4B

5) Machine learning models

l

Descriptive Studies

Chapter Il
Materials & Methods

1) Field data collection methods
2) Satellie remote sensing

3) Vanable extractions

4) Data analysis

5) Models used

Chapter V
Conclusion & Future
Work

iL

Output

Chapter IV
Results & Validation

1) Biomass assessment
2) Model evaluations

3) Correlation

4) AGB mapping

5) Comparison

Figure 3 Thesis structure diagram
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CHAPTER 2 LITERATURE REVIEW

2.1 Significance of forest biomass

Urban climate change, recognized as one of the most pressing global threats, is primarily
caused by greenhouse gas emissions, especially rising carbon dioxide (CO2) levels. These
increasing CO- levels impact temperatures, rainfall patterns, and extreme weather events in urban
areas [1, 9]. Between 1750, when the Industrial Era began, and 2019, CO> concentrations increased
dramatically from about 277 parts per million (ppm) to 409.85 £+ 0.1 ppm, with anthropogenic
activities being the main culprits behind this dramatic increase [2, 10]. This escalation has notably
warmed land temperatures by 1.53°C from 2006-2015 compared to the period 1850-1900,
highlighting the severity of climate change impacts [3].

Forests, covering 4.06 billion hectares or 31% of the Earth's surface, play a crucial role in carbon
sequestration, accounting for 80% of terrestrial carbon and significantly mitigating climate change
effects [4, 11]. Even though forests play a vital role in absorbing greenhouse gases, cutting down
trees and damaging existing forests are releasing a significant amount of these gases into the
atmosphere. In fact, between 2007 and 2016, human activities related to land use, including
agriculture, forestry, and deforestation, were responsible for nearly 23% of all greenhouse gas
emissions [3]. The global mean forest carbon is estimated at 75 Mg C ha, with forests annually
storing 2-4 gigatons of carbon, highlighting their significance for the global carbon cycle and are
critical for 1.6 billion people worldwide [12].

AGB, or aboveground biomass, makes up between 70% and 90% of the total biomass in forests,
and emerges as a critical carbon pool within forest ecosystems. Changes in land usage and
disturbances like fires and logging have an immediate effect on it, thereby playing a significant
role in carbon fluxes [13]. Initiatives such as REDD+ provide financial incentives for developing
countries to combat deforestation. Consequently, accurate measurement of carbon and biomass in

forests becomes imperative for effective climate mitigation strategies [14].

Protected areas serve as crucial biodiversity conservation tools and play a key role in preventing
deforestation and preserving forest carbon stocks. However, they face anthropogenic pressures

that threaten their integrity, particularly in developing regions [15]. This comprehensive analysis
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underscores the intricate relationship between forests, climate change, and anthropogenic
activities. It highlights the critical role of forest ecosystems in carbon sequestration, the alarming
rates of deforestation, and the significance of protected areas in mitigating climate change impacts.
Initiatives like REDD+ and the designation of protected areas are vital for preserving forest carbon
stocks, yet the effectiveness of these measures depends on addressing improving forest

management techniques and identifying the root causes of deforestation.

2.2 Measurements of forest biomass using remotely sensed characteristics and forest

inventories

Accurate aboveground biomass (AGB) measurement is essential for carbon stock
assessment but challenging due to the limitations of direct, destructive sampling methods, which
are labor-intensive, costly, and potentially harmful to biodiversity [16]. Non-destructive
alternatives involve using allometric equations derived from forest inventory data, including tree
diameter, height, and wood density, which are reliable but require precise selection to avoid
significant estimation errors [17]. Wood Density (WD) and Biomass Expansion Factors (BEF)

offer another non-destructive inventory-based method, though their scalability is limited [18, 19].

Remote sensing, combined with field data, is favored for its ability to cover extensive areas
efficiently, making it a popular AGB estimation method endorsed by the UN-REDD program. It
encompasses passive sensors (optical remote sensing), and active sensors like Radar and LIDAR,
each with unique advantages and challenges [13]. Passive sensors are widely used for their
correlation with vegetation indices and AGB but are limited by sunlight dependency and cloud
cover interference [20]. Radar, unaffected by these conditions, offers potential for AGB retrieval
through backscatter analysis, despite issues like data saturation and complexity [21]. LiDAR
technology, though expensive, provides precise 3D forest structure data, greatly benefiting AGB
estimation. Despite their drawbacks, these remote sensing methods remain critical for advancing

AGB estimation efforts, especially in resource-constrained settings.

Satellite-mounted LiDAR systems, such as those used in the Global Ecosystem Dynamics
Investigation (GEDI) and the Ice Cloud and Land Elevation Satellite (ICESat-2) missions by the

National Aeronautics and Space Administration (NASA), are essential for assessing vertical forest
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structures. The GEDI mission, in particular, is noteworthy for being the first spaceborne LiDAR
mission specifically designed for this purpose [22, 23]. While LIiDAR offers exceptional
capabilities for AGB estimation, its high cost can be a barrier. This limits access to LiDAR data
and sensors, particularly for developing nations. Researchers are actively exploring alternative
methods that can address this gap. Three main categories of remote sensing techniques are being

investigated for AGB estimation:

1) Passive/Optical methods: These techniques rely on capturing reflected sunlight, offering a
cost-effective approach but with limitations in penetrating dense canopies.

2) Active/SAR/Microwave methods: These methods utilize radar waves that can penetrate
clouds and foliage, making them valuable in all weather conditions.

3) LiDAR: As mentioned previously, LIDAR provides highly detailed 3D data but can be
cost-prohibitive.

(Fig. 4) visually compares the effectiveness of these three common methods in penetrating forest
canopies [24, 25].

OPTICAL RADAR LIDAR

Figure 4 Forest canopy penetrating comparison of three remote sensing techniques
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2.3 Importance of VI’s in AGB mapping

Vegetation indices play a crucial role in enhancing the mapping of aboveground biomass
(AGB) in diverse forest landscapes. Sensors with higher spatial and spectral resolution, such as
Sentinel-2 benefit from the inclusion of indices like the red-edge band, improving their sensitivity
to large AGB values and overall mapping accuracy compared to sensors like Landsat-8. Despite
variations in sensor performance, the ability to predict lower AGB values remains consistent,
particularly important for early forest successional stages [26]. Calibrating AGB models within
specific AGB domains helps mitigate bias, enhancing the accuracy of AGB estimation. This
improved mapping accuracy is vital for addressing sustainable development goals, aiding in
natural resource management, and the sustainable use of biomass [27]. Vegetation indices are key
in improving AGB mapping accuracy, especially in data-scarce regions, contributing to the

understanding of carbon cycling and ecosystem functions.
2.4 AGB mapping using GEDI L4B

The GEDI L4B dataset plays a crucial role in advancing the estimation and monitoring of
aboveground biomass (AGB) in forests worldwide [23]. Its three-dimensional measurements of
forest canopy structure provide valuable insights into biomass distribution and density, enabling
more accurate and comprehensive AGB assessments. This dataset is particularly valuable for areas
where ground-based measurements are limited or unavailable, offering a cost-effective and

efficient alternative for AGB estimation.

One of the key advantages of the GEDI L4B dataset is its ability to capture vertical forest structure,
including canopy height and vertical distribution of biomass, which are critical factors in AGB
estimation. By providing detailed information on forest structure, GEDI data enhances
understanding of carbon dynamics in forests and helps identify areas with high carbon stocks and
potential for carbon sequestration. This information is essential for developing effective forest

management strategies and policies aimed at mitigating climate change.

