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Abstract

Accurate quantification of forest aboveground biomass (AGB) and its changes is crucial for
understanding the role of forests in the global carbon cycle and developing effective climate
change mitigation strategies. This thesis presents a comprehensive assessment of forest AGB
in China using a combination of field data, remote sensing observations, and machine learning
algorithms. The research is divided into four chapters, each addressing specific aspects of
forest AGB estimation and mapping.

Chapter 2 used established methods, but novel focused datasets, to create the first high
resolution map of China’s biomass for the mid-2000s. | generated a wall-to-wall AGB map
of China for the year 2007 at a 50 m resolution using Ice, Cloud, and land Elevation Satellite
(ICESAT) Geoscience Laser Altimeter System (GLAS) Lorey's height data, L-band SAR from
Advanced Land Observing Satellite (ALOS) Phased Array L-band SAR (PALSAR), C-band
SAR from Environmental Satellite (Envisat) Advanced Synthetic Aperture Radar (ASAR),
and optical satellite data from Landsat-5 and field data. | averaged GLAS data within 0.01
degrees x 0.01 degrees grid cells, obtaining 8,981 cells with at least two GLAS footprints.
Lorey's height was converted to AGB using allometric equations developed independently
for northern and southern China using field data. Random forest (RF) regression was then
employed to extrapolate AGB grid cells from GLAS data to a continuous map at 50 m
resolution, using variables derived from Earth observation datasets and layers for training.
Our estimates of total carbon stored in the forest in China was 9.52 Pg C, with an average
forest AGB of 104 Mg ha™.

Chapter 3 looked in detail at two regions where | conducted fieldwork, to assess more
accurately how well satellite LIDAR from the GEDI sensor can estimate tree height and
biomass, and how well these isolated footprints can be spatially extrapolated using other

datasets. It involved generating 25 m resolution AGB maps for two 500 km x 500 km
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regions in northeastern and southwestern China for the year 2021, using GEDI data, field
measurements, and Sentinel-1, ALOS-2 PALSAR-2, and Sentinel-2 data. We measured 26
plots (24 under GEDI footprints) in the northeastern region and 16 plots (12 under GEDI
footprints) in the southwestern region. In the northeastern region, the closest relationship
was observed between field AGB and RH98, while in the mountainous southwestern region,
field AGB exhibited a stronger correlation with RH80. The fitted relationships were used
to convert RH98 and RH80 to AGB for both regions, respectively. We found many GEDI
footprints had errors not detected by their quality flags; filtering using remote sensing data to
remove low-quality footprints improved results. In both the northeastern and southwestern
regions, an inverse correlation between slope steepness and model accuracy was observed.
Specifically, in the northeastern region, coefficient of determination (R?) values exhibited a
decline from 0.93 in areas of minimal slope to 0.42 in locales exhibiting slopes greater than
30 degrees. Concurrently, the root mean square error (RMSE) values escalated from 14 to
38 Mg ha™t. Similarly, in the southwestern region, R? values decreased from 0.75 in relatively
flat terrains to 0.50 in areas with slopes exceeding 30 degrees, alongside an increase in RMSE
values from 20 to 44 Mg ha™!.

In Chapter 4 | examine whether the latest deep learning methods can improve biomass
estimation, beyond methods using relatively simple tree-based methods (Random Forest) as
used in chapters 2 and 3. In particular | explore the use of the attention UNet (AU) deep
learning model for estimating forest AGB in Guangdong Province. | converted GEDI relative
height (RH) metrics to AGB using the allometric equations established in Chapter 3 and then
employed attention UNet to extrapolate GEDI footprints to a wall-to-wall AGB map. The
AU model demonstrated superior performance in biomass estimation accuracy compared
to the traditional RF method, though computational requirements were considerable. |
managed to produce a 2019 10-meter resolution AGB map for the whole of Guangdong
using the AU model. This involved a novel approach to reduce boundary artifacts in patch-
based predictions, which are prevalent in deep learning applications for image analysis. By
overlapping patches and excluding edge pixels, the method improved spatial consistency and
accuracy at the edges of predictions, leading to more dependable AGB estimates, without
patch artefacts. Although AGB distributions from both AU and RF models were closely

aligned, with similar mean values, the AU-derived AGB map offered more realistic spatial
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details upon visual assessment.

Chapter 5 employs a multi-step approach to estimate forest AGB in China for 2021 and
analyze its changes since 2007. It employs the approaches explored in Chapter 3, at the
same scale as Chapter 2, and without using the advanced ML methods of Chapter 4 as
the computational burden was not considered. First, GEDI L2A RH metrics were converted
to AGB estimates using region-specific allometric equations developed in Chapter 2. Next,
random forest models were trained for each first-level administrative unit in China to predict
AGB using GEDI-derived AGB estimates and predictor variables from Sentinel-1, PALSAR-2,
and Sentinel-2. The trained models were then applied to generate 25 m resolution wall-to-
wall AGB maps for each first-level unit and then merged into a national-scale AGB map.
Our results show that the total carbon stored in the forest in China for 2021 was 13.06 Pg
C, with a mean AGB density of 108.75 Mg ha™l. Comparing the 2021 AGB map with the
2007 map, we observed an overall increase in carbon storage, with a net gain of 3.54 Pg C
and varying spatial patterns of AGB changes across the country. Spatial variations in AGB
alterations were observed across the nation, exhibiting the most significant increments in the
northeastern and south-central regions of China.

The high-resolution AGB maps and quantified biomass changes generated in this thesis
provide valuable insights into the spatial distribution and dynamics of forest biomass resources
in China, supporting decision-making in forest management and climate change mitigation

efforts.
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Lay Summary

Forests play a vital role in regulating Earth's climate by absorbing carbon dioxide from the
atmosphere, and trapping it in trees, their roots, and the soil. Accurately measuring the
amount of carbon stored in forest biomass and understanding how it changes over time is
essential for developing strategies to mitigate climate change, and monitoring projects that
protect or restore forests. One area where big changes in forest cover and the density of
carbon stored within that forest is known to be China, where rapid industrialisation, the
development of new forests and plantations, recovery from past disturbance, and climate
change, are all causing rapid changes. This thesis focuses on estimating forest AGB in
China using a combination of field measurements, satellite data, and advanced computer
algorithms.

The research is divided into an introductory chapter and four results chapters, each
addressing different aspects of forest AGB estimation and mapping. Chapter 2 uses satellite
data and field measurements to create a detailed map of forest AGB in China for the year
2007. Chapter 3 generates AGB maps for two smaller regions in China for the year 2021,
using more advanced satellite data and computer models, and a set of field data | collected
by measuring hundreds of trees in inventory plots in each region. Chapter 4 explores the
use of deep learning, a type of artificial intelligence, to estimate forest AGB in Guangdong
Province in 2021, achieving higher accuracy compared to traditional methods.

Building upon the findings from Chapters 3 and 4, Chapter 5 presents the creation of
a nationwide AGB map for China in 2021. The results show a total forest AGB of 27.79
billion tons in China for 2021, with an average AGB density of 108.75 tons per hectare. By
comparing the 2021 AGB map with the 2007 map from Chapter 2, we observed an overall
increase in carbon storage, with variations in AGB changes across the country.

This thesis contributes to our understanding of forest biomass distribution and changes in



China, providing valuable information for forest management and climate change mitigation
efforts. The detailed AGB maps and quantified biomass changes serve as essential tools for
decision-makers and researchers working to protect forests and combat climate change.

In summary, this research employs an innovative multi-step approach, combining multiple
data sources such as GEDI, multi-source satellite imagery, and ground survey data, along with
machine learning algorithms to generate high-resolution forest aboveground biomass maps for
China in 2007 and 2021, revealing an overall increasing trend in forest carbon storage across
the country during this period. These findings can provide important evidence for monitoring
forest resources nationwide and valuable information for optimizing forest management and

climate change mitigation policies.
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Chapter 1

Introduction

1.1 Overview

This thesis presents the results of research into the use of multi-source remote sensing data,
field measurements, and machine learning algorithms for estimating and mapping forest AGB
and AGB change in China. The research spans a range of spatial scales, from regional to
national, and employs various remote sensing datasets, including spaceborne LIDAR, SAR,
and optical sensors. The thesis is organized into four main chapters, each focusing on a
specific aspect of forest AGB estimation and mapping, with the overarching goal of developing
a framework for accurate and efficient monitoring of forest AGB change in China.

The research is divided into four chapters, each addressing specific aspects of forest AGB
estimation and mapping. Chapter 2 focuses on generating a high-resolution AGB map of
China for the year 2007 using ICESat GLAS, ALOS PALSAR, Envisat ASAR, and Landsat-
5 data, along with field measurements. Chapter 3 investigates the potential of using the
Global Ecosystem Dynamics Investigation (GEDI) LiDAR data for estimating forest AGB in
two contrasting regions of China in 2021, and explores the spatial extrapolation of GEDI-
derived AGB estimates using Sentinel-1, ALOS-2 PALSAR-2, and Sentinel-2 data. Chapter
4 evaluates the performance of a deep learning approach, the attention UNet (AU) model, for
estimating forest AGB in Guangdong Province in 2019, and compares it with the traditional
random forest (RF) method. Finally, Chapter 5 presents a national-scale assessment of
forest AGB in China for the year 2021 and analyzes its changes since 2007, using a multi-

step approach that combines GEDI data, multi-source satellite imagery, and machine learning
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algorithms.

This chapter provides a general overview of the importance of forest AGB estimation,
the current state-of-the-art methods, and the challenges associated with large-scale AGB
mapping. It discusses the role of forests in the global carbon cycle, the significance of
China’s forests, and the need for accurate estimation of forest AGB change in China. The
chapter also reviews the progress in forest AGB estimation methods, including traditional

field-based inventory methods, remote sensing techniques, and machine learning algorithms.

1.2 Why map forest AGB and AGB change in China

1.2.1 Forest

Forests cover about 30% of the earth’s land surface globally, and play an important role in
terrestrial ecosystems, including holding the majority of the world's species, and contributing
to an outsized degree to the global water and carbon cycles (Beer et al., 2010). Forests
can help to reduce the effects of climate change, which is likely the greatest environmental
challenge of the 21st century, largely by capturing and storing carbon. When forests grow,
trees absorb carbon from the atmosphere and store carbon in wood, leaves and soil. Carbon
stored in forests is estimated to be 861+66 Pg C, with 44% in soil to 1 meter depth, and
42% in above and below ground biomass (Pan et al., 2011). When destroyed, overused or
degraded, carbon is released from forests into the atmosphere mostly in the form of carbon
dioxide. Carbon dioxide is a greenhouse gas, warming the Earth by absorbing energy and
slowing the process that energy escapes to space. However, intact and recovering forests are
also a carbon sink, absorbing a similar or greater amount of carbon dioxide each year than is
released by deforestation (Mitchard, 2018), and therefore reducing the climate change that
should result from our emissions from burning fossil fuels and damaging forests. As one of
the most important characters of forests, and given their importance to the global carbon
cycle, it is of great significance to study the distribution and change of forest aboveground

biomass (AGB).
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1.2.2 China’s forests and their importance

More than half of the world's forests are found in only five countries (the Russian Federation,
Brazil, Canada, the United States of America and China), and the forest area of China is the
fifth largest in the world (FAO, 2020). In 1949, the forested area in China encompassed 102
million hectares (ha) (Fang et al., 2001), which is believed to have expanded to 220 million

ha by 2020 (FAO, 2020) (Fig. 1.1), representing 23% of the country’s total land area.
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Figure 1.1: Increase in China's forested area from 1949 to 2020, showing a 116% Growth.

China's forests are diverse, ranging from boreal forests in the northeast to tropical rain-
forests in the south (Xu, Xiao, Zhang, Yang, Zhang, Hull, Wang, Zheng, Liu, Polasky
et al., 2017). Forests in China locate over a wide span of latitude, resulting in different
forest types, with extensive plantation forests supplmenting natural forests. Forests in China
are in 8 vegetation zones, including cold temperate deciduous coniferous forest, temperate
conifer-broadleaf forest, warm-temperate deciduous broadleaf forest, Subtropical evergreen
broadleaf forest, tropical monsoon forest and rain forest, temperate steppe, temperate desert

and Tibetan Plateau alpine vegetation (Fig. 1.2).
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Figure 1.2: Vegetation zones in China.

In recent decades, China has implemented extensive afforestation and reforestation pro-
grams, such as the Grain for Green Project, Three-North Shelter Forest Program and the
Natural Forest Protection Program, to restore degraded landscapes and enhance forest cover
(Delang and Yuan, 2015). Not only the government but also some private companies plant
trees in China. For example, a payment and lifestyle company Alipay has planted almost 122
million trees (" Green energy points” are allotted to users each time they opt for an eco-
friendly option, and once sufficient points are accumulated, a real tree is planted by Alipay in
northwest China). In 2020, the area of planted forests in China was approximately 77 million

ha, representing 31.3% of the world’s total planted forests (Cheng et al., 2023).

1.2.3 The importance of accurate estimation of forest AGB change in China

Accurate estimation of changes in forest aboveground biomass (AGB) is essential for under-
standing the dynamics of China’s forest ecosystems and their role in the global carbon cycle.
Monitoring forest AGB changes over time provides valuable insights into the effectiveness

of forest management practices, afforestation and reforestation efforts, and the impact of
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natural disturbances such as fires, pests, and diseases (Fang et al., 2014).

Moreover, accurate estimation of forest AGB changes is necessary for China to fulfill its
international commitments to mitigate climate change. Under the Paris Agreement, China
has pledged to peak its carbon emissions by 2030 and achieve carbon neutrality by 2060
(Chen, Chen, Ciais, Zhang, Lii, Wang, Chevallier, Liu, Yuan and Peters, 2022). Forests could
play a role in achieving these targets, as they act as carbon sinks that can offset anthropogenic
greenhouse gas emissions (Zhang, Song, Band and Sun, 2019), though it is noted that the
total carbon locked up in carbon in China's forest ( 10-15 Pg C) is only 3-4 times China's
annual emissions of 3.3 Pg C (REF). Quantifying the changes in forest AGB over time allows
policymakers to evaluate the contribution of forests to China's climate change mitigation
efforts and develop effective strategies for enhancing forest carbon sequestration (Wang,

Zhang, Ju, Chen, Ciais, Cescatti, Sardans, Janssens, Wu, Berry et al., 2020).

1.3 Methods for forest AGB estimation

Forest AGB estimation methods can be broadly categorized into field measurement and
remote sensing approaches. This section provides an overview of the progress in forest AGB

estimation methods, highlighting their strengths and limitations.

1.3.1 Traditional field-based inventory methods and their limitations

Traditionally, forest AGB has been estimated through field-based inventory methods, which
involve destructive sampling or allometric equations based on measured tree parameters such
as diameter at breast height (DBH), tree height and wood density (Chave et al., 2005).
Once established, allometric models for tree species enable non-destructive biomass as-
sessments for forest stands. These models are formulated from various integrations of the
previously mentioned three parameters, using linear or more normally nonlinear regression
analyses (Chave et al., 2014; Overman et al., 1994; Seidel et al., 2011; Feldpausch et al.,
2011). While field-based methods normally provide low uncertainty and relatively unbiased
AGB estimates at the plot level, they are time-consuming, labor-intensive, and costly, mak-
ing them impractical for large-scale applications (Zolkos et al., 2013). Moreover, field-based

methods are limited in their ability to capture the spatial variability of forest AGB across
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landscapes and regions (Saatchi et al., 2011).

1.3.2 Remote sensing techniques for forest AGB estimation

Remote sensing has emerged as a powerful tool for estimating forest AGB at various spa-
tial scales. Satellite and airborne sensors can capture information about forest structure
and composition, which can be related to AGB using empirical models or physically-based
approaches (Lu et al., 2016). The main remote sensing techniques used for forest AGB es-
timation include optical remote sensing, synthetic aperture radar (SAR), and light detection

and ranging (LiDAR).

0 O

Passive optical SAR LiDAR

Figure 1.3: Three different types of remote sensing senors.

Passive optical remote sensing

Optical data is the most commonly used data, and there are a number of open access
platforms providing data from the 1970s to present, from satellites such as Landsat-1 to
Landsat-9 (8 and 9 are in orbit currently), Sentinel-2 and the Moderate Resolution Imaging
Spectroradiometer (MODIS) data. Optical remote sensing sensors are passive, making use

of natural radiation reflected by the Earth’s surface. Due to easy accessibility, ease of inter-
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prestation, and frequent revisits, these data have been widely used to monitor forest. The
estimation of forest AGB using optical data is usually by establishing relationships between
AGB and spectral responses and/or vegetation index derived from multispectral data. How-
ever, optical data is not always the ideal data for forest monitoring because of three major
factors: optical sensor can only see canopy surface, which means cannot get information on
tree structures; it cannot see through clouds Soenen et al. (2010), which leads the obser-
vations highly depend on the proportion of time the study area is not under cloud; and the
relationship between optical data and biomass often saturates at a very low point, equivalent
to canopy closure. In fact, optical data is normally better suited to saying where forest is

and is not, and tracking forest loss (Hansen et al. 2013), rather than mapping AGB.