Furthermore, the global coverage of the GEDI dataset is essential for assessing the effectiveness

of conservation and restoration efforts and for guiding sustainable land use practices. Overall, the
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GEDI L4B dataset represents a significant advancement in our ability to accurately assess and
monitor AGB in forests, contributing to global efforts to combat climate change and preserve

biodiversity.
2.5 Machine learning and statistical algorithms for AGB estimation

Algorithms like linear, quadratic, exponential, and logarithmic regression equations are the
foundation for estimating Above-Ground Biomass (AGB) using field inventory characteristics.
The foundation of these algorithms is the establishment of an empirical link between AGB and
other remote-sensing metrics [28]. The direct application and ease of use of parametric techniques
like multiple linear regression (MLR), non-linear regression, and linear regression, make them
attractive for researchers aiming to quantify biomass using remotely sensed data [29]. Creating an
empirical link between AGB and remote sensing parameters is the first step in these strategies,
which is then applied to image pixels to estimate biomass [30].

Despite their widespread use, parametric models come with a significant caveat: they require the
fulfillment of certain statistical assumptions. These consist of the data's normal distribution, the
explanatory factor's lack of multicollinearity, and the presumption of a linear relationship between
the variables and the results [24, 30]. Such assumptions can be limiting, as they do not always hold
in complex environmental data, leading to potential errors and inaccuracies in biomass estimation.
Moreover, parametric models often struggle to capture the intricate, non-linear relationships that
exist between forest variables and remote sensing parameters, further complicating their use in

diverse forest ecosystems [31].

In contrast to the limitations of parametric methods, non-parametric algorithms, particularly
machine learning models, have emerged as powerful tools for AGB estimation. These models,
which consist of a Support Vector Machine (SVM) and Random Forest (RF), do not rely on the
traditional assumptions required by parametric approaches. Rather, they can manage intricate and
non-linear correlations among variables, which makes them ideal for examining the complicated

interplay between forest biomass and remote sensing information [32].

Because machine learning algorithms can handle big datasets with resilience and flexibility and

can incorporate a variety of input factors without requiring data transformation or assumption
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compliance, they are being used more and more. These models have been shown to outperform
traditional parametric approaches in terms of accuracy and reliability, particularly when applied to
heterogeneous forest landscapes [33]. The Random Forest algorithm, for example, has been widely
praised for its efficiency in handling overfitting, its ability to manage missing values, and its
provision of variable importance measures, which offer insights into the factors most strongly

influencing biomass estimation [34].

2.6 Summary of this chapter

This chapter provides a detailed review of forest biomass importance and measurement
methods. It highlights the forest’s role in carbon sequestration and climate change mitigation,
accounting for 80% of terrestrial carbon storage and annually sequestering 2-4 gigatons of carbon.
Deforestation and degradation contribute significantly to greenhouse gas emissions, emphasizing

the need for accurate biomass monitoring.

Remote sensing, combined with field data, offers a promising solution for efficient biomass
estimation. Passive optical sensors, radar, and LiDAR systems are examined, each with unique
advantages and challenges. Optical sensors are hindered by sunlight and cloud cover, while radar
offers AGB retrieval potential through backscatter analysis, despite data saturation issues. LIDAR
provides precise 3D forest structure data, enhancing AGB estimation accuracy. The significance
of vegetation indices (VIs), particularly from high-resolution sensors like Sentinel-2, in AGB
mapping improvement is discussed. The chapter also explores the GEDI L4B dataset, a global
LiDAR dataset providing high-resolution canopy structure measurements, beneficial in areas with
limited ground-based data. Additionally, the review discusses the shift from parametric to non-
parametric machine learning algorithms, like Random Forest and Support Vector Machine, for
AGB estimation. These models handle complex relationships between forest variables and remote
sensing parameters, often outperforming traditional regression approaches in diverse forest

landscapes.
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CHAPTER 3 MATERIALS AND METHODS

3.1 Methods for field data collection

Forestry relies heavily on sampling techniques for several reasons. Compared to measuring
every single tree, sampling offers: reduced cost, faster data collection, and improved accuracy.
However, smaller sample sizes can result in fewer errors, including those made by field workers
during measurements and data entry, inaccuracies related to the equipment used, and errors that

occur during field inventory and data processing [35].

Subjective and probabilistic samplings are the two main types of sampling techniques. Personal
experience and judgment are used in subjective sampling to choose sample units that are
representative of the total population. The population that needs to be sampled may not be correctly
characterized by the subjective sampling approach. In contrast, probability sampling relies on the
theory of probability to choose sampling units that accurately represent the total population. For
this research a specific type of sampling method was used to ensure all areas of the forest had a
fair chance of being included in the data collection. This method, called stratified random
sampling, involves dividing the forest into smaller sections (strata) based on relevant
characteristics. Then, random samples are chosen from each section. This approach is preferred
over simply selecting any tree (simple random sampling) because it guarantees better
representation of the forest's diversity. Other common probability sampling techniques include
systematic sampling and stratified random sampling, but stratified random sampling was most

appropriate for this particular study collecting field inventory data [36].
3.1.1 Shape of sampling plot

There are a variety of shapes to choose from when setting up sample areas in a forest. These
shapes can be squares, rectangles, circles, or even other geometric designs. Each shape has its own
advantages and considerations. Square plots, for example, offer several advantages. They provide
a uniform area for sampling and are relatively easy to lay out and measure [36]. Additionally,
square plots can be more efficient in terms of space utilization compared to circular plots, as they
can be arranged in a grid pattern with minimal gaps between plots.
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In this field inventory collection, square sampling plots are used to sample tree ground data. These
plots size was 10 meters square, which is equivalent to 0.1 hectares each. The choice of square
plots was influenced by their ease of setup and maintenance, making them practical for the terrain
and conditions of the study area. This approach aligns with common practices in forestry sampling,
where the goal is to simplify the sampling process while ensuring representative and reliable data

collection [31].
3.1.2 Forest feature assessment

To estimate the size and amount of trees in the sample plots, the diameter of all trees wider
than 5 centimeters at a specific height was measured. This height, called diameter at breast height
(DBH), is a standard measure in forestry and is typically around 1.3 meters above the ground [37].
The measuring tape was used to measure the diameter of each tree, recording the value in
centimeters on a data collection form. DBH is commonly measured in forest inventories due to its
strong correlation with other tree variables [39, 40]. After excluding error measurements, a total
of 435 trees were included from the 46 sampling plots in the Maanshan Forest Park (MFP). The
sampling was conducted in October 2022 and the GIS coordinates were recorded at the four
corners of each plot. Careful attention was paid to the precise location where the DBH

measurements were taken. (Fig. 5) illustrates the method used for measuring tree DBHs.

Figure 5 DBH measurement location for trees
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In each sampling plot, the height of every tree was meticulously measured and recorded in the data
collection form. Tree height is a crucial characteristic that can be directly measured in forestry
projects. It is commonly measured to estimate the potential timber yield of a forest stand and assess
the success of silvicultural treatments. Additionally, tree height plays a significant role in
ecosystem studies, as it influences light interception, carbon sequestration, and habitat structure
for various wildlife species. Therefore, accurate measurement and recording of tree height are
essential for obtaining reliable data for forest management and conservation purposes. It is
essential to carefully choose the appropriate terminology, particularly in the context of forest
inventory tasks, as several types of heights can be measured, including tree height, bole height,
and merchantable height. For this study, tree height, which refers to the vertical distance from a
tree's base to its tip, was the chosen metric [40] (Fig. 6). In general, measuring the height of trees
in forests is a challenging, expensive, and time-consuming task [41].

Tree

Figure 6 Height of a tree

A handheld laser rangefinder was used to measure the height of the trees. It is simple to use and
accurate, estimating height using ultrasonic technology [42]. (Fig. 7) shows the locations of the

sampling plots that were set up in the MFP for forest inventorying.
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Legend

e  Sample Plots

Figure 7 Field samples in MFP

3.2 Satellite remote sensing
3.2.1 Global ecosystem dynamics investigation L4B

GEDI, pioneering the first orbiting full-waveform LiDAR on the ISS, offers unparalleled
global insights into the vertical profiles of forests since its 2018 launch. GEDI's LiDAR system
meticulously captures the 3D forest structure with 25-meter footprints, staggered by 60 meters
along its path and 600 meters across, utilizing trio lasers for eight observation tracks [23]. The
GEDI L4B data product extrapolates 1 km? AGBD averages from extensive mission observations,

translating waveforms into biomass predictions.

In this research, GEDI's Level 4B mean aboveground biomass density (AGBD) for AGB
validation. Although 10 data files are included in the cloud-optimized GeoTIFF dataset of GEDI
L 4 B. All of the ten data files provide mean aboveground biomass density (AGBD) estimates for
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the period 2019-04-18 to 2021-08-04. The data file selected for this research is shown in (Table
1):

Table 1 GEDI L4B data file

File Name Description Unit Value Type
Dataset
GEDIO4 B Mean aboveground

_ _ _ Mg hat -9999 Float32
MU tif biomass density

To generate the validation dataset, the samples from MU data file were collected between April
and August of 2021 for MFP study area. (Fig. 8) shows GEDI mean aboveground biomass density
(AGBD) samples of MFP.

Legend
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Figure 8 GEDI samples points
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3.2.2 Sentinel-2 MSI optical data acquisition and processing

The Global Monitoring for Environment and Security (GMES), launched in 1998, is the
European Commission's (EC) Copernicus program. The European Space Agency (ESA) oversees
the program's space component, including the Copernicus Sentinel satellite constellations [43]. As
of October 2017, the Copernicus program's S2 mission is operational, and satellite data is

accessible for free [44].

The two satellites of the Sentinel-2 constellation mission are Sentinel-2A (launched on June 23,
2015) and Sentinel-2B (launched on March 7, 2017) [45]. The high revisit time of the S2
constellation is five days. Their Multispectral Imager (MSI) uses a 290 km field of view and
gathers data in 13 spectral bands utilizing pushbroom technology. There are three spatial
resolutions available for the data generated by the S2 constellation: 10 m, 20 m, and 60 m. At a
height of 786 kilometers, the mission runs in a sun-synchronous orbit. S2 data have been used in
a number of research pertaining to vegetation [46]. (Table 2) contains information about each of
S2's spectral bands [47].

Table 2 Sentinel-2 spectral bands

Bands Description Central Wavelength(nm) Resolution(m)
1 Coastal aerosol 443 60
2 Blue 490 10
3 Green 560 10
4 Red 665 10
5 Vegetation Red Edge 1 705 20
6 Vegetation Red Edge 2 740 20
7 Vegetation Red Edge 3 783 20
8 NIR 842 10

8A Narrow NIR 865 20
9 Water Vapor 945 60
10 Cirrus 1375 60
11 SWIR 1 1610 20
12 SWIR 2 2190 20

For this research | chose a specific satellite image from Sentinel-2 to analyze the forest. This image

was acquired on August 29, 2022, and importantly, had very minimal cloud cover, only 0.4
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percent, from which my part of study area was having zero clouds. The selected date is crucial

because it is very close to the date when the forest inventory data was collected on the ground.

To ensure consistency and leverage the higher resolution of 10 meters, bands 2, 3, 4, and 8 are
utilize [49, 50]. The image used is a Level-1C product, which already includes geometric and
radiometric corrections. The area of interest within the Sentinel-2 image is relatively small. To
save time processing the entire image, only the relevant portion is achieved by using a shapefile
of the study area to "clip" out the specific region from the larger image. This clipping is done using
QGIS software, a program commonly used for geographic data analysis. Once clipped, the
resulting image containing only the study area, saved and loaded back into QGIS for further

analysis, such as calculating vegetation indices.
3.2.3 Acquisition and processing of sentinel-1 data

The Sentinel-1 mission is a joint project between the European Union and the European
Space Agency. As mentioned earlier, Copernicus was formerly referred to as GMES. This is an

attempt by Europe to offer security and environmental information services [43].

The European Space Agency's Sentinel-1 mission plays a crucial role in Earth observation,
utilizing two satellites (S1A and S1B) to capture radar data. These satellites carry a powerful C-
Band Synthetic Aperture Radar (SAR) instrument, capable of generating images with exceptional
detail. Resolutions can reach as fine as 5 meters, and the swath width, the area covered in a single
image, can span up to 400 kilometers. The mission offers various imaging modes, each suited for

specific applications.

In this study, the Interferometric Wide (IW) mode is used due to its effectiveness in land surface
research [50]. The IW mode offers several advantages for this purpose. It captures data with a
spatial resolution of 5 by 20 meters, allowing to zoom in on specific features. Another key benefit
is the dual polarization capability, meaning the data can be analyzed from different perspectives
(VV and VH). This provides a more comprehensive understanding of the land surface
characteristics [57, 58].

The Sentinel-1 image of 20 September 2022 for the study area is downloaded using the Google
Earth Engine platform, which has already undergone pre-processing steps that are essential for
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preparing the Sentinel-1 data for subsequent analysis, to derive meaningful insights into above
ground biomass [53]. Following are the preprocessing steps that are performed by Sentinel-1

Toolbox before uploading to GEE:

1) Thermal noise removal: This reduces unwanted noise in the data.

2) Radiometric calibration: This converts the raw data into units of backscatter coefficient
(sigma- naught, 6°) in decibels (dB) using the following equation (developed by ESA, 2021)
[55];

d°(dB) = 10loga® (1)

where, ‘a®’ is the backscatter for a certain polarization, and ‘c®(dB)’ is the normalized

radar cross-section.

This allows for comparison between images and easier interpretation of radar backscatter
strength [61].

3) Terrain correction (orthorectification): This accounts for distortions caused by the terrain's
topography, projecting the image onto a flat reference plane.
4) Orbit file application: This ensures the image is accurately positioned based on the

satellite's orbit information.

In last the image is scaled to 10- meter resolution to match the resolution of Sentinel-2 data and
exported from Google Earth Engine, and imported to SNAP software to improve the image visual
appeal, the Non-linear Median Filter (3 x 3) is used [56]. Subsequently, the image is clipped by
the study area shape file to match the dimensions of the study area. The resulting image, containing
VH and VV polarizations, is then saved as GeoTIFF raster file. This step ensured that the data is
properly aligned with the study area, setting the stage for further analysis and interpretation of the

Sentinel-1 imagery for AGB estimation.
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Figure 9 VV polarized data from the study area

The VV and VH polarization maps of the study area provide valuable insights into the vegetation
characteristics essential for AGB estimation. The VV map (Fig. 9), with a range from 0.004 to
28.197, indicates the backscatter intensity sensitive to vertical vegetation structures. Areas with
higher VV values suggest denser vegetation or rougher surfaces, aiding in identifying areas with
potentially higher biomass. In the V'V polarization, dense vegetation areas typically appear bright
due to the strong backscatter from the vegetation canopy. This brightness indicates high radar
reflectivity, which is associated with dense vegetation cover and potentially higher AGB. In
contrast, non-vegetated or less vegetated areas reflect lower radar reflectivity. By visually
inspecting the VV and VH visualizations of the study area, patterns and variations in radar
backscatter are identified that are indicative of different vegetation types, densities, and biomass

levels.
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On the other hand, the VH map (Fig. 10), with values ranging from 0.001 to 1.447, provides
information on both vertical and horizontal vegetation structures. Higher VH values may indicate
more scattering from volume structures like buildings. Comparing the spatial patterns and ratios
of VH to VV backscatter can further elucidate the vegetation structure and density variability
within the area. VH polarization can provide complementary information to VV. In the VH
polarization, areas with different surface properties exhibit varying backscatter characteristics. For
example, water bodies and smooth surfaces may appear bright due to specular reflection, while
rough surfaces such as bare soil or urban areas may appear darker due to increased scattering.