SAR

SAR sensors emit microwave energy and measure the backscattered signal from forest
canopies, which is sensitive to forest structure and biomass (Woodhouse, 2017). SAR has
the advantage of penetrating through clouds and operating independently of solar illumina-
tion, making it suitable for monitoring forests in regions with frequent cloud cover (Ling
et al.,, 2021). Theoretically, the backscatter values increase as the number and/or size of
trees in an area increases (Mitchard et al., 2009). Therefore, radar data has been used to
provide an accurate estimation of forest AGB. However, radar data also has limitations such
as saturation and complex interaction with forests. Radar data which has longer wavelength
tends to have a higher saturation with simpler forest structure (Sinha et al., 2015), and
typically L-band, the longest wavelength currently available from space, saturates at about
100-150 Mg ha™! (Shugart et al., 2010). In addition, microwave energy transmitted by SAR
sensors mainly interacts with forest components comparable in size to the wavelengths (Joshi
et al., 2017). Hence, radar backscatter value may differ for the forests with same biomass
value, as there are multiple structures of forests that can have the same biomass.

Radar data can be acquired in X-, C-, S-, L-, and P-band as the wavelength of the radar
increases. These bands all have their own characteristics, penetrating into and interacting
with various depth of canopy. The different backscatter responses mainly contain information
on leaves, branches and trunks according to wavelength. P-band sensors can penetrate

through canopy and interact with large branches and trunk, and thus more sensitive to forest
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AGB. While there has never been a P-band sensor based on satellite, the European Space
Agency (ESA) is planning to launch BIOMASS, a satellite with a fully polarimetric P-band
sensor, in 2025. This mission is expected to revolutionize biomass mapping by providing
unprecedented sensitivity to forest structure and biomass, especially in dense tropical forests
where current sensors often saturate (Quegan et al., 2019).

Currently, L-band data is the most sensitive to biomass among the available satellite-
based sensors, with data provided by the ALOS-2 satellite. The upcoming NASA-ISRO SAR
(NISAR) mission, a collaboration between NASA and the Indian Space Research Organisation
(ISRO), is set to launch in 2024. NISAR will carry both L-band and S-band SAR instru-
ments, offering global coverage with a 12-day repeat cycle (Rosen et al., 2017). The L-band
component of NISAR is expected to significantly enhance our ability to map forest biomass
globally, providing high-resolution, frequent observations that will enable more accurate and
timely biomass change detection.

These upcoming missions, BIOMASS and NISAR, represent a new era in biomass map-
ping. They will provide complementary data at different wavelengths (P-band and L-band, re-
spectively), allowing for a more comprehensive understanding of forest structure and biomass
across various forest types and environmental conditions. The combination of these new data
sources with existing ones (such as those from Sentinel-1 and ALOS-2) is expected to greatly
improve our ability to estimate and monitor forest biomass at global scales, potentially re-
ducing uncertainties in carbon stock estimates and enhancing our understanding of the global
carbon cycle (Quegan et al., 2019).

Polarisation is also a parameter that can affect the information getting from forests and
the polarisations are usually controlled between horizontal and vertical, and can be detected
in either polarisation too. SAR signal is normally sent in an individual polarisation, and
that 4 possible combinations of send and receives exist (HH: Horizontal transmit, Horizontal
receive; VV: Vertical transmit, Vertical receive; HV: Horizontal transmit, Vertical receive;
VH: Vertical transmit, Horizontal receive). Muilt-polarisation can not only detect scattering
elements that change the polarisation of transmit signal such as trees, but also provide
information of elements that surface scattering takes place such as soil moisture (Kasischke
et al., 2011). The interaction with forest can be divide into three scattering categories:

surface scattering, double-bounce scattering and volume scattering 1.4. While normally only
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1-2 combinations are used, due to power constraints and the close correlation between the
single and cross-polarised returns, all four can be at once (as will happen with BIOMASS),
giving rich information on scattering mechanisms. Even with dual-polarisation, the absolute
backscatter and ratio between the two can provide more information, helping with biomass
mapping. For example, a ratio between the power of the HH and HV polarisations can reveal
forest structural components as the double-bounce component is largely absent from HV,
and volume scattering is in both; it can also reduce the impact of terrain effects compared
to the absolute backscatter values (Ranson et al., 2001; Sarker et al., 2012). But if going to
use only one, HV polarisation has been proven to be mostly sensitive to forest AGB (Luckman

et al., 1997; Mitchard et al., 2011), likely as less impacted by soil scattering.

Figure 1.4: SAR backscattering in forests. (1) Surface scattering, (2) double-bounce scat-
tering, (3) volume scattering.

LiDAR

LiDAR is an active remote sensing technology that provides detailed three-dimensional in-
formation about forest structure by measuring the time of return of emitted laser pulses,
typically at wavelengths between 900 and 1064 nm towards the Earth (Lefsky et al., 2002).
While aircraft and Unmanned Aerial System (AES) collected data is commonly collected and

highly useful, only satellite data has relatively uniform coverage, and is thus of most use for
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creating and updating large scale maps. Both platforms collect information in the same way
however. The time interval is used to calculate the distance between the sensor and object,
and thus canopy height can be derived from waveform. Relative Height (RH) metrics, de-
rived from LIDAR waveforms, are also closely related to forest structure and canopy height.
RH metrics represent the height at which a certain percentage of the waveform energy is
returned from the canopy (Drake et al., 2002). For example, RH98 represents the height
below which 98% of the LIDAR pulse returns (or the total energy of the returns) are found.
RHO8 effectively represents the canopy top or the highest vegetation within the LIDAR sur-
vey area, while being less prone to outliers and noise compared to RH100 (Li et al., 2023).
This makes it a more stable indicator for assessing the uppermost vegetation structure.

LiDAR sensors are classified into full-waveform sensors and discrete-return sensors. Full-
waveform sensors record a continuous height distribution illuminated by the entire reflected
energy from a return, while discrete-return sensors record single or multiple returns (Wulder
et al., 2012). This allows full-waveform sensors to capture the detailed vertical structure of
forest canopies, as the laser pulse interacts with different canopy components such as leaves,
branches, and the ground (Wagner et al., 2006). The resulting waveform data contains rich
information about the forest structure, which can be used to derive canopy height, canopy
density, and ground elevation (Mallet and Bretar, 2009). However, processing full-waveform
data requires sophisticated algorithms to decompose the waveforms and extract the relevant
features, which can be computationally intensive, especially in high density aircraft LIDAR
data. In contrast, discrete-return LIDAR sensors record one or multiple returns as discrete
points, each representing a significant reflection of the laser pulse from an object’s surface.
These sensors typically record the first and last returns, while some sensors can also capture
intermediate returns. The first return usually corresponds to the top of the canopy, while
the last return represents the ground or understory vegetation. Discrete-return LIDAR data
is commonly used to generate Digital Terrain Models (DTMs) and Digital Surface Models
(DSMs), from which Canopy Height Models (CHMs) and other forest structural parameters
can be derived (Liu, 2008). Compared to full-waveform data, discrete-return data is less
complex and requires less processing time, but will not capture information on the detailed
vertical structure of the forest.

LiDAR systems can be classified based on the platform from which they operate, namely

10
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airborne and spaceborne LiDAR. Airborne LIiDAR systems are mounted on aircraft and can
acquire high-density point clouds over targeted areas. Airborne LIDAR campaigns can be
flexibly designed to meet specific research or management objectives, with the ability to adjust
flight parameters such as altitude, speed, and scan angle to optimize data collection (White
et al., 2013). While airborne LiDAR provides high-resolution AGB estimates, its application is
limited by high costs and restricted spatial coverage. Spaceborne LiDAR sensors are mounted
on satellites orbiting the Earth, providing global coverage and repeated measurements at
regular intervals. One of the pioneering spaceborne LIDAR missions was the Ice, Cloud,
and land Elevation Satellite (ICESat), which operated from 2003 to 2009 (Schutz et al.,
2005). ICESat Geoscience Laser Altimeter System (GLAS) data has been widely used for
estimating forest canopy height and biomass, demonstrating the potential of spaceborne
LiDAR for large-scale forest monitoring (Lefsky et al., 2005; Simard et al., 2011).

A notable example of a spaceborne LIDAR mission is GEDI, which was launched in 2018
and operates from the International Space Station (ISS) (Dubayah et al., 2020). GEDI is a
full-waveform LiDAR system that aims to provide high-resolution observations of forest verti-
cal structure and canopy characteristics on a global scale. While GEDI represents a significant
advancement in spaceborne LIDAR technology, it's important to note its limitations. The
sensor has a footprint size of approximately 25 m, which results in a relatively coarse spatial
resolution compared to airborne LiDAR systems (Hancock et al., 2019). Despite this limita-
tion, GEDI can penetrate through dense forest canopies to capture the vertical distribution
of vegetation and the underlying topography, offering valuable insights into forest structure
(Dubayah et al., 2020). However, it's crucial to acknowledge that GEDI data, like all remote
sensing products, can contain errors and uncertainties. These may arise from factors such
as the sampling design, atmospheric conditions, and terrain effects (Duncanson et al., 2022;
Potapov et al., 2021). Nonetheless, spaceborne LIDAR data from missions like GEDI, despite
their limitations, offer unprecedented opportunities for large-scale forest biomass estimation
and carbon monitoring, providing valuable data in areas where field measurements or airborne

LiDAR are not feasible (Duncanson et al., 2022).

11
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Multi-source remote sensing data fusion and its advantages

The fusion of multi-source remote sensing data has emerged as a promising approach to
improve forest AGB estimation accuracy. By combining data from optical, SAR, and LiDAR
sensors, the limitations of individual sensors can be overcome, and the complementary in-
formation can enhance AGB estimation performance (Saatchi et al., 2011; Baccini et al.,
2012). Each data source offers unique advantages and captures different aspects of forest
structure and composition.

Optical missions, such as Landsat and Sentinel-2, provide information on the spectral
properties of forest canopies. Vegetation indices, which are formulated by contrasting re-
flectance measurements in specific bands, are correlated with vegetation health and produc-
tivity. However, optical sensors are limited by their inability to penetrate cloud cover and
their saturation in dense forest canopies (Lu et al., 2016). SAR offers critical advantages
in biomass estimation, primarily due to its capability to penetrate cloud cover and, to some
extent, vegetation canopies. However, SAR signals can be affected by factors such as terrain
roughness, soil moisture, and vegetation water content, which can introduce large uncertain-
ties and biases in biomass estimation (Mitchard et al., 2009). Many studies have explored
the synergistic use of optical and SAR remote sensing data to estimate forest AGB. While
these sensor combinations have shown promise, both optical and SAR data provide indirect
measurements of AGB, relying on the relationships between spectral or backscatter charac-
teristics and forest structural properties (Lu et al., 2016; Mitchard et al., 2009). In contrast,
LiDAR sensors offer a more direct approach to estimating AGB by measuring forest height
and vertical structure, which are strongly correlated with biomass (Lefsky et al., 2002).

The integration of spaceborne LiDAR with optical and SAR data has several advantages
for wall-to-wall AGB mapping. First, the LIDAR data provide direct measurements of forest
height and structure, which can improve the accuracy and robustness of AGB estimation
models (Duncanson et al., 2022). Second, the optical and SAR data offer spatially continuous
coverage, enabling the extrapolation of LiDAR-based models to larger areas (Xu, Saatchi,
Shapiro, Meyer, Ferraz, Yang, Bastin, Banks, Boeckx, Verbeeck et al., 2017). Third, the
fusion of multiple sensor types can help to reduce the uncertainties associated with individual

datasets, such as the saturation of optical data in dense forests or the sensitivity of SAR
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data to moisture and terrain conditions (Montesano et al., 2009). Numerous studies have
demonstrated the effectiveness of fusing spaceborne LIDAR, optical, and SAR data for wall-
to-wall AGB mapping (Huang et al., 2019; Santoro et al., 2020; Schwartz et al., 2024; Fayad
et al., 2024). These studies highlight the potential of multi-sensor data fusion for improving

the accuracy and spatial resolution of AGB estimates at regional to global scales.

1.3.3 How to convert spaceborne LiDAR data to AGB

When generating wall-to-wall AGB maps using spaceborne LIDAR data and remote sensing
imagery, it is typically necessary to first calculate the AGB of the LIDAR footprints. This
requires the extraction of relevant metrics from the LiDAR waveforms or point clouds. These
metrics typically include canopy height, canopy cover, and vertical structure indices, such as
RH metrics (Lefsky et al., 2005; Drake et al., 2002). These metrics are then used to develop
models that relate the LiIDAR-derived variables to field-measured AGB, often using regression
techniques such as linear, nonlinear, or machine learning algorithms (Boudreau et al., 2008;
Margolis et al., 2015).

The development of robust AGB estimation models requires a representative sample of
field plots that cover a range of forest types, structures, and biomass densities. These plots
are typically established using a stratified random sampling approach, with strata defined by
factors such as forest type, elevation, or disturbance history (Duncanson et al., 2015). The
field plots are then co-located with the spaceborne LiDAR footprints, and the LiIDAR metrics
are extracted for each plot. The field-measured AGB values are then regressed against the

LiDAR metrics to develop the estimation models (Saatchi et al., 2011).

1.3.4 Field-measured AGB

Forest inventory plots, areas where every tree above a certain threshold are 'inventoried’, are
essential for calibrating and validating remote sensing-based AGB estimation models (Clark
and Kellner, 2012). Field-based AGB estimates are typically derived from measurements
of individual tree attributes, such as Diameter at Breast Height (DBH), tree height, and
wood density, which are then converted to biomass using allometric equations (Chave et al.,

2005). Allometric equations are equations relating one measurement of an organism to
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another, for example the diameter of a tree to its biomass. They are useful because they
enable a prediction of useful but hard-, expensive- or destructive-to-measure things such as
biomass, from easy to measure things like DBH and height.

DBH is one of the most commonly measured tree attributes in forest inventory plots,
as it is strongly correlated with tree biomass and can be easily measured using a diameter
tape (Fig. 1.5a) or caliper (Chave et al., 2005). DBH is typically measured at a standard
height of 1.3 m above the ground (Fig. 1.5b), although this height may vary depending on
the forest type and the presence of buttresses or other stem irregularities (Cushman et al.,

2014).

(a)

Figure 1.5: Measurement of DBH at a forest plot using a diameter tape. (a)Diameter tape,
(b) Measurement of DBH at a field plot.

In addition to DBH, tree height is another important variable for estimating AGB, as
it provides information on the vertical structure and volume of the tree (Hunter et al.,
2013). Tree height can be measured using a variety of tools, such as clinometers, laser
rangefinders, or hypsometers, depending on the forest conditions and the desired level of

accuracy (Larjavaara and Muller-Landau, 2013).
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(a)

Figure 1.6: Measurement of tree height using laser rangefinders and transponder. (a)Laser
rangefinder and transponder, (b)Measurement of tree height at a field plot.

Wood density is another critical parameter for converting tree volume to biomass, as
it accounts for the variation in wood mass per unit volume across different tree species
and environmental conditions (Chave et al., 2006). Wood density is typically measured by
extracting wood cores from a sample of trees and determining their oven-dry mass and fresh
volume (Williamson and Wiemann, 2010). Alternatively, wood density can be estimated
using global or regional databases that compile wood density measurements for different tree
species (Chave et al., 2009).

Once the individual tree measurements have been collected, they are used to estimate
tree-level AGB using allometric equations. Allometric equations relate the measured tree
attributes to biomass using regression models that are developed from destructive sampling
of trees across a range of sizes and species (Chave et al., 2014). The choice of allomet-
ric equation is critical for accurate AGB estimation, as different equations can yield widely
varying biomass estimates depending on the forest type, region, and size class of the trees
(Duncanson et al., 2015). In general, species-specific and locally developed allometric equa-
tions are preferred over generalized equations, as they can better capture the variation in
tree form and wood density across different forest types (Ngomanda et al., 2014).

After estimating tree-level AGB using allometric equations, the individual tree biomass
estimates are summed to obtain plot-level AGB estimates, which are typically expressed in

units of megagrams per hectare (Mg ha™) (Réjou-Méchain et al., 2017). Plot-level AGB
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estimates are then used to convert LIDAR metrics to AGB and validate AGB maps.

1.3.5 Machine learning algorithms for forest AGB estimation

Machine learning algorithms have emerged as powerful tools for estimating forest AGB
by leveraging the complex relationships between remotely sensed data and field-measured
biomass. These algorithms can handle high-dimensional datasets, capture non-linear rela-
tionships, and integrate data from multiple sources, making them well-suited for forest AGB
estimation across diverse landscapes (Lary et al., 2016). In recent years, various machine
learning techniques, including parametric and non-parametric methods, have been applied
to forest AGB estimation, often outperforming traditional regression approaches (Lu et al.,
2016).