Vegetated areas may also exhibit moderate to high backscatter depending on vegetation structure

and density.
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Figure 10 VH polarized data from the study area
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Figure 11 Workflow methodology for estimating and mapping AGB

3.3 Variables extraction from satellite data

3.3.1Vls

Vegetation Indices (VIs) are combinations of spectral bands in the visible and near-infrared
regions of the electromagnetic spectrum [57]. These VIs offer a straightforward method for
gathering details about vegetation properties from a big collection of remote sensing data. They
are an effective way to gauge the productivity and vigor of the plants [58]. VIs have also shown
statistically significant associations and have been employed for AGB calculation [59].
Chlorophyll, water content, leaf angle, density, canopy structure, and other factors are some of the
causes of this association [60]. Various kinds of VIs fall into the categories of broadband and
narrowband, for example, reviewed about 35 VIs for their research. In a similar vein, [61] reported

distinct Vs in their research.
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3.3.2EVI

The Enhanced Vegetation Index (EVI) and Normalized Difference Vegetation Index
(NDVI) are employed in this study due to their widespread use and significant correlations with
Aboveground Biomass (AGB) [62]. Due to its availability, ease of use, and suitability for a variety
of ecosystem types, EVI is also one of the most used indices. The Enhanced Vegetation Index
(EVI) ratio includes the red and near-infrared (NIR) bands of the electromagnetic spectrum, which
are related to the "greenness" of the vegetation canopy [63]. The EVI is more sensitive to canopy
structure among the two vegetation indices, but the NDV1 is more sensitive to chlorophyll [64]. In
investigations about vegetation, these two indicators work well together. Moreover, the EVI's
value spans from -1 to 1. The formula used to calculate EVI is as follows [65];

(NIR-Red)

EVI=2.5x (NIR+6xRed—7.5xBlue+1) “

EVI for the research area is determined using QGIS software. The above formula for the EVI is
written using a raster calculator after the S2 image for the research region was input. The raster is

stored for later use, and an EVI map is created using the QGIS software's layout manager (Fig. 19).

3.3.3NDVI

The Normalized Difference Vegetation Index (NDV1) is a widely used tool to identify areas
with vegetation [66]. It works because healthy, green plants reflect more near-infrared light (NIR)
while absorbing the most visible light, compared to unhealthy or sparse vegetation. This difference
is captured by the NDVI, which uses specific wavelengths within the electromagnetic spectrum:
red light (0.62-0.75 micrometers) and near-infrared (0.75-1.3 micrometers) [67]. Leaves, rich in
chlorophyll, act like tiny solar panels. They absorb the red light for energy and reflect the non-
visible near-infrared light. This reflection is also influenced by the structure of the leaves and how
they are arranged on the plant [68]. NDV1 values range from -1 to +1. Negative values typically
indicate water bodies, while values close to zero suggest bare ground. Values between 0.2 and 0.8
represent areas with some vegetation, but it might be sparse or unhealthy. As the NDVI value
increases above 0.8, the vegetation becomes denser and greener. Values near 1 indicate areas with

the most lush and healthy vegetation, like rainforests. The NDVI formula is as follows [69];
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(NIR-Red)

NDVI = (NIR+Red) )

In this study, QGIS is used to calculate the Normalized Difference Vegetation Index (NDVI) for
the research area. The NDVI equation is applied using a raster calculator after importing the
Sentinel-2 image into the QGIS software. The resulting raster is saved for further analysis, and an
NDVI map is generated using QGIS's layout manager (Fig. 17).

3.3.4 Grey level co-occurrence matrix (GLCM)

The spatial link between neighboring pixels is taken into consideration by the two-
dimensional GLCM (Gray-Level Co-occurrence Matrix) dependence matrix [70]. For this
investigation, three GLCM metrics were computed for the S1 data. They were Contrast, Entropy,
and Angular Second Moment (ASM). The GLCM metrics were computed using the 'r.texture’
geo-algorithm from the Geographic Resources Analysis Support System (GRASS) plugin in the
QGIS software, utilizing a 3 x 3 pixel moving window size [71]. The degree of disorder in the
image is measured by entropy. ASM, sometimes known as "Energy" gauges an image's textural
homogeneity [72]. The quantity of local differences in the image is measured by contrast [73].
Strong connections have also been found between the AGB and the Entropy, ASM, and Contrast

[81, 82]. The three metrices formulas for entropy, ASM, and contrast are mentioned in (Table 3).

Table 3 GLCM texture for sentinel 1

GLCM Texture Equations Description
N-1 Contrast is a measure of how much the
Z p;i X (i —j)? brightness of pixels in an image differ from
Contrast J X ; X i .

ij=0 their neighbors, High contrast in an image

indicates sharp edges or surface irregularities.
N-1 X ASM is a statistical measure that analyzes the
ASM Z (pl-,j) spatial distribution of pixel values in an image,

ij=0 revealing the degree of order or randomness.
N-1 Entropy reflects the unpredictability of pixel

.. —InPij i indi

Entropy Z p;; X (—InPii) values. Higher entropy indicates a more

ij=0 complex and detailed image, with less
uniformity in pixel intensity.
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Where, ‘P, ;’ is calculated as P, ; = n‘i+ and it is the probability of finding the GLCM

Z. _Vij
i,j=0
relationship at cell (i,j); is such that Z{f’j‘:lO(Pi,j) = 1, ‘N’ is the number of grey levels in the image

as specified by the number of levels in the quantization, and ‘V; ;* is the grey level value in a cell

(i,j) of the image window.

3.4 Data analysis

3.4.1 Statistical evaluation of field measurements

The statistical evaluation of field measurements included calculating mean diameter, tree
volume, density, and aboveground biomass (AGB) using established allometric equation. The data
is further analyzed using regression analysis to understand the relationships between variables and

to assess the accuracy of the measurements.

3.4.2 Mean diameter

Using following equation [76], the quadratic mean diameter for every plot is calculated;

N

d?

<.

Mean DBH = 4)

2|

Because it has a closer relationship to volume than the average of DBHSs, the quadratic mean
diameter is thought to be more beneficial [77]. The mean DBH for this study is defined as the

quadratic mean diameter.

3.4.3 Tree volume

Tree volume was determined using the formula below [78];
Volume of tree(m?) = % X DBH? x H X FF (5)

Where ‘DBH?’ is the diameter at breast height, ‘H’ is the height of a tree, and ‘FF’ stands for Form

Factor.
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For commercial reasons, the volume of a tree is one of the most important variables in forestry,

and it is also easily related to other variables in forestry [79].
3.4.4 Density

The number of trees growing in a specific area is called tree density [80]. This measurement

is important because it helps us understand the different stages of growth within a forest [81].

Tree Density = (Number of Trees) / (Area) (6)

3.4.5 Field AGB

Initially, the field inventory data collected is used to calculate AGB using following

allometric [82];
AGB = 0.0673 x (pD2H) x 0.976 (7

Where the symbol ‘p’ is assigned a value of 0.375, ‘D’ represents the Diameter at Breast Height,

and ‘H’ represents the tree height.

3.4.6 Converting to hectare units

To analyze the data at a landscape level and facilitate comparisons across larger areas, the
forest variables volume (in cubic meters m3), density, and aboveground biomass (in megagrams,
Mg) were scaled up to hectares (ha). This upscaling process involved dividing each variable by
0.1 [83], effectively converting the measurements from a smaller unit area (likely square meters)
to a larger unit area (hectares). This allows for a more comprehensive understanding of forest

resources and ecosystem services at the hectare level.

3.4.7 Statistical analysis

Regression analysis is used to understand how the variables are related. This technique
helps identify linear relationships (straight line) between variables. In cases where the relationship
isn't linear, a different method called power regression is used [84]. This is common in studies of
Aboveground Biomass (AGB) because the link between variables isn't always perfectly straight
[85]. A key metric used to assess the strength of this relationship is the Coefficient of

Determination (R-squared). Higher R-squared values indicate a stronger connection between the
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variables [86]. In AGB research, R-squared is commonly used to gauge how well the variables
can be used to predict biomass. Here's a general guide to interpreting R-squared values [87]:

1) Below 0.2: Weak relationship
2) Between 0.2 and 0.5: Moderate relationship
3) Above 0.5: Strong relationship

The presence of a negative sign simply indicates that the variables change in opposite directions.
For example, as one variable increases, the other decreases. A significance level of 0.05 is used
for all statistical tests conducted in RStudio. This software is also employed to generate the relevant

data visualizations.

3.5 Models for analyzing remotely sensed parameters from satellites
3.5.1 Random forest

Regression and classification are two applications for the non-parametric machine learning
technique known as RF [88]. It has been effectively applied in research combining remote sensing
methods with AGB estimates. It was created by [89] and employs regression using the ensemble
learning approach [90]. When compared to the outcomes of the individual models, the ensemble
model results will typically be superior.

Among RF's benefits are: 1) increased precision 2) Resistance to noise and outliers 3) Processing
speed 4) the relevance of predictor factors is estimated [91]. In the case of RF, numerous predictor
factors can also be employed [89]. When employing the RF approach, decision trees are built as
much as possible without pruning. In this instance, bootstrapping is used to randomly choose two-

thirds of the training data through repeated resampling of the data with replacement.

By combining the predictions made by several individual trees, this procedure increases the final
prediction’s flexibility. The model's errors are estimated using validation samples drawn from the
remaining one-third of the data, which is referred to as out-of-bag (OOB) data. This term is used
because the model is not trained on this portion of the data and therefore does not "see™ it during

the training process [92]. The basic equation of RF model is:
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7 =285 fo) ®)

Where, ‘Y” is the predicted output (e.g., AGB), ‘B is the number of trees in the forest, and “f,,” is
the prediction of the b™" tree for input X.
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Figure 12 Random forest 5-fold cross-validation

The RF algorithm requires two inputs. First is "mtry," which denotes the number of predictor
variables considered at each decision tree node to partition the data. The second is "ntree,” which
represents the total number of trees the model utilizes. The statistical program RStudio made use
of the "raster," "caret,” and "randomForest" packages. In the RF models, the default values for
ntree and mtry were 500 and 1/3, respectively, for the regression [92]. The R 'caret’ package was
utilized to determine which variables in a model were most crucial [93]. The ideal amount of
variables is crucial for the model's increased accuracy [85]. Additionally, it makes interpretations

simpler and boosts the variable's predictive potential. To assess the model's predictive ability, a
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validation dataset is typically separated apart from the main dataset. However, | employed a 5-fold
cross-validation strategy in this study due to the short dataset [94], (Fig. 12).

3.5.2 Support vector machine

Support Vector Machines (SVMs) are a powerful classification tool widely used for tasks
like Aboveground Biomass (AGB) estimation. This technique relies on statistical learning theory
to find the best separation line (or boundary) between different categories in data, even in complex
situations [106]. SVM focuses on training data points closest to this boundary, called support
vectors. By maximizing the distance between these support vectors, SVM aims to create the most
accurate separation between classes. Originally designed for simple, straight-line separations,
SVMs can handle more complex data by using a technique called the kernel trick [97]. This trick
essentially projects the data into a higher-dimensional space, allowing for more intricate
boundaries. There are different options (kernels) for this projection, with the radial basis function
(RBF) being a popular choice due to its good accuracy and stability in AGB estimation research
[95, 110]. See also (Fig. 13).

(]

Figure 13 Illustration of the kernel function in SVM

Support Vector Machines (SVMs) rely on two main settings: kernel width (y) and regularization
parameter (C). Kernel width (y) controls how much influence individual data points have on the
classification boundary. Regularization parameter (C) balances the trade-off between fitting the

training data perfectly and avoiding overfitting. A higher C prioritizes perfectly fitting the training
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data, while a lower C allows for more flexibility to avoid overfitting. Utilizing the 'e1071" package,
the SVM is implemented in RStudio. Due to the small dataset size, a 5-fold cross-validation
method, similar to that described for the RF model, was used. Additionally, the ‘caret' package in
RStudio was utilized to select variables in a manner similar to the RF model. The basic equation
of the SVM model is:

f(X) =sign(w-X +b) 9)

Where, ‘f(X)’ is the predicted AGB value, ‘w’ represents the importance of each feature, is the
input vector, ‘X’ containing the values of the features, and ‘b’ is the bias term, which allows the
SVM to shift the decision boundary to better fit the data.

3.5.3 Stepwise regression

The stepwise regression technique acts like a detective, it selects the most influential
variables, one by one, to create a simpler and more effective model. There are three main
approaches to stepwise regression: 1) Forward Selection, 2) Backward Elimination, and 3) Mixed
Selection [45]. Forward selection starts with an empty model and then carefully adds the most
important variables (building blocks) one at a time. This continues until all the truly influential
variables are included. In contrast, backward elimination starts with all the variables in the model
(all the furniture) and then removes the least important ones (the unnecessary items) until only the
most relevant variables (essential furniture) remain. Variables are then removed one by one, with
each removal being guided by the same criterion. Subsequently, the variables that hold no
importance for the model are eliminated individually. This method similarly relies on a
predetermined standard. In contrast, "Mixed Selection or Bidirectional Elimination” combines the

two previously described methods of "Forward Selection” and "Backward Elimination."

In this study, | applied SR's "Backward Elimination” method. The method has been frequently
used for estimating AGB utilizing parameters from remote sensing. The data's normality
distribution was examined through the application of the Shapiro-Wilk Test. Using the RStudio
program, the variable's Spearman correlation coefficient is determined [99]. Where appropriate,
the data is additionally logarithmically transformed. The variance inflation factor is used to

evaluate the collinearity (VIF). Variables with a VIF greater than 10 were eliminated, additionally,
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it confirms that the models satisfied the fundamentals of linear regression. Once more, the 5-cross
validation approach is implemented using the "caret" package. Following | have shown the
backend process of stepwise regression:

Yi = Bo + BiXi + & (10)
Where, ‘Y;” is ground reference/GEDI L4B AGB (Mg ha™?), ‘g0’ is intercept, can be calculated as:
YL iD=y

Bo =¥ — Bix;, ‘Bi’ is the coefficient of the explanatory variable: g; = ST e
i=1\viT

explanatory variable from sentinel 1 and 2, and “¢;” is the error terms of the model: ¢; = y; — ;.

X, s

3.5.4 AGB mapping and model validation

To evaluate how well the model performs, two metrics were used: R-squared (R?) and root
mean square error (RMSE). R-squared indicates how well the model explains the data's variation.
A higher R-squared value suggests a better fit. RMSE measures the average difference between
the predicted values and the actual values. A lower RMSE indicates higher model accuracy [31].
The RMSE and R? are given as;

2 _ 4 _ Zii—9)?
ke=1 Zi(yi=y)? ()
Where ‘R?’ is the coefficient of determination, X;(y; — ;)% is the sum of squares of residuals
(RSS), and X;(y; — ¥;)? is the total sum of squares (TSS).

n 5.2
RMSE = /zl=1(+y‘) (12)

Where measured AGB in the field is represented by ‘y;’, and ‘y;’ is the predicted AGB and n is

the total number of the plots.

While both R-squared (R?) and root mean square error (RMSE) were used to evaluate the models,
RMSE was given more weight when choosing the final model [31]. This means that a lower
RMSE, indicating a smaller average difference between predicted and actual values, was

considered more important than a higher R2. The final models, chosen based on their RMSE
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performance, were then used to create a spatial map of Aboveground Biomass (AGB) across the

study area.