Parametric machine learning methods, such as linear regression, logistic regression, and
stepwise regression, assume a predefined functional form between the input variables (e.g.,
remote sensing data) and the target variable (e.g., AGB) (Fassnacht et al., 2014). These
methods are relatively simple to implement and interpret, but may not fully capture the
complex relationships between remotely sensed data and forest biomass (Lu et al., 2016).
However, when the relationship between the input variables and AGB is well-approximated
by a linear function, parametric methods can provide reliable and computationally efficient
estimates of forest AGB (McNicol et al., 2018; Urbazaev et al., 2018).

Non-parametric machine learning algorithms, such as RF, support vector machines (SVM),
and artificial neural network (ANN), do not assume a specific functional form between the
input variables and the target variable, making them more flexible and adaptable to complex
data structures (Fassnacht et al., 2014). Random forests, an ensemble learning method that
combines multiple decision trees, have gained popularity in forest AGB estimation due to
their ability to handle high-dimensional data, reduce overfitting, and provide variable impor-
tance measures (Baccini et al., 2012; Baghdadi et al., 2013). Random forests have been
successfully applied to AGB estimation using a variety of remote sensing datasets, including
optical, radar, and LIiDAR data, often achieving higher accuracies than parametric methods
(Gao et al., 2018; Wai et al., 2022).

More recently, deep learning algorithms, such as convolutional neural networks (CNNs)

and recurrent neural networks (RNNs), have been explored for forest AGB estimation (Lang
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et al., 2022). Deep learning algorithms are a subset of ANNs that consist of multiple hidden
layers and can learn hierarchical representations of the input data (Schwartz et al., 2024).
CNNs, in particular, have been successful in extracting spatial and contextual features from
high-resolution remote sensing imagery, leading to improved AGB estimation accuracies com-
pared to traditional machine learning methods.

The choice of machine learning algorithm for forest AGB estimation depends on several
factors, including the characteristics of the input data, the complexity of the relationships
between the variables, the sample size, and the computational resources available (Lu et al.,
2016). In many cases, an ensemble approach that combines multiple machine learning algo-
rithms can provide more robust and accurate AGB estimates than individual models (Forkuor
et al., 2020). Additionally, the incorporation of feature selection and hyperparameter tuning
techniques can further improve the performance of machine learning algorithms for forest
AGB estimation (Pandit et al., 2018).

In summary, machine learning algorithms offer a powerful and flexible approach to forest
AGB estimation using remotely sensed data. Both parametric and non-parametric methods
have been successfully applied to AGB estimation across a range of forest types and data
sources. As new remote sensing datasets and computational tools become available, the
application of advanced machine learning techniques, such as deep learning, is expected to
further improve the accuracy and efficiency of forest AGB estimation, supporting better forest

management and conservation decisions.

1.3.6 Uncertainty of forest AGB estimation

Estimating biomass using remote sensing data and machine learning methods involves various
sources of uncertainty that need to be carefully considered and addressed to improve the
accuracy and reliability of the results. In the context of our study, which utilizes multiple
remote sensing data sources (ICESat, GEDI, Sentinel-1/-2, Landsat, and ALOS PALSAR)
in conjunction with machine learning approaches, the propagation of errors through the
estimation process becomes particularly complex. The uncertainty in our biomass estimates
stems from several interconnected sources, each contributing to the overall error in unique
ways.

One of the primary sources of uncertainty in our approach lies in the field measurements
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used for model calibration and validation. Tree height and diameter at breast height (DBH)
measurements, while fundamental to biomass estimation, are subject to both random and
systematic errors. These errors can arise from instrument limitations, observer bias, and the
inherent variability in tree form and structure (Calders et al., 2015).

The allometric models used to convert these field measurements into biomass estimates
introduce another layer of uncertainty. The selection of appropriate allometric equations for
specific forest types and regions is critical, as the application of generalized models can lead
to substantial biases in biomass estimates (Chave et al., 2014). Moreover, the parameters
of these models carry their own uncertainties which propagate through to the final biomass
estimates.

In the realm of remote sensing data, uncertainties arise from various factors including
sensor calibration, atmospheric effects, and spatial resolution limitations. The fusion of mul-
tiple data sources, while potentially improving overall accuracy, also introduces complexities
in error propagation. For instance, the integration of optical (e.g., Sentinel-2, Landsat) and
radar (e.g., Sentinel-1, ALOS PALSAR) data requires careful consideration of their respective
error characteristics and how they interact in the biomass estimation process (Réjou-Méchain
et al., 2017).

The use of machine learning models for biomass estimation introduces another layer
of uncertainty. Model uncertainty can arise from the selection of input features, model
architecture, and training data quality. Overfitting and underfitting are common issues that
can affect model performance. Furthermore, the transferability of models across different
regions and forest types can be limited, leading to potential biases in biomass predictions.
Error propagation in modeling involves the compounding of uncertainties from input data
and model parameters, which can significantly affect the final biomass estimates.

To address these multifaceted uncertainties, we employed a 5-fold cross-validation ap-
proach in Chapters 3 and 4 of this thesis. This method provides a robust means of assessing
model performance and stability across different subsets of our data. However, it's important
to note that while cross-validation is valuable for model evaluation, it may not fully capture
all sources of uncertainty, particularly those arising from systematic biases in input data or
limitations in the spatial representativeness of our training samples.

In our final national-scale AGB estimation, we recognize the limitations of relying solely on
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cross-validation for uncertainty quantification. The complexity of error propagation in large-
scale biomass mapping, coupled with the potential for unquantified sources of uncertainty,
suggests that a more comprehensive approach to uncertainty analysis may be necessary for

future research.

1.4 Thesis objectives and key questions

The primary objective of this thesis is to develop robust and accurate methods for estimating
aboveground biomass (AGB) in forest ecosystems using a combination of remote sensing data
(ICESAT, GEDI, Sentinel-1/-2, Landsat, ALOS PALSAR) and machine learning techniques.

To achieve the objective, this thesis addresses the following key research questions:

1. Research Question: Can a combination of ICESat GLAS data, SAR, and optical satel-
lite imagery be used to create a high-resolution, wall-to-wall aboveground biomass

(AGB) map of China?

Hypothesis: The integration of ICESat GLAS-derived Lorey’s height data with SAR
and optical satellite imagery, coupled with random forest regression, will enable the

generation of a accurate, high-resolution (50 m) AGB map for China.

2. Research Question: How accurately can GEDI LIDAR data estimate tree height and
biomass in diverse forest ecosystems of China, and how effectively can these estimates

be spatially extrapolated using other remote sensing datasets?

Hypothesis: GEDI LIiDAR data will provide accurate estimates of tree height and
biomass across different forest types in China, but the accuracy of spatial extrapo-
lation will vary with terrain complexity, with higher accuracy in flat areas compared to

steep slopes.

3. Research Question: Can deep learning methods, particularly the attention UNet (AU)
model, improve AGB estimation accuracy compared to traditional machine learning

approaches like Random Forest?

Hypothesis: The attention UNet model will outperform the Random Forest method in
AGB estimation accuracy and spatial detail, particularly in areas with complex forest

structures, albeit at a higher computational cost.
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4. Research Question: How has the forest AGB in China changed between 2007 and

2021, and what are the spatial patterns of these changes?

Hypothesis: There will be a significant increase in total forest AGB in China from 2007
to 2021, with spatial variations in AGB changes reflecting regional differences in forest

management practices and environmental factors.



Chapter 2

2007 AGB map for China

Abstract

The forest area of China is the fifth largest of any country, and unlike in many other countries,
in recent decades its area has been increasing. However, there are substantial differences in
estimates of the amount of carbon this forest contains, ranging from 3.92 to 17.02 Pg C
for circa 2007. This makes it unclear how the changes in China’s forest area contribute to
the global carbon cycle. We generate a circa 2007 AGB map at a resolution of 50 m using
optical, radar and LiDAR satellite data. Our estimates of total carbon stored in the forest
in China was 9.52 Pg C, with an average forest AGB of 104 Mg ha™!. Compared with three
existing AGB maps, our AGB map showed better correlation with a distributed set of forest
inventory plots. In addition, our high resolution AGB map provided more details on spatial
distribution of forest AGB, and is likely to help understand the carbon storage changes in

China’s forest.

2.1 Background & Summary

Forests reduce the impact of climate change, which is the greatest environmental challenge
of the 21st century (Portner et al., 2022), by capturing CO, from the atmosphere, and
acting as guardians of a carbon store in their wood, roots, and soils. However, there are
major uncertainties as to the amount of carbon stored in forests, and how this is changing

through time (Mitchard, 2018). The carbon stored in forests changes as a combination of the
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processes of deforestation, degradation and growth driven by both natural and anthropogenic
disturbances, and climate change itself. This leads to fluxes in stored carbon, making forest
carbon stock one of the greatest sources of uncertainty in the global carbon cycle (Mitchard,
2018; Grace et al., 2014; McDowell et al., 2020). It is important to reduce these uncertainties
to improve our understanding of the carbon cycle and thus various elements of Earth system
and climate models. This reduction is also crucial to enable policies to conserve and increase
forest carbon storage to be designed and monitored.

Modern remote sensing data, cloud computing, and machine learning capacity, enable
the production of high quality maps of AGB, the largest carbon pool in most forests, and a
carbon pool that can change substantially over time (Besnard et al., 2021) . This increasing
capacity to generate high quality maps of AGB has been shown by the recent release of a
large number of global products (Avitabile et al., 2014; Yang et al., 2020; Spawn et al., 2020;
Santoro and Cartus, 2021a). However, such global products can have high uncertainties at
a local or regional level, and often perform poorly when compared to field plots (Santoro
and Cartus, 2021a; Mitchard et al., 2014; Santoro et al., 2021).Given this, there is clearly
a place for regional or country-specific maps where datasets and methods are tuned to local
conditions, and that perform well against independent validation datasets (Rodriguez-Veiga
et al., 2019).

China covers 6.3% of the world’s land surface, has 18% of its people (The World Bank,
2021), and an estimated 5.4% of its forest (FAO, 2020). As forests play such an important
role in the global climate system and in terrestrial ecosystems, what is happening in China’s
forests is important to the global climate system. The area of China's forest was 102 million
hectares (ha) in 1949, and it remained at 106 million ha until 1994-1998 (Fang et al., 2001),
and then increased dramatically to 220 million ha in 2020, accounting for 23% of China’s
area (FAO, 2020). Typically, substantial increases in forest area lead to increases in total
AGB. However in China's case, it is possible that higher-biomass, old-growth forests are being
replaced with new, lower-biomass forests or plantations (Wenhua, 2004; Vifa et al., 2016).

Currently, information of forest AGB can be derived from field inventory data and Earth
Observation (EO) data. Conventionally, forest AGB estimation requires inventory forest
variables such as tree species, DBH, and tree height, measured in fixed area forest inven-

tory plots, which are converted into estimates of tree biomass through allometric equations
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(Chave et al., 2004). Although conventional inventory techniques generally provide accurate
estimates of forest AGB at plot level (Henry et al., 2011), it is time-consuming, only possible
to collect data covering a very small area, requiring good statistical stratification and place-
ment of a large number of field plots in order for them to represent the wider forest, and
sometimes impractical due to inaccessibility. It is obviously impossible in the present time
to add sampling plots or locations retroactively for historical data collection. On the other
hand, EO data, from satellites or aircraft, has shown promising capabilities for consistent
and systematic observations of the dynamics of forest ecosystems (Blackard et al., 2008;
Mitchard et al., 2009; Baccini et al., 2012; Araza et al., 2022). However, producing accurate
EO-based results relies on consideration of local factors, ideally using local field calibration
data as well as appropriate EO data sources.

Some studies of AGB in China have been conducted using satellite data. However, these
studies produce very different estimates, due to differences in their prediction models and
dataset sources (Table 2.1). The total carbon estimates from the map of Su (Su et al,,
2016) are four times higher than that of GEOCARBON (Avitabile et al., 2014). While these
maps use different forest cover maps to mask non-forest areas, resulting in variations in forest
area, and the maps are for slightly different periods, this disparity in area and time cannot

explain much of the observed difference.

Table 2.1. Total carbon stored in forest AGB in China from a number of studies, along
with the area covered by the maps. The carbon estimated for GEOCARBON, CCI Biomass,
V3 and the Su maps were derived using AGB maps provided by the respective studies. For
GEOCARBON and CCI Biomass, V3, non-forested areas were excluded based on Hansen
forest cover data. The Su map had already excluded non-forest areas in their AGB map.
Estimates for all other sources were obtained directly from the respective publications.

Source Carbon (Pg C) Period Area
GEOCARBON 3.92 2000-2010 Global
Huang, et al 2019 5.44 2006 China
CCl Biomass, v3 5.94 2010 Global
Yin, et al. 2015 8.56 2001-2013 China
Li, et al. 2015 9.87 2010 China
Su, et al. 2016 17.02 2004 China

Therefore, our study aims to produce a reliable 2007 AGB map for China. We chose to
map 2007 for a number of reasons, summarised as (i) it is a useful baseline year to compare

against forest policy and (ii) a variety of remote sensing and field validation datasets is
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available around that date. The Asia-Pacific Network for Sustainable Forest Management
and Rehabilitation (APFNet) was proposed in 2007, and it further marks the acceleration of
the China’s reforestation/afforestation programmes, as well as the implementation of forest
protection laws (Liu et al.,, 2017). From the remote sensing standpoint, 2007 is where
spaceborne LIDAR and suitable optical and radar satellite data are available. LIiDAR data
from satellites provide a direct estimate of height, which is closely related to biomass, unlike
other satellite sensors which rely on indirect estimation, with the shape of relationships often
varying from place to place (Saatchi et al., 2011). The ICESat GLAS operated throughout
the 2000s, including collecting lots of data in 2007, and provides a large number of ~65 m
circular footprints with estimates of height, used to train and test the wall-to-wall maps of
AGB we produce. In order to extrapolate across the landscape, we need SAR and optical
datasets. The C-band Envisat ASAR and ALOS PALSAR were available around 2007. C-
band SAR is capable of penetrating into the canopy, and L-band SAR can penetrate deeper
into the canopy and thus obtain information of larger element of trees such stems (Naidoo
et al., 2015). Landsat-5 TM data was also used in the prediction, as optical data can capture
detailed spectral information of forest canopy.

In this study, we introduced a new 2007 AGB map for China using high resolution mul-
tisource remote sensing data. Our model was trained specifically for China, considering its
unique allometric equation and terrain factors. This dataset can serve as the historical base-
line dataset for forest AGB change studies, as it outperforms existing maps when compared

to two unseen field validation datasets.

2.2 Methods

We generated point estimates of AGB from ICESat GLAS Lorey's height data (Lefsky, 2010),
using local allometric relationships developed independently for northern and southern China
using field data we collected in 40 forest inventory plots in China. We then predict AGB
spatially to create a wall-to-wall map at a resolution of 50 m using a random forest model
with L-band SAR from ALOS PALSAR, C-band SAR from Envisat ASAR, and optical satellite
data from Landsat-5, all acquired around 2007, in addition to a Digital Elevation Model from

the Shuttle Radar Topography Mission (SRTM) (collected in 2000). Both forest structure
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and remote sensing responses are different in sloped compared to flat areas (Chen, 2010;
Jucker et al., 2018), so we generated continuous AGB maps for flat regions and rugged
regions separately, to enable different prediction models for the two and thus reduce the
errors in AGB estimates. Due to gaps in the coverage by Envisat ASAR (1.2% of China was
missed), we generated a second AGB map with slightly lower accuracy to use in the regions
without Envisat ASAR data (Fig. 2.1). As a last step, we combined the maps for flat region
(slope < 10°), rugged region (slope > 10°) and region without Envisat data, to produce a

final map for validation (Fig. 2.2).
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Figure 2.1: The spatial distribution of the three forested regions.
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Figure 2.2: Overall workflow of forest AGB estimation and validation.

Further detail about all these steps is given below, and code is available.

2.2.1 Field data
Field data collected in 2021

26 field plots in northeastern China and 14 field plots in Southwestern China were measured
in 2021 (Fig.2.3). Each of the field plot was circular with a radius of 12.5 m ~0.05ha. We
measured tree height using Vertex IV and Transponder T3, and measured DBH of all the
trees with DBH > 5 cm. These measurements were used to estimate the AGB of each tree,

utilizing the following biomass equation for China (Luo et al., 2019):
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W = 0.1355 « (D? x H)*®!' (2.1)

Where, W is the AGB of each tree (kg), D is DBH (cm) and H is height of the tree (m).
We summed the AGB of every tree to estimate total AGB per plot, and converted the total

biomass to AGB density at the 1 ha scale (Mg ha™1!).

30° N1

e/ Field data collected in 2021
" Field data collected from 2007
to 2016 ( Zhu et al., 2017)

Field data collected from 2005 1
e to 2015 (National Science & |
Technology Infrastructure) I

[ Forest (Hansen et al., 2013)

20° N{ e

90° E 100° E 110° E 120° E 130° E

Figure 2.3: Spatial distribution of field data collected for this study in 2021 and compiled
from other studies from 2005 to 2015.