The R "raster" package is used to perform spatial prediction of the AGB. This is accomplished by
using the 'predict()' method, which takes as inputs the finished models and the raster object. For

additional processing, the AGB raster for the MFP is exported.

3.6 Summary of this chapter

This chapter sums up the materials and methods used in the study, focusing on field
sampling techniques, satellite remote sensing data acquisition and processing, and the various
modeling approaches employed for AGB estimation. The field sampling strategy involved a
stratified random sampling approach, where the study area (Maanshan Forest Park) was divided
into smaller strata, and samples were randomly selected from each stratum. Square sampling plots
of 10 meters by 10 meters were used, a common practice in forestry due to their ease of setup and

maintenance.

The chapter then interduce the acquisition and processing of satellite remote sensing data,
including Sentinel-2 optical imagery and Sentinel-1 radar data, and vegetation indices (NDV1 and
EVI) are calculated. In addition to the satellite data, the chapter also introduces the GEDI L4B
dataset, a global LiDAR product that provides three-dimensional measurements of forest canopy

structure. This dataset was used for AGB validation purposes.

The core of the chapter focuses on the data analysis and modeling approaches employed in the
study. These include statistical evaluations of the field measurements, such as mean diameter, tree
volume, density, and AGB calculations. Additionally, the chapter explains the use of three
modeling techniques for AGB estimation: Random Forest (RF), Support Vector Machine (SVM),
and Stepwise Regression (SR). The chapter outlines the specific steps involved in each modeling
approach, including the use of 5-fold cross-validation, variable importance assessments, and model
performance evaluations using metrics like coefficient of determination (R?) and root mean square

error (RMSE). The final models are then used to generate AGB maps for the study area.
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CHAPTER 4 RESULTS AND VALIDATION

4.1 Biomass assessment of maanshan forest park
4.1.1 Stand structure analysis of the MFP

(Table 4) summarizes the key structural characteristics and aboveground biomass (AGB)
stock of MFP. The mean AGB is observed as 29.67 Mg ha™, with a standard deviation of 41.36
Mg hal. This value indicates a moderate level of biomass accumulation within MFP, though the

high standard deviation suggests some variability across the sampled area.

The mean tree diameter at breast height (DBH) is 59.64 cm, with a standard deviation of 6.03 cm.
This suggests a mature forest stand, with trees having a substantial diameter and likely contributing

significantly to the overall AGB.

The mean density of the MFP stand is 142.90 trees ha, with a standard deviation of 32.37 trees
hal. This indicates a moderately dense forest, with a potential range from open canopy conditions
to more crowded stands. Investigating the relationship between tree density and AGB could be
insightful for understanding forest management practices and their impact on biomass
accumulation. Mean tree volume is recorded as 37.82 mé3 ha® (cubic meters per hectare) with a
standard deviation of 50.38 m3 ha*. This aligns with the observed AGB stock, suggesting that most
of the biomass is stored within the trees themselves.

The mean tree height is 10.62 meters, with a standard deviation of 1.99 meters. This implies a
moderately tall canopy, although there may be some variation in tree heights within the stand.
Understanding the distribution of tree heights is important for characterizing forest structure and
light availability within the MFP system.

Table 4 Forest structural characteristics

Forest Mean AGB Mean DBH Mean Mean Tree Mean Tree
(Mg ha't) (cm) Density/Ha Volume (miha?!)  Height (m)

MFP  29.67+41.36 59.64+6.03 142.90 + 32.37 37.82 +50.38 10.62 +£1.99
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Analysis (Table 5) using Spearman's rank correlation revealed strong, positive associations
between AGB and structural features. Stands with higher AGB tend to have larger trees (DBH &

height) and greater total volume.

Table 5 Spearman correlation coefficients

Variables Volume (m3ha?) Mean DBH (cm) Mean Tree Height (m)
AGB (Mgha™) 0.95 0.90 0.74
Volume (m3ha?) 0.89 0.73
Mean DBH (cm) 0.72

An analysis of tree diameters at breast height (DBH) in the MFP revealed a clear trend as shown
in (Figure 14). The most common DBH range is between 60 and 74 centimeters, with 127 trees
falling into this category. This represents roughly 36.8% of the total number of trees measured.
The DBH measurements also showed variation across tree species. The largest diameter recorded
belonged to a plane tree, reaching 130 centimeters. In contrast, the smallest diameter belonged to

a pine tree, measuring only 16 centimeters.

DBH distribution of MFP
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Figure 14 DBH distribution
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The height interval class of 5-7 meters stood out with the highest number of trees at 120,
accounting for 27.6% of the total trees in the forest plots of (MFP), as indicated in (Fig. 15). Among
the trees in the MFP, the Chinese tallow tree attained the greatest height at 18 meters, while the
Osmanthus fragrans is the shortest at 1.7 meters. This distribution underscores the diverse height

ranges and species composition within the forest plot, reflecting a dynamic ecosystem.

Height distribution of MFP
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Figure 15 Height distribution

(Fig. 16) depicts a gradient from lighter to darker colors, indicating an increase in DBH (cm),
which can also be observed on the x-axis and the y-axis represents AGB (kg). The visualization
illustrates a positive relationship between AGB (kg) and tree height (m), with higher AGB values
corresponding to taller trees. This color gradient provides a visual representation of how AGB
increases with both height and diameter at breast height DBH (cm), highlighting the importance
of these factors in estimating biomass. The gradual change in color intensities suggests a strong
correlation between AGB and the measured tree characteristics, hinting at the role of tree maturity

in biomass accumulation.
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DBH vs. AGB (Size by Height, Color by DBH)
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Figure 16 AGB against the mean DBH and the mean height

4.1.2 Indices estimation of the MFP

The Normalized Difference Vegetation Index (NDVI) exhibited a wide range from -0.31
to 0.83 across the MFP, reflecting significant variability in vegetation cover. The average NDVI
of 0.60 + 0.19 indicated a moderate level of vegetation health within the area. (Fig. 18) illustrates
a left-skewed distribution of NDVI values, with the majority (72.87%) falling within the 0.6-0.8
class, representing healthy vegetation. This distribution pattern suggests that the MFP is
predominantly covered by moderately dense to dense vegetation, highlighting the overall health
and density of the vegetation within the plot. The observed NDVI values also indicate potential
areas of interest for further investigation, such as regions with lower NDVI values that may
indicate stress or sparse vegetation, which could be linked to specific land use or environmental
conditions within the MFP. Understanding these variations in NDVI can provide valuable insights

for land management and conservation efforts in the area.
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Table 6 Percentage of NDVI within each class interval

Sr. No. Interval of NDVI classes Percentage of total pixels
1 >0 1.56
2 0.2-04 4.35
3 04-0.6 21.22
4 0.6-0.8 72.87

The EVI values vary widely across the MFP, ranging from -0.15 to 0.91, (Fig. 19) shows the
visualization of EVI estimation of MFP. Within this range, EVI values span from -0.15, indicating
the lowest values, to 0.91, representing the highest values observed. The mean EVI value for the
MFP is calculated to be 0.45 £ 0.16, indicating a moderate overall level of vegetation health. When
examining the distribution of EVI values within the MFP, a bimodal pattern is evident (Fig. 20).
The interval between 0.5 and 0.7 accounts for the majority of EVI values, comprising 61.19% of
the total values or 54.19% of the total observations. Following this, the interval between 0.3 and
0.5 records 20.036% of the total values, indicating a secondary peak in EV1 distribution (Table 7).
This bimodal distribution suggests a complex pattern of vegetation health and density within the

MFP, highlighting areas of both high and moderate vegetation cover.