We also calculated Lorey’'s height of each plot using Eq. 2.2. Lorey’s height is an index of
height whereby individual trees are weighted in proportion to their basal area, which enhances
the significance of larger trees in the forest, and is closely correlated with AGB (Saatchi et al.,

2011; Liu, Shen, Cao, Wang and Cao, 2018; Cao et al., 2016).

(2.2)

where, BA; represents the basal areas, and h; represents the canopy height of the indi-

vidual trees.
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We used these plot-level measurements to develop allometric equations between the field

measured Lorey's height and AGB in northern China and southern China independently (2.4).

AGB, = 0.5014 x Lorey 1872 (2.3)

AGBs = 0.1237 x Lorey 23281 (2.4)

where, AGBy is AGB density (Mg ha—!) of field plots in northern China, AGBs is AGB
density of field plots in southern China and Lorey is Lorey’'s height. The allometric equation
for northern China showed an R? of 0.75 and an RMSE of 35.58 Mg ha™!, while for southern
China, the R? was 0.50 with an RMSE of 22.96 Mg ha™1.
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Figure 2.4: Allometric equations between field measured Lorey's height and AGB. The solid
lines are fitted lines. Both fitted lines were extended to the full range to provide a more
comprehensive representation of the potential trends of the allometric equations.

The field data were collected in 2021, therefore they cannot be used to validate the
accuracy of a ~ 2007 AGB map. Given the diverse forest types and vast geographical
expanse of China, using these two equations to convert Lorey's height to forest AGB across
China could lead to biases when used in different forest types, and in different areas of

China. The fact that the two datasets are very close together does add some confidence
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that the forest height: biomass relationship of China does not change greatly from location
to location. There is precedent in the literature with single equations being used to derive
biomass across large regions, with Saatchi et al. (2011) using a single equation per continent
in their pantropical biomass map, Baccini et al. (2012) using a single equation across the
whole tropics, and the Global Ecosystem Dynamics Investigation (GEDI) LIiDAR mission’s
biomass product itself using a single equation for all of Asia (Duncanson et al., 2020). In
order to assess the impact of this decision, and other errors in the biomass modelling, two
independent field datasets collected closer to 2007 from across the woody areas of China

were used for validation (Fig. 2.3).

Field data from Zhu, et al

One of the datasets consisted of field inventory measurements collected between 2011 and
2016. It included 189 sites with three 20 m x 20 m plots at each site. The longitude and
latitude of each site were the averaged values of the three plots within the site (the three
plots were usually close to each other, e.g., within 50 m). In order to reduce the uncertainty
of biomass change from 2007 to 2016 and the uncertainty of geolocations, 83 field sites
were used to validate our map. Field sites were used in analysis if they met the following

three criteria (Zhu et al., 2017).

1. At least half of the area in the buffered region 100 m around the field sites were forests
according to the Hansen forest cover data (Hansen et al., 2013). We created 100 m
buffers to reduce the implication of the uncertainty of the geolocations, considering

the geolocations of the sites were averaged values of the three plots in each site.

2. In order to show there had been no major changes in the forest in that area between
the time of the creation of the maps and the date of the measurement of the field

plots, we confirmed that:

e The maximum Normalized Difference Vegetation Index (NDVI) of each year cal-
culated from Landsat were stable from 2007 to 2016 (Fluctuations of NDVI less

than 0.15).

e The values of ALOS PALSAR and PALSAR-2 HH and HV polarizations were
stable from 2007 to 2016 (Fluctuations of HH band and HV band less than 2 in
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decibel unit).

3. To exclude the field sites that are highly spatial heterogeneous, which may introduce
large errors, we removed field sites that have large ratio of standard deviation of the

AGB in the 100 m buffers and the field AGB (ratio > 0.25).

Field data from National Science & Technology Infrastructure (NSTI)

The other dataset from NSTI (http://www.cnern.org.cn/) was collected from 2005 to
2015 in 29 sites (Fig.2.3). There were 5 to 100 plots (10 m x 10 m) in each site. The
dataset was collected by nine field research stations, and was measured every few years
(normally every five years). We used the average values of the measurements of AGB which
were collected around 2007. We refrained from implementing the above filters due to several
reasons. Firstly, the geolocation uncertainty of each site varied, making it challenging to
apply a uniform filtering approach. Secondly, the size of each field site in this dataset was
potentially varied, further complicating the filtering process. In addition, the dataset available
for analysis was relatively limited, and applying filters could potentially result in insufficient

field sites for validation purposes.

2.2.2 Satellite data
ICESat GLAS Lorey’s height

GLAS which was launched aboard the NASA Ice Cloud and Land Elevation Satellite (ICESat)
satellite on January 12, 2003, was the first laser-ranging (LiDAR) instrument for global
observations of the Earth. It was designed to measure ice-sheet topography and associated
temporal changes, cloud and atmospheric properties, to obtain information on the height and
thickness of radiatively important cloud layers, and as a tertiary aim obtain information on
tree heights globally.

GLAS provided data with 65 m diameter circular footprints every 170 m along orbits
between —86 to 86° latitude. Since we aimed to produce a forest AGB map in ~ 2007,
we selected 287,399 GLAS footprints located on forests (Hansen et al., 2013) acquired
during the operating periods L3H and L3I (Table 2.2). In this study, we directly used the

Lorey's height values generated by Lefsky (Lefsky, 2010), who developed distinct equations
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for estimating Lorey’s height for needleleaf, broadleaf, and mixed forests globally, based on

waveform extent indices from GLAS.

Table 2.2: Reference orbit tracks acquired during ICESat observation periods.

Operation Period Start Date  End Date  Starting Track Ending Track
Laser 3H 2007-03-12 2007-04-14 91-day #1279 91-day #426
Laser 3l 2007-10-02 2007-11-05 91-day #1280 91-day #421

We removed the GLAS footprints over hills with slope > 15°, because of potential over-
estimates or underestimates in Lorey’s height in high slope areas (Chen, 2010). We also
excluded GLAS footprints in forests with slopes between 12° and 15° and where AGB < 40
Mg ha=! (roughly 11-12 m in height). This is because deriving tree height becomes highly
uncertain when the topographic relief within a footprint is large compared to the tree height
(Fig.2.5), resulting in lower AGB estimates being more susceptible to potential impacts from

slope (Harding and Carabajal, 2005).

65 m

Elevation (m)

65*tan® Ground elevation

Waveform amplitude

Figure 2.5: The effects of slope on trees of different heights.

ALOS PALSAR annual mosaic data

PALSAR was an L-band SAR instrument on ALOS that operated by the Japan Aerospace

Exploration Agency (JAXA) between 2006 and 2011, that has proved very useful in mapping
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forest biomass across a range of ecosystems(Hamdan et al., 2014; Carreiras et al., 2012;
Bouvet et al., 2018; Chen, Wang, Ren, Zhang and Wang, 2019). L-band SAR is the longest
wavelength SAR (~24 cm) currently available from space. JAXA produced annual seamless
mosaics of the radar backscattered intensity from the PALSAR observations at HH or HV
polarization, with terrain and slope correction already applied (Shimada et al., 2014). We
accessed the 2007 mosaic at the resolution of 25 m and did pre-processing through Google
Earth Engine (GEE). We applied a focal mean smoothing filter with a radius of 150 m to
reduce speckle noise. The digital number (DN) values were converted to gamma naught

values in decibel unit (dB) using the equation provided by JAXA:

7° = 10logyo (DN?) + CF (2.5)

where, 40 is the backscattering coefficient in dB, and CF is a calibration factor equal to
—83.0 dB (Motohka et al., 2014) for the PALSAR mosaic. HV, HH polarizations and the
ratio of HV and HH were used in the estimation model, as the polarization ratio has a higher

saturation point (Sarker et al., 2012; Hayashi et al., 2019).

Envisat ASAR

Envisat was a satellite mission operated by the European Space Agency (ESA). The main
objective of the Envisat programme was to study and monitor the Earth's environment on
various scales, from local through regional to global (Louet and Bruzzi, 1999). Envisat
was equipped with ten instruments, including an active C-band sensor ASAR. C-band is a
shorter wavelength (~6 cm) than L-band, making it suitable for assisting with lower biomass
areas; additionally its frequent observations in the Wide Swath mode at a resolution of
150 m allow the generation of the standard deviation of the backscatter through the year,
which further helps to understand characteristics of the forests that link to biomass (Santoro,
Beaudoin, Beer, Cartus, Fransson, Hall, Pathe, Schmullius, Schepaschenko, Shvidenko et al.,
2015). Envisat ASAR measured the radar backscatter of the Earth's surface at HH or VV
polarization, both of which were collected in our study area.

We calculated the mean values and standard deviation of combined HH and VV images

together over 2007 to 2008, as C-band SAR backscatter and forest biomass has similar
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relationship with both polarizations (Santoro, Beaudoin, Beer, Cartus, Fransson, Hall, Pathe,
Schmullius, Schepaschenko, Shvidenko et al., 2015; Castel et al., 2001), and this combination
reduced artefacts due to differing look angles and number of observations. In order to
calculate the mean values and standard deviation, we only used pixels where there were at
least two images of each pixel (gaps correspond to 1.2% of the total area of China, see Fig.
2.6 (b), where a separate AGB retrieval model not based on Envisat data was used (Santoro,
Wegmiiller, Lamarche, Bontemps, Defourny and Arino, 2015). This method of selecting
pixels with sufficient multi-temporal coverage was aimed at ensuring more stable and reliable
observations. In total we used 113,698 ASAR images tiled in 1 degree x 1 degree grid cells

across China.
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Figure 2.6: Earth observations used in this study. (a) False color composite of ALOS
PALSAR annual mosaic data for the year 2007 (HV-polarized backscatter in red, HH-polarized
backscatter in green, and the ratio of the backscatter HV/HH in blue). (b) False color
composite of the Envisat ASAR dataset covering China acquired over 2007 to 2008 (mean
of HH and VV in red, minimum of HH and VV in green, and standard deviation of HH
and VV in blue). The white areas are where no observations were collected. (c) False color
composite of temporal mean values computed from Landsat-5 TM bands 2, 3 and 4 acquired
from 1st January 2006 to 30th December 2008. Band 4 (Near-infrared) in red, Band 3 (Red)
in green, Band 2 (Green) in blue. (d) Filtered grid cells of ICESAT GLAS data used to create
and test the model.

Landsat-5

Since the first Landsat satellite launched in 1972, Landsat data have contributed to our
understanding of Earth, especially in land use and land use change. We used Thematic
Mapper (TM) images here, which consist of seven spectral bands with a spatial resolution
of 30 meters for Bands 1 to 5 and 7, and a temporal resolution of 16 days. We extracted
all the images acquired from 1st January 2006 to 30th December 2008, and used Quality

Assessment (QA) band, generated from the CFMASK algorithm (Foga et al., 2017), to mask
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cloud and cloud shadow. We then stacked the cloud-free Landsat-5 bands and computed
the mean value of the spectral reflectance in the stack. The maximum, minimum and the
differences of maximum and minimum values of NDVI of each pixel were also calculated
because of the strong predictive power when related to AGB (Piao et al., 2005; Dong et al.,

2003; Saatchi et al., 2007; Lumbierres et al., 2017).

Topographic data

NASADEM was generated by reprocessing the SRTM data with other DEM data, such
as ICESat GLAS, ASTER GDEM and ALOS PRISM DEM data (Crippen et al., 2016).
NASADEM is more accurate than SRTM, has no holes, and is globally available at the
finer resolution of 30 m (Uuemaa et al., 2020). In this study, we used the elevation in the

NASADEM product as well as terrain slope derived from NASADEM.

2.2.3 Forest AGB estimation

We converted Lorey’s height derived from GLAS into forest AGB using the allometric equa-
tions developed for northern China and southern China independently with the field data.
Each individual Lorey’s height estimate from GLAS comes with considerable random errors
in height estimation (RMSE was 5.9 m and R? was 0.67 (Lefsky, 2010)), in addition to
geographic uncertainty. In order to reduce the influence of these errors, we averaged the
Lorey's height within 0.01 degrees x 0.01 degrees grid cells and obtained 8,981 cells with
at least two GLAS footprints (mean 4.14 footprints). We limited Lorey’s height values to
25 m, as our review of the literature showed nearly no plots with Lorey’s height over 25 m
in China (Huang et al., 2019; Luo et al., 2014), especially when averaged in 0.01 degrees X
0.01 degrees grid cells.

All remote sensing imagery was resampled to a spatial resolution of 50 meters in GEE.
We then used RF regression (Breiman, 2001)) to extrapolate AGB grid cells from GLAS data
to a continuous map at 50 m resolution. We trained the RF regression using the variables
derived from Earth Observation datasets listed above as well as layers giving latitude and
longitude, to enable the model to take account of the differing relationships across the varied
ecosystems of China. As we were focused only on forest AGB, we used the 30 m resolution

Hansen et al. (2013) forest cover data to mask all the input layers to forest only, preventing
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any influence of non-forest areas on the RF regression. The 2007 forest cover map was
obtained by removing pixels flagged as lost between 2000 and 2007, from baseline forest
canopy cover >10% in the year 2000 canopy cover layer. However, due to the lack of forest
gains between 2000 and 2007, the 2007 forest cover map may underestimate the actual
extent of forest cover. Since the importance of the variables differs in flat region and rugged
region (Fig. 2.7), we modelled the AGB in flat region and rugged region separately to make

full use of the remote sensing layers.
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Figure 2.7: Importance rank of selected variables in RF regression (importance of layers in flat
regions from high to low). The six least important variables for all the three regions are not
shown in the figure. LBx represents Landsat-5 Band x, dif _NDVT represents the differences
of maximum and minimum values of NDVI. EnvisatMean and EnvisatStd represent the
mean values and standard deviation of Envisat data.
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We eliminated redundant information and thus improved the computational efficiency of
prediction by analysing the importance of all input layers on the AGB map. We considered
the node purity, which is equivalent to Mean Decrease Gini, of each variable (Fig. 2.7).

The higher the value of node purity, the higher the importance of the variable to our model.
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This is because node purity increased along with a decrease in the residual sum of squares,
indicating a decrease in the Gini coefficient in regression analysis (Han et al., 2016; Wang,
Song, Du, Wang, Zhou, Du and Li, 2019). We removed the 10 variables with smallest node

purity in each of the three models.

2.2.4 Accuracy and bias correction

To evaluate the performance of the AGB estimation model, 8,981 grid cells of 0.01 degrees
x 0.01 degrees AGB were randomly split in training set (60% of the data) and validation
set (40% of the data). The performance of the model was assessed by aggregating the
pixel-wise AGB estimates to the same size of grid cells at 0.01 degrees x 0.01 degrees.
The coefficient of determination (R?) and Root Mean Square Error (RMSE) were used to
quantify the performance of the model.

The model estimated AGB corresponded well with the AGB derived from GLAS, and the
R? and RMSE between the estimated AGB and AGB derived from GLAS were 0.61 and 28.6
Mg ha=!, respectively (Fig. 2.8 a). Our method tended to overestimate forest AGB at the
forests with low AGB (AGB < 60 Mg ha~1), and underestimate in forests with large AGB, as
is common with RF models. To correct for this bias, a linear regression bias correction was
performed to the estimated AGB using the slope of the fitting line of 10 Mg ha~1! intervals
(Song, 2015; Shendryk, 2022; Liang et al., 2023). This improved, but did not solve, the
bias issue, with increased scatter in the output (RMSE = 40 Mg ha~! compared to 28.6 Mg
ha~—! pre-correction), but with the range of values better matching the range from the GLAS
predictions (maximum predicted value 251 Mg ha=! after correction, compared to 182 Mg

ha—! pre-correction, compared to the maximum GLAS prediction of 222 Mg ha™!).
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Figure 2.8: Evaluation of the model. (a) Estimated AGB from our model against AGB of
averaged grid cells derived from GLAS data (grey points). (b) Bias corrected AGB against
AGB of averaged grid cells derived from GLAS data (grey points). The dotted line is the
1:1 line. The black solid line is the regression of the whole set of points. The colour dots
are the average values of 10 Mg ha=! interval of AGB derived from GLAS, and the colour
bar represents the number of grid cells in a given AGB interval. The blue line is a standard
regression of colour dots with the intercept forced to be zero; in the bias corrected figure
(b) this line overlaps exactly with the 1:1 line and is thus not visible.

2.3 Data Records

The new forest AGB map was produced using multisource remote sensing datasets, including
ICESat GLAS data acquired in 2007, ALOS PALSAR data acquired in 2007, Envisat ASAR
data acquired in 2007 and 2008, Landsat-5 data acquired from 2006 to 2008, and NASADEM
data. Due to the remote sensing datasets all acquired around 2007, it is a circa 2007 forest
AGB map. The AGB map is stored in GeoTIFF (.tif) files on Edinburgh DataShare (Dong,
Mitchard, Santoro, Chen and Wheeler, 2023). The map provides the values of AGB in Mg
ha=!, and the values have been rounded to integers. It can be converted to carbon by

multiplying by 0.47 (Change, 2006).

2.4 Technical Validation

Our estimates of total carbon stored in forest AGB in China is 9.52 Pg C. To assess the
accuracy of our AGB map, we validated our map using one field datasets from a previous
study (Zhu et al., 2017) and the other independent dataset from NSTI. The coefficient

of determination (R?) and RMSE were used to quantify the performance of the maps. In
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addition, we compared this map to the GEOCARBON map (Avitabile et al., 2014), Su map

2016, and CCl map (Santoro and Cartus, 2021a) and attempt to explain the differences.

2.4.1 Validation using field data
Comparison to Field data from Zhu, et al

We used 83 sites from Zhu, et al. 2017 to validate our map at a pixel level. Overall,
the estimated AGB of our map demonstrated a reasonably good correspondence with field
measured AGB, with an R? of 0.62 and an RMSE of 57.15 Mg ha™!: this exceeds considerably
the metrics obtained from the other datasets (Fig. 2.9). Compared with the field data, all
the four maps exhibited a tendency to underestimate AGB values in areas with large AGB
(>200 Mg ha=!). The other national scale AGB map, the Su map 2016, exhibited a lower
RMSE than the two global AGB maps.
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Figure 2.9: Assessment of AGB map against independent field data from Zhu, et al. The
dotted line is the 1:1 line.
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To assess the similarities and differences in the AGB distribution, we compared field data
from Zhu, et al.( 2017) and the pixel values of the four AGB maps within 1 km x 1 km grid
cells, which represents the resolution of the coarsest map (Fig. 2.10). The field data hosted
the highest median and mean AGB, and half of the field sites had an AGB density of 95-160
Mg ha=!. The map from this study had a similar low end of the interquartile range with
the field data, but was more homogeneously distributed with 75% of the AGB below 130
Mg ha=!. GEOCARBON map hosted the smallest median and mean AGB and was most
homogeneously distributed. The AGB of Su map had the largest dispersion, with 50% of the
AGB between 80 Mg ha=! and 190 Mg ha—!. The CCl map had the second smallest median
AGB of 60 Mg ha™!. It can be seen that the two national scale AGB maps are closer match

to these field data in this comparison.
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Figure 2.10: Boxplot of field data and forest AGB of the four AGB maps within 1 km x 1

km grid cells of field sites. The orange horizontal bar indicates the median and the boxes
show the interquartile range, and the “4" indicates the mean forest AGB.
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Comparison to Field data from NSTI

We also validated our map, and the GEOCARBON, Su and CCl| maps using field data from
NSTI. The uncertainty of the geolocations of the data from NSTI were from 0.0001 degrees
to 0.01 degrees (~10 m—1000 m). In order to reduce the effect of errors caused by the
coarse geolocation, we aggregated our estimated forest AGB map and the field data to 0.01
degrees x 0.01 degrees grid cells. 15 grid cells aggregated from 29 field sites were used to
validate the four AGB maps. The Su map had the strongest correlation with the field data
from NSTI, which can be attributed to the incorporation of part of the field data in their
training dataset (so this is not an independent test of the Su map). Our map demonstrated
the second best correlation with this field data, with an R? of 0.57 and an RMSE of 103.2
Mg ha=L. All four maps showed relatively high RMSE values when compared to the field data
(Fig. 2.11). This can be attributed to the limited coverage of field measurements within the
0.01 x 0.01 degrees grid cell. In fact, even within the grid cell with the highest number of

field plots, the area of the field measurements cover ~1% of the total area of the grid cell.
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Figure 2.11: Assessment of AGB map against independent field data from NSTI. The dotted
line is the 1:1 line.
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The field data from NSTI had a large range of forest AGB, with 50% of the field data
between 80 Mg ha=! and 230 Mg ha~! (Fig. 2.12). The field data had the largest median
and mean AGB. 50% of our map had an AGB of 100-150 Mg ha—!, and both of median
and mean AGB were around 120 Mg ha—!. Both of GEOCARBON map and CCl map had
50% AGB between 40 Mg ha=! and 100 Mg ha=!. The two maps had similar mean AGB
of 80 Mg ha~!, but the median AGB of GEOCARBON map is lower. The Su map had the

second largest median AGB and mean AGB of 140 Mg ha—! and 130 Mg ha™?, respectively.
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Figure 2.12: Boxplot of field data and forest AGB of the four AGB maps within 1 km x 1
km grid cells of field sites. The orange horizontal bar indicates the median and the boxes
show the interquartile range, and the “+" indicates the mean forest AGB.

2.4.2 Comparison to existing AGB maps

The bias-corrected AGB map from this study was compared with AGB maps by Avitabile, et
al.(Avitabile et al., 2014), Su, et al.( 2016), and Santoro and Cartus (Santoro and Cartus,
2021a). Some of the maps are generated globally, while others are for specific smaller regions.
We masked the non-forest area of Santoro and Cartus (Santoro and Cartus, 2021a) using
the Hansen forest cover map in 2007 (Hansen et al., 2013), as this map expresses woody
biomass and we focused on forest AGB in this study. In order to compare the maps at pixel
level, we reprojected and resampled the AGB maps to the same projection and resolution as
our map using a nearest neighbour resampling method, avoiding uncertainty which can be

introduced during warping, and appropriate as our map is much higher resolution than the
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maps compared. Forest AGB density were converted to above-ground carbon using a default
conversion factor of 0.47 (Change, 2006). We compared the AGB maps across China and for
three specific regions: southern, northeastern and middle part of China (Fig. 2.13). These
regions were chosen due to their extensive forest coverage and were derived by combining
small vegetation zones (Hou, 2001). Compared to the three AGB maps, our results show
large differences in total carbon and the distribution of AGB, in particular in southern China,

where there are dense forest and steep slopes which introduce large uncertainties in AGB

estimation.
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Figure 2.13: Forest zones we used to compare the forest AGB maps.

Across China

All four forest AGB maps showed considerable higher AGB in southwestern China, and the
lowest AGB in northern China. However, significant differences were visible when the four

AGB maps were compared (Fig. 2.14).
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Figure 2.14: Spatial distribution of forest AGB across China.

Among the four AGB maps, average AGB from the Su map 2016 was higher than the
other three maps, while the average AGB from this study was the second highest and differed
greatly from the values from GEOCARBON map (Avitabile et al., 2014) and CCl Biomass

map (Santoro and Cartus, 2021a).

Table 2.3: Average AGB, forest area and total carbon in China

Average AGB Forest area Total carbon

Maps Year Resolution (Mg ha—1) (105 ha) (Pg C)
This study ~ 2007 50 m 104.10 19453 9.52
GEOCARBON map ~ 2000 — 2010 001 degrees 53.10 157.03 3.2
(~ 1000 m)
Su map 2004 1000 m 121.93 207.03 17.02
CCl map 2010 100 m 73.77 171.24 5.04

Some of the differences in average AGB and total carbon storage in Table 2.3, may
relate to the differences in the total area of forest used in the calculations. According to

assessment report by the Food and Agriculture Organization (FAO), the forest area in China
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was 193.0 million ha in 2005 (Food and Agriculture Organization of the United Nations
(FAO), 2010). The forest area from this study, which used the Hansen forest cover map
(Hansen et al., 2013) to mask the non-forest area, was close to the forest area by FAO. The
explanation for a smaller forest area from CCl map (Santoro and Cartus, 2021a), which we
also used the Hansen forest cover map (Hansen et al., 2013) to mask non-forest area, was
that we only counted the pixel values higher than zero as forest, leading a small difference
in the forest area of the two maps. The GEOCARBON map (Avitabile et al., 2014) and
Su map (2016) showed significant differences in the estimated forest area compared to this
study. This is because the two AGB maps used different forest cover maps, the GLC2000
map (Bartholome and Belward, 2005) and the 2000 land use map (Jiyuan et al., 2002). The
total above-ground carbon stocks for China were estimated by summing the carbon of all
pixels in each AGB map. The total carbon stored in China’s forests was estimated 9.52 Pg C
in this study, which was almost two and a half times as much as that in GEOCARBON map
(Avitabile et al., 2014), 60% higher than that in CCl map (Santoro and Cartus, 2021a), but
less than 60% of that in Su map (2016) (Table 2.3).

The histograms of the four AGB maps across China in 10 Mg ha~! bins showed that
the peak of frequency of AGB in CCl Biomass (Santoro and Cartus, 2021a) occurred at a
lower AGB of 0 to 40 Mg ha—!, while the peak value in Su map was the highest (Fig. 2.15).
The frequency of AGB in this study peaked at 100 to 110 Mg ha~!, and more than half of
the AGB ranged from 70 to 130 Mg ha=!. More than 80% of AGB in GEOCARBON map
(Avitabile et al., 2014) ranged from 20 to 90 Mg ha—!, with nearly no AGB higher than 150
Mg ha=!. The AGB in CCl Biomass map (Santoro and Cartus, 2021a) had no AGB in 10
Mg ha=! bins greater than 10%, and the frequency of AGB decreased from 40 Mg ha~!,
and increased at the >200 Mg ha~! interval. The AGB histogram for southern China is
similar to that of the entire country, with the exception that the Su map contains a greater

-1

frequency of AGB values exceeding 200 Mg ha™". In the northeastern and middle China, the

AGB is predominantly less than 150 Mg ha=!.
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2.4. TECHNICAL VALIDATION
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Figure 2.15: Histogram of AGB in 10 Mg ha™! bins, 10 indicts 0-10 bin.

Based on the assessment of the field data above and comparisons with existing AGB

maps, we would recommend that this new dataset represents the best estimate of the total

carbon storage, and its distribution, for China in this time period.
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Chapter 3

Mapping AGB in two contrasting

regions

Abstract

Large-scale high spatial resolution AGB maps play a crucial role in determining forest carbon
stocks and how they are changing, which is instrumental in understanding the global carbon
cycle, and implementing policy to mitigate climate change. The advent of the new space-
borne Light Detection and Ranging (LIDAR) sensor, NASA's Global Ecosystem Dynamics
Investigation (GEDI) instrument, provides unparalleled possibilities for the accurate estima-
tion of forest AGB at high resolution, particularly in dense and tall forests, where SAR and
optical data exhibit saturation. However, GEDI is a sampling instrument, collecting disperate
footprints, and its data must be combined with that from other continuous cover satellites
to create maps, using local machine learning methods. In this study, we linked GEDI data
with forest AGB using unique field data co-located with GEDI footprints. In the northeast
of China, we converted RH98 to field AGB, while in the mountainous southwestern region, a
closer relationship was observed between RH80 and field AGB. We applied an ensemble model
of decision trees (Light Gradient Boosting Machine, LightGBM), and random forest regres-
sion to generate wall-to-wall AGB maps at 25 m resolution, using extensive GEDI footprints
as well as Sentinel-1 C-band data, ALOS-2 PALSAR-2 L-band data and Sentinel-2 optical
data. We found many GEDI footprints had errors not detected by their quality flags; filtering

using remote sensing data to find realistic possible values improved results. Through a 5-fold
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cross-validation, Light GBM demonstrated a slightly better performance than Random Forest
across two contrasting regions. In the northeastern region, R? of the two models is both 0.70
and the root-mean-square-error (RMSE) ranges between 28.44 and 28.77 Mg ha™!. Mean-
while, in the southwestern region, the R? values range from 0.60 to 0.62, and the RMSE
values range between 37.71 to 38.29 Mg ha't. However, in both regions, the computation
speed of LightGBM is substantially faster than that of the random forest model, requiring
roughly one-third of the time to compute on the same hardware. We found in both locations
an increase in error as slope increased. In the northeastern region, the R? values decreased
from 0.93 in flat areas to 0.42 in areas with >30 degrees slope, while the RMSE increased
from 14 to 38 Mg ha™t. In the southwestern region, the R? values decreased from 0.75 in
flat areas to 0.50 in areas with >30 degrees slope, while the RMSE increased from 20 to 44
Mg ha™l. The trained models were tested on nearby but different regions and exhibited good
performance. This study not only proposes an approach to map forest AGB using extensive
GEDI and continuous SAR, optical data in China but also enables the estimation of AGB
changes using the trained model, even in the absence of GEDI but presence of SAR and

optical data.

3.1 Introduction

Forests play an essential role in the health and sustainability of the planet's ecosystems
(Watson et al., 2018). Accurate information on forest AGB is critical for effective forest
management, carbon accounting, and climate change mitigation efforts (Xu et al., 2021;
Houghton et al., 2009). Traditional forest inventory methods for estimating forest biomass
are labor-intensive and time-consuming, making them impractical for large-scale monitoring
and assessment. Approaches based on earth observations have emerged as a promising
alternative for estimating forest AGB (Mitchard, 2018; Tucker et al., 2023), offering the
potential to rapidly and consistently map AGB over large areas. Optical, SAR, and LiDAR
are the three main types of earth observation data.

Optical data measures light reflected from the Earth’s surface, and is widely used due to
the ability to capture detailed spectral information, which can be used to assess canopy cover

and potentially estimates of the density. Optical data provides the longest temporal record,
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with the series of Landsat that commenced data collection in 1972. It has traditionally
been an efficient tool to map wall-to-wall forest AGB by combining with field data through
regression models (McNicol et al., 2018; Lu et al., 2004; Zhu and Liu, 2015; H. Nguyen et al.,
2019; Zheng et al., 2004). However, optical data can only see the top of the forest canopy,
meaning similar canopy with different heights or trunk widths, are not be distinguished well.
Additionally, optical data’s utility can be significantly hampered by atmospheric conditions
such as clouds and haze.

SAR is a type of active sensor that transmits its own energy and subsequently records
the quantity of that energy reflected back (Meyer, 2019). The long wavelengths of the
SAR sensors used for biomass mapping (C, L, and longer wavelengths if available) enables it
to see through clouds, which ensures consistent data acquisition. The continuous, reliable,
all-weather, day-and-night imaging capabilities of SAR make it particularly useful for forest
AGB estimation (Mitchard et al., 2009). SAR can further penetrate through the canopy and
interact with leaves, branches and trunks, and thus SAR is sensitive to forest AGB (Balzter
et al., 2007). SAR data which has longer wavelength tends to have a higher saturation
point than those with shorter wavelengths (Woodhouse et al., 2012; Sinha et al., 2015).
However, even the L-band SAR, which has the longest wavelength among currently available
space-borne SAR data, has a relatively low saturation point for AGB at around 100-150 Mg
ha™ (Mitchard et al., 2009; Englhart et al., 2011; Mitchard et al., 2012).

LiDAR data employs laser light to estimate tree height and structure, thereby facilitating
the construction of a detailed representation of a forest. This technology allows for the direct
estimation of 3D structural parameters such as height, stem density, and canopy cover, pro-
viding invaluable insights into forest characteristics and dynamics. Therefore, LiDAR suffers
little from saturation effects (Wulder et al., 2012; Duncanson et al., 2022). With the launch
of GEDI, a LiDAR instrument designed to measure vegetation structure (Dubayah et al.,
2020), it is now possible to quantify forest AGB in distributed 25m diameter footprints over
very large areas. While this represents an improvement over the previous spaceborne LiDAR
ICESat with its 65 m footprints, it's important to note that GEDI's 25m resolution is still
relatively coarse compared to airborne LIDAR systems. Despite this limitation, GEDI pro-
vides valuable data for large-scale forest structure analysis, albeit with inherent uncertainties

and potential errors (Duncanson et al., 2022; Potapov et al., 2021).
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However, useful instruments do not necessarily produce accurate forest AGB maps. China
encompasses diverse forest cover types and complex terrain, making it a challenging and
highly variable environment for AGB estimation (Dai et al., 2011). China is among the
countries with the highest degree of inaccuracy when it comes to estimating AGB using
GEDI data. The AGB estimated by GEDI for China is more than double the estimates
provided by the FAO (Dubayah et al., 2022) and other studies (Su et al., 2016; Huang et al.,
2019; Chang et al., 2021). One potential reason for this is the undefined relationship between
GEDI relative height (RH) metrics and forest AGB. Forest biomass estimation using remote
sensing relies on the correlation between remotely sensed data and ground-based biomass
measurements, which vary greatly depending on the forest type and terrain conditions such
as elevation and slope. In this study, we collected new field plots co-located with GEDI
footprints to develop relationships to convert GEDI RH metrics into forest AGB.

However, unlike SAR and optical data, GEDI data are not continuous. The discontinuous
LiDAR data is often combined with optical and SAR data to generate wall-to-wall estimates
(Guo et al., 2023; Chen, Ren, Bao, Zhang, Wang, Liu, Man and Liu, 2022; Silva et al.,
2021). Their combined use can provide a more comprehensive and accurate estimation of
forest carbon. Random forest (Breiman, 2001) is one of the most popular algorithm to
extrapolate LiDAR footprints to wall-to-wall map using optical and SAR imagery (Baccini
et al., 2012; Huang et al., 2019; Narine et al., 2020; Ngo et al., 2023; Yao et al., 2024).