Table 7 Percentage of EVI within each class interval

Sr. No. Interval of EVI classes Percentage of total pixels
1 >0 2.77
2 0.3-0.5 20.036
3 0.5-0.7 61.19
4 0.7-0.9 16.004
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4.2 Model evaluations, correlation, and AGB mapping of MFP

(Table 8) summarizes the performance of different models used to estimate AGB in the MFP.
Three modeling approaches are evaluated: Stepwise Regression (SR), Random Forest (RF), and
Support Vector Machine (SVM). Each model is tested with 11 different sets of predictor variables.
The key findings are:

1) Overall Best Performing Set: The predictor set named "S1, Vis, and Bands™ consistently
produced the best models across all three methods (RF, SVM, and SR). This suggests this
combination of variables is most effective for minimizing the error in AGB estimation.

2) Random Forest (RF): The "S1, Vis and Bands" set also achieved the best performance in
the RF model, with the lowest Root Mean Square Error (RMSE) of 51.46 Mg ha and an
R-squared value of 0.33 (indicating a moderate positive relationship between predicted and
actual values).

3) Support Vector Machine (SVM): The "S1, Vis, and Bands" set again performed best for
SVM, resulting in an RMSE of 58.72 Mg ha* and an R-squared value of 0.19.

4) Stepwise Regression (SR): Likewise, the "S1, Vis and Bands" set yielded the lowest RMSE
(58.29 Mg ha!) and an R-squared value of 0.11 for the SR model.

The "S1, Vis, and Bands" set of predictor variables seems to be the most informative combination
for estimating AGB in the MFP study area, regardless of the modeling approach used.

The most influential variables for predicting the Above-Ground Biomass (AGB) are identified
using a Random Forest (RF) model. This "S1, Vis, and Bands" model incorporated variables
deemed most important by the RF algorithm. The ranking of these key variables for all three
models (RF, Support Vector Machine (SVM), and Support Regression (SR)) is visualized in (Fig.
22, 23, and 24) respectively. Higher numerical values indicate greater importance within the
model. To optimize performance, an iterative process that systematically removed variables with
minimal contribution to the model's accuracy is employed. This refinement resulted in a
streamlined "S1, Vis, and Bands" model containing only the most impactful variables, ultimately
leading to the best possible AGB prediction.
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Table 8 Model evaluations of the MFP

Predictor RF SVM SR
Variable Sets RMSE R? RMSE R? RMSE R?
(Mg ha?) (Mg ha?) (Mg ha't)
S2 Bands 70.76 0.03 65.52 0.06 63.66 0.08
S2 Bands and S1 54.07 0.31 62.06 0.28 64.61 0.07
S2 Bands and S1 Texture 71.71 0.08 64.61 0.16 63.11 0.09
S2 Bands and Vs 68.11 0.04 65.54 0.03 60.96 0.15
S1 62.66 0.35 60.09 0.28 64.71 0.13
S1and S1 Texture 55.42 0.24 64.59 0.19 71.04 0.18
S1, Vis and S2 Bands 51.46 0.33 58.72 0.19 58.29 0.11
S1 Texture 66.32 0.07 61.98 0.15 72.23 0.18
S1 Texture and Vis 68.51 0.16 66.77 0.08 69.01 0.05
Vis 65.02 0.06 69.67 0.22 61.84 0.18
All 54.44 0.22 66.38 0.23 69.61 0.09

The correlation heatmap offers a comprehensive view of the relationships between various
remotely sensed parameters and Aboveground Biomass (AGB). (Fig. 21) shows the strength of
these relationships. A statistical method called Spearman's correlation coefficient is used to assess
these relationships. Several parameters exhibited moderate positive correlations, indicating their
potential as valuable predictors in AGB estimation models. Notably, the backscatter coefficients
from Sentinel-1 radar data (VH_Pol and VV_Pol), and the texture metrics derived from the Grey
Level Co-occurrence Matrix (GLCM), such as (VH_cont, VH_ent, and VH_asm), also (S2_B4,
S2_B8, and EVI) showed moderate positive correlations with AGB, suggesting their sensitivity to

forest structural characteristics.

These findings highlight the importance of considering multiple data sources, including radar and
optical data, as well as the inclusion of texture metrics that capture spatial patterns and
heterogeneity beyond traditional vegetation index like NDVI which exhibited weaker positive
correlations. Additionally, several other parameters exhibited weak but positive correlations,

indicating their limited predictive power individually but potential to contribute to improved model

43



Master Dissertation of Wuhan University

performance when combined with other relevant predictors. This comprehensive analysis provides
valuable insights for developing robust predictive models that integrate complementary data

sources for accurate biomass estimation in complex forest ecosystems.

Spearman's Correlation Heatmap of Predictors with AGB
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Figure 21 Correlation between selected predictor variables and AGB
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As previously mentioned, the final RF model, which incorporates these top variables, achieves a
Root Mean Square Error (RMSE) of 51.46 Mg ha* and an R-squared (R2) value of 0.33, as detailed
in (Table 7). This optimized RF model, constructed from the "S1, Vis, and Bands" predictor set,
is subsequently employed for Aboveground Biomass (AGB) mapping using ground inventory data
as validation. (Fig. 25) illustrates the generated AGB map, produced using the RF model. The map
depicts AGB values ranging from a minimum of 47.37 Mg ha* to a maximum of 86.62 Mg ha™.
In this visualization, areas with high AGB are depicted in green, while regions with lower AGB
appear in red. Moderate AGB areas are represented by orange and yellow colors, providing a
comprehensive view of biomass distribution across the study area. The blank portions of the map
indicate non-forest areas, ensuring clarity in interpretation. This AGB map serves as a valuable
tool for land management and conservation efforts, providing insights into biomass distribution.
Additionally, the RF model's construction from the "S1, Vis, and Bands" predictor set further
enhances its predictive power, leveraging a comprehensive range of input variables to refine its

estimations.
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Figure 25 AGB map with field inventory validation data

To assess the effectiveness of different models for Above-Ground Biomass (AGB) prediction, |
compared the predicted AGB values from each model with actual measurements obtained from
field inventorying. The Random Forest (RF) model emerged as the clear leader, demonstrating a
strong statistical association between its predictions and the observed AGB (Fig. 26). This is
reflected in the high R-squared value of 0.87 and low RMSE=28.19 Mg/ha, indicating a close
alignment between the RF model's estimates and the actual AGB, these metrics indicate the
model's ability to accurately capture the variability in AGB across the study area. In contrast, both
the Support Vector Machine (SVM) model (R-squared value of 0.51) and the Simple Regression
(SR) model (R-squared value of 0.34) showed a moderate association between predicted and
observed AGB (Fig. 27 and 28). This highlights the superior performance of the RF model,
suggesting its effectiveness in accurately estimating AGB based on the chosen input variables.
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4.2.1 AGB mapping using GEDI L4B as validation dataset

(Fig. 29) showcases the Aboveground Biomass (AGB) map generated by the Random
Forest (RF) model, utilizing the "S1, Vis and Bands" predictor set. The predicted AGB values
range from 50.37 Mg ha to 90.62 Mg ha', indicating spatial variations in biomass across the
study area. This is particularly noteworthy considering the strong association (R% = 0.83) achieved
by the RF model between predicted and observed AGB using GEDI L4B validation data. This
surpasses the moderate associations observed with both the Support Vector Machine (SVM) model
(R? = 0.48) and the Stepwise Regression (SR) model (Rz = 0.31) for the same set of predictors.
These findings highlight the effectiveness of the RF model in capturing the complex relationships
between the chosen predictors and AGB distribution. Detailed results for all three models (RF,
SVM, and SR) can be visualized in (Fig. 30, 31, and 32) respectively.
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Comparison of GEDI and Field Measurements Over 150 Samples
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Figure 33 Trends of AGB mapped using GEDI L4B and field data

The comparison between GEDI L4B and field inventory predicted Above Ground Biomass (AGB)
estimation reveals both similarities and differences (Fig. 33). Both datasets exhibit similar overall
patterns, with peaks and troughs occurring at the same locations. This suggests they capture the
same large-scale trends in AGB distribution. However, significant discrepancies exist between the
two datasets at specific locations. Sometimes, GEDI L4B values are higher, and sometimes lower,
than field inventory measurements. Field inventory data also shows more variation, with sharper
peaks and deeper troughs. This could be because field data captures finer details missed by GEDI

L4B due to its broader spatial coverage.