In this study, we used random forest as well as a more advanced machine learning algo-
rithm, LightGBM (Ke et al., 2017), to generate wall-to-wall AGB maps with a resolution of
25 m. LightGBM is a gradient boosting ensemble method that is known for its efficiency and
ability to handle large-scale data (Yan et al., 2021). However, the universality of the two
models across different different regions is not yet fully understood. We tested the perfor-
mance of the two models in two contrasting regions, and validated the results using the field
data. In addition, the trained models were applied to respective areas. The remote sensing
data used in the models were from GEDI, Sentinel-1, Sentinel-2, and ALOS-2, all of which
are open-source. We aim to propose a universally applicable method for estimating AGB
in China, or if necessary demonstrate why different methods might be needed in different

regions.

50



CHAPTER 3. MAPPING AGB IN TWO CONTRASTING REGIONS 51

3.2 Data and methods

3.2.1 Study area

This study was conducted in two contrasting areas of China: one in northeastern China, and
the other one in southwestern China (Fig. 3.1). Each of the study areas covers an area of 500
x 500 km, but the types of forests and terrain are completely different. The forest types differ
in terms of their structure, species composition, and environmental conditions, providing an
ideal opportunity to test the universality of remote sensing-based forest biomass mapping
approaches which is of great significance for achieving large-scale forest AGB predictions in

areas with complex forest compositions.
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Figure 3.1: Location of the study area and field sites. The field plots are shown on the
composited ALOS PALSAR-2 mosaic (HH in red, HV in green, and HV/HH in blue).

The northeastern study area, primarily located in Jilin Province as well as the southern
part of Heilongjiang Province, is characterized by the temperate forest. The area experiences
a continental monsoon climate, with long, cold winters and short, warm summers (Liu, Shan,

Shu, Sun and Du, 2018). The average temperatures in January and July are -20 and 21 °C,
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respectively. The average annual precipitation ranges from 600 to 1100 mm (Dong et al.,
2005). The forests are dominated by Korean pine (Pinus koraiensis) mixed with deciduous
species (e.g. Betula platyphylla) (Wang, 2006) (Fig. 3.2). A portion of the primary forest
has been destroyed by large-scale industrial logging, and replaced by secondary forests and
plantations (Yu et al., 2011), which mainly consist of Betula platyphylla, Larix gmelinii, and
Pinus koraiensis (Shi et al., 2015).

The southwestern study area is mainly situated in Yunnan Province. Forests in this region
predominantly blanket the mountainous terrain, as this area is dominated by plateau and
mountainous areas, with elevations ranging from 285 to 5350 m, and an average elevation
of 2039 m (Digital Elevation Model). The average temperature fluctuates between roughly
9-11 °C in January and climbs to around 22 °C in July, while the average annual precipitation
varies from 1100 to 1600 mm (Shi and Chen, 2018). The natural conditions described above
contribute to the richness and diversity of Yunnan's forest resources, including needleleaf
forest, subtropical evergreen broad-leaved forests and deciduous broadleaf forest (Zhang,

Wang and Liu, 2019; Zhu et al., 2022; Frayer et al., 2014).

Figure 3.2: Field photos showing different forest types and terrains in the two study areas.
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3.2.2 Field data of AGB

The field measurements were carried out during October and December 2021. We measured
26 plots in northeastern region with 24 plots were under GEDI footprints, and 16 plots in
southwestern region with 12 plots were under GEDI footprints. In order to align with the
GEDI data, all field plots were circular with a diameter of 25 m. We endeavored to maintain
a substantial distance between field points (typically greater than 2 km) and ensured they
were at least 50 meters away from non-forest areas. This strategy was adopted to avoid
issues related to mixed pixels.

After identifying the GEDI footprints to be measured (Fig. 3.1), we navigated to the
center of each footprint using a Garmin eTrex 20x handheld GPS device. To improve the
accuracy of our measurements, we averaged the GPS readings over a period of 5 minutes.
A tape was then used to delineate a circular plot, centered on the core of the footprint, with
a diameter of 25 meters. Subsequently, we measured the height and DBH of trees within
the plot that have a DBH > 5 cm. This methodology ensures a comprehensive and accurate
assessment of the field plot. DBH was measured at 1.3 m up the trunk from the ground
using a diameter tape. For the majority of the field plots, tree height was estimated using
a Vertex IV with a Transponder T3. However, for two plots in the northeastern region, the
tree height was measured using a clinometer. The field AGB of individual tree was then
obtained using tree height and DBH, calculated via the following allometric equation (Luo
et al., 2018).

W = 0.1355 % (D? x H)%-817 (3.1)

where, W is the AGB of each tree (kg), D and H are DBH (cm) and height (m) of the
tree. We sum the AGB of all trees within the plot that have a DBH > 5cm. This total AGB
was then converted to a per hectare basis for standardization, expressed in Megagrams per

hectare (Mg ha).
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3.2.3 LiDAR data
Canopy height metrics from GEDI

The GEDI instrument captures the waveform of the light that has bounced back from the
Earth’s surface to the GEDI sensor on the International Space Station, with a 25 m spatial
footprint every 60 m along orbits. The GEDI instrument is equipped with three lasers. Out
of these, two lasers operate at full power while the third one is divided into two coverage
beams. These four beams are dithered across-track, creating a total of eight ground tracks
of data, comprising four full-power beams and four coverage beams (Dubayah et al., 2020).

The dataset essentially presents the distribution of Earth's surface features, like vegeta-
tion and terrain, within the footprint of a laser shot. Specifically, it includes details on the
vertical structure of the features, which is of great importance when assessing characteristics
like canopy height or the vertical distribution of foliage in forests (Dubayah et al., 2020). In
this study, L2A dataset acquired from 2019 to 2022 was used to produce continuous forest

AGB map.

Airborne laser scanning data

Airborne laser scanning (ALS) are capable of collecting data on vegetation structure, which
can potentially serve as a surrogate for traditional field measurements (Potapov et al., 2021).
We employed ALS point clouds, collected in the summer of 2022, with a point density of 18
points/m? in our research. The ALS data consists two areas, the first area of 18 ha and the

other area of 22 ha, co-located with 11 GEDI footprints respectively.

3.2.4 SAR data

To obtain as much information as possible on forest structure, we utilized both C-band and

L-band SAR in this study.

Sentinel-1 C-band data

Sentinel-1 Interferometric Wide swath (IW) product acquired during 2020 and 2022 was

used in the estimation. Sentinel-1 was accessed and processed in GEE, powered by Google
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Cloud Platform. The Sentinel-1 Ground Range Detected (GRD) data had been calibrated
and terrain-corrected, and the values were converted to decibels.

The backscatter coefficient of VV (vertical-vertical) and VH (vertical-horizontal) polar-
izations was exploited, as different polarizations carries information about the structure of
the forest (Flores-Anderson et al., 2019). Their cross ratio (VV/VH) was also included,
as the cross ratio of Sentinel-1 is likely to mitigate errors associated with the acquisition
system (Veloso et al., 2017) and has been demonstrated to effectively differentiate between
vegetation densities (Vreugdenhil et al., 2018). To reduce the impact of temporal variations
and anomalies that might occur in individual images, we calculated temporal means of the
data. To further reduce the speckle noise, we applied a focal mean speckle filter with a radius

of 50 m to the data.

ALOS-2 PALSAR-2 L-band data

The annual mosaics of L-band SAR data from ALOS-2 PALSAR-2 was utilized in this study.
The 25 m resolution yearly mosaic dataset was created by the JAXA, using data acquired
in the target year. The ortho-rectified and slope corrected data was accessed in GEE, and
we also applied a focal mean speckle filter with a radius of 50 m to the means of annual
mosaic of 2020 to 2022 to reduce the impact of speckle noise. The DN of HV and HH were
then converted to gamma naught values in decibel using the the following equation (Shimada
et al., 2009).

Yo = 10log;o(DN?) — 83.0dB (3.2)

where, g is the backscatter coefficient in dB. In addition to the both polarizations, we
also prepared the ratio (HV/HH) data, which has been identified as effective strategies for

enhancing the saturation point (Hayashi et al., 2019; Sarker et al., 2012).

3.2.5 Optical data

Optical data were also used to extrapolate LIDAR footprints to wall-to-wall image. The
MultiSpectral Instrument (MSI) on board the Sentinel-2 satellite measures reflected radi-
ance across 13 spectral bands. These bands span a range from the Visible and Near Infrared

(VNIR) to the Short Wave Infrared (SWIR) spectra. This broad coverage enables detailed
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observations of various surface conditions and phenomena. The ortho-rectified and atmo-
spherically corrected L2A surface reflectance (SR) dataset, excluding band 10, is publicly
accessible in GEE. In addition to utilizing the mean values of each band of L2A imagery
acquired between 2020 and 2022, we also computed the mean and maximum values of the
NDVI, which provide valuable information regarding the average and peak level of vegetation

growth.

3.2.6 Topographic data

The NASA Digital Elevation Model (NASADEM) is a global digital elevation model with a
resolution of 30 m. NASADEM combines data from different satellite missions, including the
SRTM, the Advanced Spaceborne Thermal Emission and Reflection Radiometer (ASTER),
and ICESat, to generate a seamless global elevation model (JPL, 2020). In this study, we
utilized the terrain slope derived from NASADEM as an additional variable for analysis. The
terrain slope was computed using a 3 x 3 moving window approach. The integration of
terrain slope information provided valuable insights into the topographic characteristics of

the study areas, enhancing the impact of topographic variations on the AGB predictions.

3.2.7 Forest AGB estimation
GEDI data filtering

Before proceeding with model fitting, we implemented multiple filters to identify and remove
poor-quality footprints. L2A footprints collected from 2019 to 2022 were filtered using the
following criteria (Dubayah et al., 2021).

(a) Only shots that have a quality_flag of 1 were used. This flag signifies that the
shot meets a summation of energy level, sensitivity, amplitude, quality of real-time surface
tracking, and the difference from DEM.

(b) Shots acquired during degrade period were excluded.

(c) Only shots with a sensitivity > 0.98 were used. A higher sensitivity indicates a greater
likelihood of penetrating to the ground beneath a specific level of canopy cover.

(d) Shots were included if they were acquired at night, when the negative impact of solar

illumination on the quality of GEDI waveform is eliminated, thus yielding better tree height
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prediction results (Liu, Cheng and Chen, 2021).

After we filtered the GEDI footprints, we then compared GEDI L1B data with ALS data
to verify the quality of GEDI data, and to eliminate poor-quality footprints in GEDI. In order
to compare with GEDI footprints, we used ALS data to simulate GEDI observations with
three ground-finding algorithms: the Gaussian fitting, the lowest inflection point and the
lowest maximum (Hancock et al., 2019).The simulated GEDI observations from ALS data

was then compared with actual GEDI footprints (fig. 3.3).
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Figure 3.3: RH98 of actual GEDI against GEDI simulator. (a)-(c) is the scatter plot for the
first area, all the footprints are comprised within full-power beam. (d)-(f) is the scatter plot
for the second area, all the footprints are comprised within coverage power beam. The dotted
line represents 1:1 line. The solid line represent the fitted line, and is extended to cover the
entire range of the x-axis. This was done to provide a comprehensive visual representation
of the relationships between GEDI RH metrics and ALS simulated RH metrics.

As expected, footprints of GEDI power beams have a higher relationship with ALS sim-
ulated footprints, with a higher R? and a smaller RMSE. Since this also had been proved in
other study areas (Duncanson et al., 2020; Li et al., 2023; Liu, Cheng and Chen, 2021), we
only included power beams in this study.

By comparing GEDI and ALS data, we also found that the geolocation errors (horizontal)

of GEDI data in the China are substantial, with 17.9 m error for the first area and 9.8 m error
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for the second area. We noticed a significant difference in the geolocation error between the
two areas, indicating that the geolocation error of some footprints is larger than others. This
means that the RH metrics at the actual geolocation of some GEDI footprints may differ
significantly from the RH metrics at the geolocation it shows, which could introduce large
error into AGB predictions.

Because of this finding, we proceeded with an additional filtering process on the GEDI
footprints using ALOS-2 PALSAR-2 HV, HH polarizations, and Sentinel-1 VH, VV polar-
izations, which have been proven to have a close relationship with forest height and AGB
(Mitchard et al., 2012; Duncanson et al., 2020; Cartus et al., 2012; Ge et al., 2022; Santi
et al., 2017). We fitted the relationship between GEDI RH98 and SAR imagery in the North-
east region. The reliability of the fitting relationships were assessed using R? and RMSE,
calculated using the following equations:

> 1(SAR; = f(RH)))?

R?=1-— -~ 3.3
S (SAR, — SAR)? 53

RMSE = ;;(SAR,- — f(RH;))? (3.4)

where SAR; is the value of SAR imagery, f(RH,) is the fitted value, overlineSAR is the
average value of SAR;. The R? and RMSE here can be influenced by the fitted function.

In northeastern region, cross-polarised SAR showed strong relationships with GEDI RH98
(Fig. 3.4a, c), while the relationships between co-polarised SAR and GEDI RH98 were not
as expected (Fig. 3.4b, d). In contrast, in southwestern region, neither polarization showed
a significant relationship with GEDI RH metrics, which might be substantially influenced by
the steep slopes. There remains a substantial amount of GEDI data that does not meet the
required quality standards. Generally, the backscatter of SAR from shorter trees is expected
to be lower than that from taller trees. We therefore filtered the GEDI footprints in both
regions using the relationships developed in northeastern regions, and only retained the GEDI

data that fell within a range of plus and minus 3 from the fitted curve.
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Figure 3.4: ALOS PALSAR-2 backscatter in (a) HV, (b) HH polarizations, and Sentinel-1
backscatter in (c) VH, (d) VV polarizations were plotted against GEDI RH98 for 1,405,451
GEDI footprints in the northeastern region. The black solid line represents the fitted line.
The red solid line above the black solid line represents the fitted line plus 3, and the red solid
line below the black solid line represents the fitted line minus 3. The color of each point in
the scatter plot represents the estimated density of points at that location, calculated using
a Gaussian kernel density estimate.

AGB of GEDI footprints

In order to obtain AGB values for the filtered GEDI footprints, we linked field AGB with GEDI
RH metrics. We analysed the correlation between field AGB and RH values ranging from
RH30 to RH98. In the northeastern region, the closest relationship was observed between
field AGB and RH98, while in the mountainous southwestern region, field AGB exhibited a
stronger correlation with RH80 (Fig. 3.5). We converted RH98 and RH80 to AGB using

the fitted relationships for both regions, respectively.
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Figure 3.5: Field measured AGB are plotted against (a) RH98 in the northeastern region,
and (b) RH80 in the southwestern region.

Accuracy assessment

We evaluated the model performance using a 5-fold cross-validation approach. The dataset
was divided into five distinct subsets. Four subsets were employed for training, while the
remaining one was used to test the model’s accuracy. This procedure was repeated five
times, ensuring each subset served as the test set once. Subsequent to these iterations, the
results from all five test sets were aggregated to provide a comprehensive assessment of the
model’s accuracy.

The model performance and the accuracy of the results were evaluated using R? and

RMSE, computed using the following equations:

o 2imi=9)?

AR S 59

RMSE = [ 1Y 0, -5y (36)
=1

where y; is the field measured AGB or the AGB derived from GEDI RH metrics, y; is the

model predicted value, ¥ is the average value of y;.
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Wall-to-wall AGB map

In this study, we extrapolated the extensive GEDI footprints into continuous AGB maps using
LightGBM and random forest in Python 3.8. A comprehensive set of 25 remote sensing layers
were employed in the generation of wall-to-wall maps. These layers comprised a wide array of
data, including bands and ratios from SAR, optical bands, the maximum and average NDVI
values, data from the DEM and slope, along with gridded latitude and longitude information.

Using the 5-fold cross-validation, each trained model from the five iterations was employed
to predict the AGB maps across the study area, resulting in five separate AGB maps for each
of the two regions. To derive a robust and consolidated AGB map, we computed the mean
of these five predictions for each pixel. Additionally, to assess the variability and reliability of
our predictions, we calculated the standard deviation across the five results for each pixel,
which was then utilized to generate an uncertainty map (Fig. 3.6).
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Figure 3.6: Framework for estimating AGB and its uncertainty.

To show the spatial distribution of forest AGB in both regions, the AGB maps were
masked by a forest cover map in a 2021. The 2021 forest cover was derived from the
Hansen et al forest map (Hansen et al., 2013), based on the 2000 forest cover map as
a baseline. To generate the 2021 map, the degraded areas between 2000 and 2021 were
excluded, and the forest areas that experienced an increase from 2000 to 2012 were added

to the map (there is no information of forest gain after 2012).
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3.3 Results

3.3.1 Model performance

Filtering GEDI data using parameters such as quality_flag, degrade, sensitivity, solar elevation
(acquisition time), and beam intensity had been demonstrated to be an effective method for
enhancing data quality. 1,405,451 and 2,042,330 GEDI footprints, filtered by the parame-
ters above, were used to generate AGB maps for the northeastern and southwestern regions,
respectively. The GEDI data was divided into training and test datasets at a ratio of 6:4.
Scatter plots of the estimates compared to the test data are shown in Fig. 3.7, the variation
of test data density is also illustrated. This initial analysis, which utilized GEDI footprints
irrespective of GEDI RH metrics against SAR backscatter, indicated that both models ex-
hibited strong performance in the northeastern region. However, neither model performed
well in the southwestern region. There are many outliers in Fig. 4.6, which may be caused

by geolocation uncertainties in the GEDI data (Fig. 3 and section 3.2.7), or steep slopes.
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Figure 3.7: The predicted AGB values against AGB derived from GEDI RH metrics before
filtering using earth observation data. (a) LightGBM in northeastern region, (b)random
forest in northeastern region, (c) LightGBM in southwestern region, (d) random forest in
southwestern region. The color of each point in the scatter plot represents the estimated
density of points at that location.

We then utilized the GEDI footprints filtered using SAR data as described in section
3.2.7, with 689,013 and 673,744 footprints remaining for the northeastern and southwestern
regions. We employed two different models to predict forest AGB. Predicted AGB from both
models against test dataset of AGB derived from GEDI RH metrics are plotted in Fig. 3.8.
The performance of both models in the northeastern region did not show significant improve-
ment, except for a slight reduction in the RMSE and a notable reduction in the number of
outliers. However, both models showed significant improvement in the southwestern region.
The R? and RMSE of the LightGBM model improved from 0.35 and 65.22 Mg ha™ to 0.62
and 37.71 Mg ha™!, respectively. Similarly, the Random Forest model saw its R? and RMSE

improve from 0.31 and 67.46 Mg ha™ to 0.60 and 38.29 Mg ha™', respectively.
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Figure 3.8: The predicted AGB values against AGB derived from GEDI RH metrics after
filtering using earth observation data. (a) LightGBM in northeastern region, (b)random
forest in northeastern region, (c) LightGBM in southwestern region, (d) random forest in
southwestern region. The color of each point in the scatter plot represents the estimated
density of points at that location.

Both models demonstrated similar accuracy in the two regions. However, LightGBM
outperforms Random Forest in terms of computational speed. Table 3.1 presents the com-
putational time required for training and prediction using the LightGBM and Random Forest
models. The reduced computational time of LightGBM can be attributed to its optimized
algorithm and efficient implementation. The notable difference in computational speed be-
tween LightGBM and Random Forest makes LightGBM a favorable choice for applications

where efficient processing is crucial, especially when dealing with large-scale datasets.
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Table 3.1. Computation time for Light GBM and random forest. NE represents the north-
eastern region, and SW represents the southwestern region.

Study area Model Number of GEDI footprints Computation time (min)
NE LightGBM 1,405,451 89
NE random forest 1,405,451 233
NE LightGBM 689,013 51
NE random forest 689,013 145
SW LightGBM 2,042,330 97
SW random forest 2,042,330 329
SW LightGBM 673,744 69
SW random forest 673,744 187

3.3.2 Accuracy of the AGB maps

The accuracy of the AGB maps produced by both models was evaluated using 26 and 16
plots in the northeastern and southwest regions, respectively. Fig. 3.9 shows the scatter plot
of field AGB and estimated AGB using filtered GEDI footprints. The estimated AGB from
LightGBM and random forest correspond well with the field AGB in both regions. The R?
values of estimated AGB from LightGBM are higher than those from random forest. In the
northeastern region, Light GBM achieves an R? of 0.43, while in the southwestern region,
it obtains an R? of 0.48. On the other hand, random forest yields an R? of 0.33 in the
northeastern region and 0.55 in the southwestern region. The RMSE of both models in the
two regions is very close, with a difference within 3 Mg hat. Compared to the field data,
both models have overestimated biomass in low biomass areas and underestimated biomass
in high biomass areas, as is common in biomass mapping using machine learning (Shendryk,
2022; Huang et al., 2019). This trend is also evident when evaluating model performance

using AGB derived from the GEDI footprints (Fig. 3.8).
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Figure 3.9: Scatter plot between predicted AGB and field measured AGB. (a) LightGBM in
the northeastern region, (b)random forest in the northeastern region, (c) LightGBM in the
southwestern region, (d) random forest in the southwestern region. The solid line represent
the fitted line, and the dotted line represents 1:1 line.

3.3.3 Spatial distribution of AGB in both regions

The wall-to-wall forest AGB maps by LightGBM and random forest in both regions are shown
in Fig. 3.10. In the northeastern region, high AGB values are predominantly concentrated in
the eastern part of the study area. Conversely, in the southwestern region, the distribution
of AGB exhibits a more dispersed pattern. In both the northeast and southwest regions,
the spatial distribution patterns of AGB predicted by the LightGBM and Random Forest
models show strong agreement, perhaps unsurprisingly given they are based on the same

Earth Observation data inputs. This is further evidenced in the histograms, where both
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models generate similar overall AGB distributions 3.11. In the northeastern region, the
mean difference in AGB estimates between LightGBM and Random Forest was -1.59 Mg
ha™t. Similarly, in the southwestern region, the mean AGB estimate difference was -1.44 Mg
hal. Although the overall spatial distribution patterns show strong agreement, difference
maps in Fig. 3.10 reveal there are still discernible differences between the LightGBM and
Random Forest AGB predictions. To better illustrate these spatial differences at a finer
scale, zoomed-in 2500 m x 2500 m maps are presented in Fig. 3.12. Focusing on this local
scale enables better visualization and analysis of the details and spatial heterogeneity in the
AGB distribution. The AGB maps generated by the Random Forest model exhibit a deeper
characterization of extreme values (Fig. 3.12b, e), both at the high and low ends of the AGB
range. In contrast, the AGB maps generated by the LightGBM model display a relatively

smoother transition between different AGB values (Fig. 3.12a, d), with more gradual change.
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Figure 3.10: Spatial distribution of AGB and the differences between the AGB maps from the
two models at 25 m resolution. (a) LightGBM in the northeastern region, (b) Random forest
in the northeastern region, (c) Difference Map between LightGBM and RF Estimated AGB
in the northeastern region (d) LightGBM in the southwestern region, (e¢) Random forest in
the southwestern region, (f) Difference Map between LightGBM and RF Estimated AGB in
the southwestern region.
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Figure 3.12: Spatial distribution of AGB for two 2500 m x 2500 m areas. (a) (d) LightGBM,
(b) (e) Random forest, (c) (f) difference maps.

We also generated uncertainty maps based on the standard deviation of results from
5-fold cross-validation (Fig. 3.13). Both LightGBM and Random Forest showed relatively
low uncertainty in the two study regions. For LightGBM, the uncertainty in the northeastern

region was 3.28 Mg ha™!, while in the southwestern region it was 4.22 Mg ha™l. Meanwhile,
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Random Forest uncertainty was 2.96 Mg ha™! in the northeast and 3.44 Mg ha™ in the
southwest. However, LightGBM exhibited slightly higher uncertainty, indicating it may be
more sensitive to differences across folds in the training data. Further analysis is warranted
to determine the factors contributing to the uncertainty patterns.
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Figure 3.13: Spatial distribution of uncertainty and the differences between the uncertainty
maps from the two models at 25 m resolution. (a) LightGBM in the northeastern region,
(b) Random forest in the northeastern region, (c) Difference Map between LightGBM and
RF uncertainty in the northeastern region, (d) LightGBM in the southwestern region, (e)
Random forest in the southwestern region, (f) Difference Map between LightGBM and RF
uncertainty in the southwestern region.

3.4 Discussion

3.4.1 Influence of steep slopes

Both regions are characterized by a significant amount of mountainous terrain, resulting in
many GEDI footprints falling in areas with substantial slopes, especially in the southwestern
region (Fig. 3.14). This could potentially impact the results, as steep slopes could lead to

overestimation or underestimation of canopy height by GEDI data, depending on the steep-
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ness of the slope and spatial distribution of trees within footprints (Chen, 2010; Schneider
et al., 2020). Slopes also impact the backscatter of the SAR data (Shimada et al., 2011).
Ideally the SAR data should be corrected for increased or decreased backscatter caused by
terrain slopes. However, the relationship between slope and backscatter is complex and
depends on forest structure and properties, so slope corrections are not always feasible (Ra-
machandran et al., 2021). Additionally, some steep slopes can cause SAR layover and shadow
effects, resulting in no useful SAR data for those areas (Samuele et al., 2021). These ter-
rain factors introduce uncertainties in both the GEDI lidar and SAR data which should be
considered, especially in regions with substantial topography.

As the slope of the GEDI footprints increases, there is a noticeable decrease in the R?
values, and the RMSE gradually increases (Fig. 3.15) in both regions. Overall, the two
models demonstrated similar accuracy in flat areas. However, in areas with steep slopes,
LightGBM outperformed the random forest model, with a larger R? and smaller RMSE. We
chose not to remove GEDI footprints from areas with steep slopes, because their removal
could lead to unreliable AGB predictions in these steep areas, as much remaining forest is
genuinely located on steep slopes in these regions. In the northeastern region, the average
slope of GEDI is 10.23 degrees, and for the GEDI footprints within the Hansen forest mask,
it is slightly higher at 11.97 degrees. The average slope of GEDI in the northeastern region
measures 20.38 degrees, whereas the average slope of GEDI footprints within the Hansen
forest mask stands at 21.18 degrees. More field data collected in areas with steep slopes are
needed to evaluate the impact of removing GEDI footprints in steep areas on the accuracy

of AGB estimation in these areas.
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Figure 3.14: GEDI RH metrics are plotted against slope. The slope bin of 5 indicates slope
from 0 to 5, and similar with all other bins. The colors of the boxes represent the quantity
of GEDI footprints in different slope bins. (a) RH98 in northeastern region, (b) RH80 in
southwestern region, (c) RH98 in northeastern region after filtering using SAR data, (d)
RH80 in southwestern region after filtering using SAR data.
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Figure 3.15: Model performance in both regions are plotted against slope.

3.4.2 Scalability of the approach

The models trained with GEDI and remote sensing imagery in the northeastern and south-

western regions were directly applied directly to two 100 x 100 km areas (Fig. 3.1). These
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test areas are located 90 km from the northeastern region and 450 km from the south-
western region, respectively. In the northern test area, the results of both models closely
aligned with the AGB derived from GEDI data (Fig. 3.16). The LightGBM and random
forest models achieved R? values of 0.76 and 0.77, with respective RMSE values of 31.01
and 29.44 Mg ha™l. The fitted line and the 1:1 line between the model predictions and the
AGB derived from GEDI were very close, indicating no significant saturation point within
the AGB range below 300 Mg ha. In the middle southern test area, the R? values were
slightly lower, with Light GBM and random forest models achieving R? values of 0.55 and
0.56, respectively. However, the RMSE values remained relatively low, at 48.79 and 46.80

Mg hal, respectively, indicating high accuracy in this area as well.
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Figure 3.16: Performance of trained models in other area. (a) Trained LightGBM in the
northern test region, (b) Trained random forest in the northern test region, (c) Trained
LightGBM in the middle southern region, (d) Trained random forest in the middle southern
region. The color of each point in the scatter plot represents the estimated density of points
at that location.
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3.4.3 Linking field AGB and GEDI RH metrics

In this study, we measured canopy height and DBH of trees in 42 field plots, with 36 of
them co-located with GEDI footprints. There are various allometric equations to estimate
forest AGB using height and DBH, depending on tree species and regions. The AGB es-
timates derived from different allometric equations can vary significantly. In this study, we
used a general allometric equation developed for the trees in China (Luo et al., 2018). The
selection of field plots significantly influence the conversion of GEDI RH metrics into AGB.
It is crucial that the selection of field plots is representative. To this end, we have endeav-
ored to ensure that our field points are evenly distributed spatially, thereby enhancing their
representativeness.

However, it is important to recognize the uncertainties associated with this initial step.
The allometric equations themselves are sources of uncertainty, as they are derived from
field data that may not capture all variations in tree species and regional characteristics.
Additionally, measurement errors in canopy height and DBH further contribute to the overall
uncertainty in estimating AGB from RH metrics.

The primary implication of ignoring the uncertainty from the first step is an underestima-
tion of the total uncertainty in the final biomass maps. The machine learning models rely on
the AGB values derived from GEDI RH metrics as ground truth data. If these input values
contain unquantified errors, the model’s predictions will inherently reflect these inaccuracies,
potentially leading to biased or overly confident estimates. This issue is compounded by the
fact that machine learning models can obscure the propagation of uncertainty due to their
complexity and non-linear nature.

To address this issue, future work should incorporate uncertainty quantification methods
that propagate the uncertainties from the initial AGB estimation step through the entire
upscaling process. Techniques such as Monte Carlo simulations, error propagation analysis,
or Bayesian approaches can be employed to systematically account for and quantify the

uncertainties at each stage.
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3.4.4 Geolocation uncertainty of GEDI footprint

In this study, we used GEDI L2A version 2 dataset, which improved geolocation accuracy
compared to version 1. However, upon comparison with ALS data, we found that the
geolocation uncertainty in the GEDI data remains substantial. This may introduce errors
into the AGB estimation of this study from two perspectives. Firstly, our field plots and
GEDI footprints are at the same location and of the same size. However, there may be
a discrepancy of about ten meters with the actual location of the GEDI footprints. This
discrepancy could potentially result in the relationship we’'ve established between field AGB
and GEDI RH not being as accurate as intended. The effect had been somewhat mitigated
by our strategy for selecting field points, which ensures that our field points were at least 50
meters away from non-forest areas. In addition, the geolocation uncertainty may introduce
errors when matching GEDI footprints with continuous remote sensing images in the models.
The geolocation uncertainty of GEDI footprints can be greatly improved through the use of
ALS data. However, ALS data is scarce and expensive to acquire. Our research provides a
reference for regions and countries where ALS data is lacking, especially for large regions.
Our method of using known relationships between AGB and key remote sensing metrics to
filter out GEDI footprints that are far from the expected values is shown here to be a reliable

way to remove low reliability GEDI footprints, whatever the cause of error.

3.4.5 Implications of Data Usage in Model Calibration and Evaluation

In this study, we employed a 5-fold cross-validation approach to calibrate and validate our
biomass estimation models using GEDI, Sentinel-1, ALOS-2 PALSAR-2, and Sentinel-2 data.
While cross-validation is a widely accepted technique for assessing model performance, the
use of the same dataset for both training and testing purposes may introduce certain chal-
lenges and potential overestimation of model accuracy (Ploton et al., 2020).

One primary concern is the risk of overfitting. Despite the segregation of data into
training and testing sets through cross-validation, the entire GEDI dataset originates from
the same spatial and temporal domain. This commonality may lead to an overly optimistic
assessment of model performance, as the test data may not be truly independent from the

training data (Meyer et al., 2018). The model might inadvertently learn patterns specific
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to the GEDI sampling strategy or the particular environmental conditions during the data
collection period, potentially limiting its generalizability to other datasets or time periods.

Furthermore, spatial autocorrelation within the GEDI dataset could exacerbate this issue.
Nearby GEDI footprints are likely to share similar environmental characteristics and biomass
values, which may result in an artificially high agreement between predicted and observed val-
ues in the cross-validation process. This spatial dependency could lead to an underestimation
of prediction errors when applying the model to new, spatially distinct areas.

While our current methodology provides valuable insights into AGB estimation across
our study areas, acknowledging these limitations is crucial for accurate interpretation of
our results and for guiding future research directions. The high performance observed in
our cross-validation results should be interpreted with caution, considering the potential for

optimistic bias due to data dependency.

3.4.6 Implications of data pre-filtering on accuracy estimation

The pre-filtering process applied to the GEDI footprints using SAR data from ALOS-2
PALSAR-2 and Sentinel-1, while beneficial in removing low-quality data, introduces the risk
of overestimating the accuracy of biomass estimation models.

Our filtering process, which retained GEDI data within a +£3 dB range of the fitted curve
between GEDI RH98 and SAR backscatter, is grounded in the well-established relationship
between forest structure and SAR backscatter. Taller forests generally exhibit higher SAR
backscatter (Mitchard et al., 2012; Woodhouse et al., 2012), providing a solid theoretical
foundation for our approach. By leveraging this relationship, we aimed to identify and remove
GEDI footprints with significant geolocation uncertainties, thereby enhancing the overall
quality of our training data.

A critical consideration in interpreting our results is the issue of data independence.
Although GEDI and SAR data provide complementary information about forest structure,
they are not entirely independent. The use of SAR data to filter GEDI footprints may
inadvertently remove some valid but anomalous forest structures that do not conform to
the expected relationship. This could potentially limit the model’s ability to capture the full
range of forest structural diversity.