The comparison shows that models performed better using field inventory data for AGB estimation
compared to GEDI L4B data. This change is caused due to differences in data quality, resolution,
or other factors. GEDI L4B data offers a continuous and consistent view but may be affected by
sensor limitations, atmospheric conditions, and processing assumptions. Field inventory data,
although considered more accurate locally, may not be fully representative due to limited sampling
and potential biases. Additionally, human error and measurement techniques can influence field

measurements.
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4.3 Summary of this chapter

This chapter presents the results of the biomass assessment and modeling analysis for the
Maanshan Forest Park (MFP). The stand structure analysis of the MFP reveals a moderate level of
biomass accumulation, with an average AGB of 33.77 Mg ha and a high standard deviation of
51.63 Mg ha'!, indicating variability across the sampled area. The mean tree volume is 37.82 m3
ha!, and the average tree density is 142.90 trees ha, suggesting a moderately dense forest. The
analysis also shows a positive correlation between AGB and structural features, such as tree
diameter, height, and volume.

The vegetation index (VI) analysis shows that the Normalized Difference Vegetation Index
(NDVI) has a wide range from -0.31 to 0.83, with an average of 0.60 + 0.19, indicating moderate
vegetation health. The Enhanced Vegetation Index (EVI) has a bimodal distribution, with the
majority of values (61.19%) falling in the 0.5-0.7 range. The chapter then presents the model
evaluations and comparisons for the three modeling techniques: Random Forest (RF), Support
Vector Machine (SVM), and Stepwise Regression (SR). The results show that the RF model with
the "S1, Vis, and Bands" predictor set outperforms the other models, achieving the lowest RMSE
of 51.46 Mg ha and the highest R2 of 0.33. The variable importance analysis for the RF, SVM,
and SR models consistently identifies the "S1, Vis, and Bands" predictor set as the most influential,
further confirming its superiority in AGB estimation. The final optimized RF model based on this
predictor set is then used to generate the AGB map for the MFP, with values ranging from 47.37
Mg ha™ to 86.62 Mg ha™.

The chapter also presents a comparison between the AGB estimates derived from the field
inventory data and the GEDI L4B dataset. While the two datasets exhibit similar overall patterns,
there are significant discrepancies at specific locations, with GEDI L4B sometimes overestimating
and sometimes underestimating the AGB compared to the field measurements. The results in this
chapter demonstrate the effectiveness of the integrated remote sensing and modeling approach in
accurately estimating the aboveground biomass of the Maanshan Forest Park, providing valuable

insights for forest management and carbon accounting efforts.
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CHAPTER 5 CONCLUSION AND FUTURE WORK

In this chapter, I’'m going to discuss a thorough evaluation of different remote sensing datasets,
vegetation indices, validation datasets and advanced machine learning algorithms for estimating
aboveground biomass (AGB) in the Maanshan Forest Park (MFP). The findings highlight the
strengths and limitations of various approaches, emphasizing the potential for integrating multiple

data sources to improve AGB estimation accuracy.
5.1 Conclusion

This study comprehensively evaluated the performance of different remote sensing
datasets, vegetation indices, and advanced machine learning algorithms for estimating
aboveground biomass (AGB) in the Maanshan Forest Park (MFP). The findings revealed valuable
insights into the strengths and limitations of various approaches, as well as the potential for

integrating multiple data sources to improve AGB estimation accuracy.

The study found a weak association between NDVI and aboveground biomass (AGB) for study
area. Drawbacks of NDVI include saturation, which may not gauge increases in forest biomass.
The Enhanced Vegetation Index (EVI) showed similar trends with weak associations with AGB.
The study utilized C-band SAR data, showing a weak association with the aboveground biomass
AGB. This result aligns with several researchers findings [53], while others have reported a strong
association. SAR sensors have been used for AGB mapping for over three decades, with
backscatter being a key measure related to AGB. The C-band sensitivity to leaves and smaller
branches allows it to penetrate 1-2 meters into the canopy. However, it reaches saturation at a
lower biomass level compared to longer wavelengths such as L-band and P-band, which can
penetrate deeper into the canopy and are sensitive to larger branches and stems. The upcoming
BIOMASS mission and NASA-ISRO NISAR mission are anticipated to offer valuable data for
AGB mapping. The latter is particularly notable as the world's first SAR satellite operating in dual
L-band and S-band wavelengths.

The comparison between GEDI L4B and field inventory based AGB estimates revealed both
similarities and discrepancies. While the overall patterns were similar, with peaks and troughs

occurring at the same locations, significant differences were observed at specific sample points.
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Field inventory data exhibited sharper peaks and deeper troughs, potentially capturing finer-scale
variations missed by GEDI L4B due to its broader spatial coverage and potential limitations in
sensor characteristics, atmospheric conditions, and processing algorithms.

The study's results have practical implications for forest management and monitoring,
demonstrating the potential of integrating remote sensing and machine learning techniques for
AGB estimation. By improving our understanding of the factors influencing AGB distribution,
this research contributes to more effective forest management strategies. The RF algorithm
emerged as the top performer, outperforming SVM and SR models in estimating AGB using both
field inventory data and GEDI L4B validation datasets. When utilizing field inventory data, the
RF model achieved a significant statistical association (R? = 0.87) between predicted and observed
AGB, with a root mean square error (RMSE) of 28.19 Mg ha™'. Previous studies by [17], also
reported the superior performance of RF in AGB prediction. RF's ability to handle complex non-
linear relationships and a large set of variables makes it advantageous. The top predictor variables
included C-band SAR data's VV and VH polarizations, as well as visible and shortwave infrared
bands, underscoring their importance in AGB estimation.

For the GEDI L4B validation dataset, the RF model demonstrated a strong association (R2 = 0.83)
between predicted and observed AGB, with an RMSE of 25.75 Mg ha™', outperforming both SVM
(R?=0.48) and SR (R% = 0.31) models. This highlights the effectiveness of the RF algorithm in
capturing complex relationships between predictor variables and AGB distribution.

The study also analyzed the vegetation indices NDVI and EVI, which showed a wide range of
values across the MFP, reflecting variability in vegetation cover and health. However, the
correlation between these indices and AGB was relatively weak, suggesting that they may not be
the most reliable predictors of biomass in this particular study area. It is worth noting that the
structural characteristics of the MFP, such as tree density, diameter at breast height (DBH), and
tree height, exhibited strong positive associations with AGB. Stands with higher AGB tended to
have larger trees (in terms of DBH and height) and greater total volume, underscoring the

importance of these structural features in biomass accumulation.
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5.2 Future work

Based on the comprehensive analysis and findings from this study, the following

suggestions are proposed for the future work:

1) Data Generalizability: The study is conducted within a specific forest park, which may
limit the generalizability of the results.

2) Model Refinement: Although the Random Forest model performed well, there is always
scope for further optimization. Exploring additional variables or adjusting hyperparameters
could potentially enhance the model's predictive capabilities.

Limitations:

Several limitations should be acknowledged and addressed in future research:

1)

2)

The study focused on a specific forest area (MFP), and the results may not be directly
generalizable to other forest ecosystems with different structural and environmental
characteristics. Further validation and testing in diverse forest types and regions would be
necessary to assess the transferability of the findings.

The study relied on a limited number of field plots, which may not fully capture the spatial
variability of AGB across the entire study area. Increasing the number and distribution of
field plots could improve the representativeness of the ground truth data and enhance the
accuracy of AGB models.
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