The stark contrast in improvement between the northeastern and southwestern regions
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highlights the significant impact of terrain on both GEDI and SAR data quality. In areas
with complex topography, SAR data are subject to layover and shadow effects, which can
compromise data quality. Our filtering approach, while primarily aimed at improving GEDI
data quality, also inadvertently removed lower-quality SAR data in these challenging terrains.
While this dual filtering effect contributes to the observed accuracy improvements, it under-
scores the need for cautious interpretation of our results, particularly in regions with varied
topography.

Moreover, it is important to recognize that our approach may lead to an overestimation of
accuracy, as we are effectively pre-filtering both GEDI and SAR data to retain instances where
the products match well. This selective data retention could result in an overly optimistic
assessment of model performance when applied to unfiltered data.

Despite these potential limitations, we argue that the accuracy improvements achieved
through our filtering approach are beneficial for several reasons. Firstly, by removing GEDI
footprints with high geolocation uncertainty, we enhance the spatial precision of our biomass
estimates. Secondly, the elimination of low-quality SAR data in areas of complex terrain
helps mitigate the confounding effects of topography on our models. Lastly, the resulting
dataset, though potentially biased towards more "typical” forest structures, provides a more

reliable foundation for biomass estimation in the majority of forest conditions.

3.5 Conclusions

In this study, we presented an experiment designed to determine the universality of remote
sensing-based forest biomass mapping approaches at 25 m resolution, using new field plots
co-located with GEDI footprints in two contrasting regions in northeastern and southwestern
China. Both LightGBM and random forest performed well in the two regions compared to
the GEDI validation data and field AGB. We also applied the models trained in these two
contrasting regions to a northern area and a central-southern area, respectively, and achieved
good results.Our preliminary test of the scalability of the models across different areas seems
to demonstrate their robustness and ability to capture the relationships between the GEDI
data and continuous remote sensing data in different areas with similar forest types. The

promising outcomes can be attributed to several key factors. Firstly, the availability of a
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large volume of GEDI footprints and multiple sources of remote sensing imagery, including
SAR and optical data, contributes to the accuracy and comprehensiveness of the prediction.
In addition, the stringent removal of poor-quality data from the GEDI dataset enhances the
reliability of the results. Our study demonstrates the significant potential of using GEDI data
to produce high resolution AGB maps of China in the GEDI era (2019 and onwards).
LightGBM and random forest models exhibit similar performance in terms of accuracy.
However, LightGBM outperforms random forest in terms of computational speed. With the
growing number of space-borne sensors acquiring imagery and LIDAR footprints at high res-
olutions and frequencies, LightGBM's computational speed advantage empowers researchers
to efficiently process large-scale and high-frequency AGB estimation (i.e. national scale

annual estimates).
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Chapter 4

Mapping forest AGB using deep

learning method

Abstract

Accurate quantification of AGB is critical for understanding carbon stocks and changes in the
context of climate change. In this study, we present a novel attention-based deep learning
approach for forest AGB estimation, primarily utilizing openly accessible EO data, including:
GEDI LiDAR data, C-band Sentinel-1 SAR data, ALOS-2PALSAR-2 data, and Sentinel-2
multispectral data. The attention UNet (AU) model achieved higher accuracy for biomass
estimation compared to the conventional RF algorithm. Specifically, the AU model attained
an R? of 0.66, RMSE of 43.66 Mg ha™!, and bias of 0.14 Mg ha, while RF resulted in
an R? 0.62, RMSE 45.87 Mg ha!, and bias 1.09 Mg ha™'. However, the superiority of the
deep learning approach was not uniformly observed across all tested models. ResNet101 only
achieved an R? of 0.50, an RMSE of 52.93 Mg ha™!, and a bias of 0.99 Mg ha™!, while the
UNet reported an R? of 0.65, an RMSE of 44.28 Mg ha™!, and a substantial bias of 1.84
Mg ha™t. Moreover, as spatial information is intrinsic to remote sensing data, it is crucial to
investigate the dependence of deep learning models on spatial cues when estimating forest
AGB. To explore the performance of AU in the absence of spatial information, fully connected
(FC) layers were employed to eliminate spatial information from the remote sensing data.
AU-FC achieved intermediate R? of 0.64, RMSE of 44.92 Mg ha™!, and bias of -0.56 Mg

ha™, outperforming RF but underperforming the AU model using spatial information. We
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also generated 10m forest AGB maps across Guangdong for the year 2019 using AU, where
a novel strategy was employed to mitigate boundary effects in patch-based predictions, a
common challenge in deep learning models for image analysis. By overlapping and discarding
edge pixels of patches, we significantly enhanced spatial coherence and predictive accuracy at
boundary regions, thus ensuring more reliable AGB estimates. The AGB distributions from
both AU and RF showed strong agreement with similar mean values; the mean forest AGB
estimated by AU was 102.18 Mg ha™! while that of RF was 104.84 Mg ha™!. Additionally, it
was observed through visual inspection that the AGB map generated by AU provided more
realistic spatial information. Overall, this research substantiates the feasibility of employing
deep learning for biomass estimation based on satellite data, highlighting its potential to

enhance the accuracy and efficiency of forest carbon stock estimation.

4.1 Introduction

Forest ecosystems are fundamental to the global carbon cycle, holding 80% of the Earth’s
total vegetation biomass (Kindermann et al., 2008). Notably, of this forest AGB, 80% is
stored above ground (Pan et al., 2013). Forest AGB have garnered significant attention
given their profound implications for environmental and climate science (Mitchard, 2018).
The accurate quantification and monitoring the dynamics of forest AGB are instrumental
in enhancing our understanding of the global carbon cycle. Such insights provide a robust
foundation for the formulation of evidence-based policies geared towards sustainable forest
management and climate change mitigation (Herold et al., 2019).

Estimation methodologies for forest AGB are predominantly classified into two main cat-
egories: in-situ field measurements and remote sensing techniques. The most accurate,
yet time-consuming small-scale approach for assessing AGB is based on in-situ destructive
sampling (Kumar and Mutanga, 2017). Alternatively, field measurements typically involve se-
lecting representative sites and measuring tree height and DBH using specialized instruments
(Mitchard et al., 2009). In certain studies, wood density are also measured (Chave et al.,
2005). Subsequently, these empirical measurements are fed into allometric equations to de-
rive biomass estimates (Chave et al., 2014), otherwise they can be added based on databases

of pre-measured values per species (Zanne et al., 2020). It's noteworthy, however, that such
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field-based methodologies, while precise, are labor-intensive and inherently limited in spatial
coverage, often constrained to areas that are logistically feasible to access. In contrast, re-
mote sensing techniques offer the advantages of large-scale monitoring combined with high
spatiotemporal resolution (Saatchi et al., 2011; Santoro and Cartus, 2021b). Spaceborne
remote sensing serves as an important approach for large-scale monitoring of AGB, providing
explicit spatial detail and coverage, enabling high-resolution surveys of relatively extensive
areas at a lower cost (Baccini et al., 2012; Brandt et al., 2018). Optical and SAR data serve
as primary sources for estimating forest AGB. Optical data provides rich spectral information
about vegetation properties based on reflection, while SAR penetrates into the canopy to
derive canopy structure parameters (Gomez et al., 2014; Mitchard et al., 2011; Liao et al.,
2020). However, they do not provide direct measurements of biomass (Woodhouse et al.,
2012; Campbell et al., 2021). Conversely, LiDAR technology offers the capability for direct
measurement of tree heights, which are closely related to forest AGB. However, spaceborne
LiDAR data samples only a very small proportion of the landscape, and as such, it is often
integrated with optical and SAR data for forest AGB estimation to provide wall to wall maps
of estimated AGB.

Conventional machine learning techniques, such as RF, Maximum Entropy Modeling
(MaxEnt), and Support Vector Machines (SVM), have been widely used for extrapolating
discontinuous LiDAR data to generate wall-to-wall maps through integration with optical and
SAR data (Saatchi et al., 2011; Liang et al., 2023; Dhanda et al., 2017).While these conven-
tional machine learning models have shown promising results, they still have some inherent
limitations that constrain their performance. Specifically, these models can incorporate some
degree of spatial information through features like textures, their ability to capture complex
spatial relationships is limited (Reichstein et al., 2019). Each pixel is often treated as an
independent data instance, and while some pixel-based approaches can contain information
on the neighborhood (Meng et al., 2016), they are typically much more limited in scope and
information compared to spatially-aware deep learning models. However, forest AGB accu-
mulation normally has an intrinsic spatial dependence that cannot be captured by treating
pixels and samples independently. Neighboring pixels of forest exhibit spatial autocorrelation
in AGB due to ecological factors and biophysical processes with spatial domains (Ploton

et al., 2020). For instance, environmental variables like soil fertility and water availability
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that affect forest growth often have spatial patterns tied to topography and precipitation
(Lewis et al., 2013). Therefore, accurate estimation of forest AGB requires characterization
of these complex spatial patterns and relationships between neighboring pixels, rather than
simplifying pixels as spatially independent data points. This suggests there is ample room
for improvement by incorporating deep learning techniques, such as convolutional neural net-
works, graph neural networks or transformer models, which can automatically learn spatial
features and patterns without relying on handcrafted features (Gu et al., 2018; Zhou et al.,
2020; Dosovitskiy et al., 2020).

In the past few years, the field of remote sensing has begun to use deep learning to better
exploit spatial and temporal information within datasets, achieving remarkable results in tasks
such as classification and segmentation (Brandt et al., 2020; Tong et al., 2023; Mpakairi
et al., 2023). The performance of deep learning largely depends on the availability and
diversity of labeled datasets. An inadequate volume of data can result in model overfitting,
while a lack of data diversity might compromise the model’s generalization capacity (Long
et al., 2021). Unfortunately, expansive and labeled datasets are not always readily available.
Typically, for classification and detection tasks, manual annotations are made through visual
interpretation (Brown et al., 2022). This approach, however, is not suitable for tasks like
forest AGB estimation, as it is not possible to directly annotate the amount of biomass from
remote sensing imagery. Forest AGB can be estimated using forest inventory plots, but the
time involved in collecting individual plots, and the number needed to power deep learning
algorithms, means that it is infeasible for sufficient forest inventory plots to be collected to
directly train models.

The advent of GEDI has opened up possibilities for employing deep learning in biomass es-
timation. The GEDI instrument conducts high-resolution LIDAR observations of the Earth's
three-dimensional structure, enabling precise inversion of canopy height (Liu, Cheng and
Chen, 2021). The GEDI instrument integrates three lasers, with one split into two " cover-
age” beams and the others emitting full " power” beams. At any instance, four beams with a
25 m footprint diameter measure the ground, and these are alternately dithered across tracks,
resulting in eight data tracks within a 4.2 km swath. Each data track has footprint centers
distanced at 60 m along the track (Dubayah et al., 2020). With its unprecedented dense

sampling as a LIDAR instrument in orbit, GEDI can serve as an ideal dataset to facilitate
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deep learning for forest attribute estimation.

In this study, we developed an approach to estimate forest AGB through the application
of deep learning techniques to remote sensing data. We established a connection between
field measured AGB and GEDI estimates of RH, thereby converting GEDI data into AGB
to serve as labels. The framework we proposed relies on a UNet architecture incorporated
with an attention mechanism, serving as the baseline model. Guangdong province, China,
was selected as a case study region to demonstrate the applicability of the proposed models,
owing to its diverse range of forest ecosystems and complex topographical features (Ren
et al., 2013). The specific objectives of the study were as follows: i) to explore and validate
the capabilities of deep learning methods for forest AGB estimation through the integration
of multi-source remote sensing data; ii) to compare the results derived from deep learning
methods with those obtained using the conventional RF method; iii) to analyze whether the
improvements of AU over the RF method is due to AU's utilization of spatial information,

or due to the increased flexibility and complexity of the AU algorithm compared to RF.

4.2 Data and methods

4.2.1 Study area

Guangdong province, situated in the southernmost region of mainland China, encompasses
a total area of approximately 179,725 square kilometers. It boasts a diverse topography,
ranging from coastal plains in the south to mountainous regions in the north, and is bordered
by the South China Sea to its south. The province's climate is predominantly subtropical,
characterized by mild winters and hot, humid summers (Cheng et al., 2021). Mean monthly
temperatures range from approximately 16-19°C in January to 28-29°C in July (Tian et al.,
2022). The province is subject to substantial precipitation, with average annual cumulative
rainfall varying between 1,300-2,500 mm across regional gradients (Shen et al., 2019), foster-
ing rich biodiversity and a variety of forest ecosystems. Guangdong is home to several forest
types, including subtropical evergreen broad-leaved forests and monsoon rainforests (Ren
et al., 2013). The area has undergone significant anthropogenic changes over the decades,
marked by rapid urbanization and shifts in land use. From 1980 to 2020, the forested area

in Guangdong province has experienced a noteworthy expansion, growing from 59,840 km?
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to 105,241 km? (Tian et al., 2022). Meanwhile, the province’s forestry industry maintained
its leading position in the nation in terms of total output value for several consecutive years
(Zhang et al., 2018). Thus, Guangdong province has been selected as the case study for this
research, aiming to delineate a high-resolution forest AGB map using remote sensing data
to aid sustainable forest management and conservation efforts.
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Figure 4.1: The location of Guangdong province and the spatial distribution of GEDI foot-
prints shown over a Digital Elevation Model (DEM), the NASADEM (JPL, 2020).

4.2.2 Data
GEDI

GEDI Level 2A (L2A) and Level 2B (L2B) Version 2 data collected in 2019 were used in this
study. GEDI L2A data provide footprint-level RH metrics and ground elevation derived from
Level 1 waveform data. (Dubayah et al., 2021). RH metric refers to the height at which
a specified quantile of the cumulative energy of the return signal is achieved. By capturing

the full information of height distribution, the RH metrics quantify the vertical profile of
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forest within a GEDI footprint, and thus strongly correlate with AGB density and provide
key inputs into AGB estimation models using GEDI data (Dubayah et al., 2020). GEDI L2B
data includes canopy cover for each footprint. Canopy cover is a key metric in forest ecology,
refers to the percentage of the ground area that is obscured by the vertical projection of the
tree canopy.

The GEDI L2A and L2B data were accessed via GEE (Gorelick et al., 2017). Initially,
we queried the GEDI L2 table index specific to our study area. Subsequent to this query, we
utilized the retrieved GEDI file names to obtain the GEDI L2 vector data. Both the GEDI
L2A and L2B data provide parameters that can be used to filter GEDI footprints with low
quality. GEDI footprints that were acquired during the day (solar elevation > 0), or those
that were degraded (degrade = 1) or of low quality (quality flag = 0), were deemed unreliable
and excluded from the analysis. For the GEDI footprints with GEDI L2B canopy cover of
less than 0.8, the minimal sensitivity used in this study is 0.9. Conversely, for the footprints
with a canopy cover of 0.8 or greater, the minimal sensitivity is 0.98. In this study, only
power beams were used because their use results in higher accuracy when estimating tree
height and biomass (Liu, Cheng and Chen, 2021; Duncanson et al., 2020). The Version 2
GEDI data, compared to Version 1, boast significant improvements in geolocation accuracy,
with a mean geolocation uncertainty of 10.3 m. However, an uncertainty of 10.3 m is still
substantial for our AGB map with a 10 m resolution. To reduce the geolocation uncertainty,
footprints were filtered based on two criteria: firstly, where the absolute difference between
the GEDI L2B canopy cover and the kNDVI derived from Sentinel-2 exceeded one standard
deviation from the mean (Liang et al., 2023), and secondly, where footprints deviated from

the fitted power curve of GEDI L2A RH98 and PALSAR HV by more than 2.5 dB.

Sentinel-1

We accessed and processed C-band (5.5 cm wavelength) Sentinel-1 data using GEE. Sentinel-
1 GRD images in the IW mode, recorded during ascending orbits, were used in this study.
These images were captured in dual-polarization, encompassing both the VV (Vertical Trans-
mit, Vertical Receive) and VH (Vertical Transmit, Horizontal Receive) polarizations. Sentinel-
1 GRD data have been subjected to essential preprocessing steps including thermal noise

removal, radiometric calibration, and terrain correction, offering a ready-to-use dataset in
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decibels. We applied a focal mean filter with a radius of 50 m to the VV and VH po-
larizations to further mitigate noise and enhance data clarity. This filtering approach aids
in suppressing extremes in SAR data (Bonafilia et al., 2020). We subsequently used the
median values of the imagery acquired in 2019. Additionally, we incorporated the ratio of
VV to VH polarizations into our analysis. The ratio serves as a more sensitive indicator for
differentiating different vegetation characteristics, owing to its reduced sensitivity to ground

characteristics (e.g. soil moisture) (Veloso et al., 2017; Vreugdenhil et al., 2020).

Sentinel-2

Sentinel-2 MSI L2A data, acquired in 2019, were used in this study. Sentinel-2 L2A products
provide orthorectified surface reflectance images, which have been corrected for atmospheric
effects. The MSI sensor collects high-resolution optical images at 13 spectral bands spanning
from the visible and near-infrared to the shortwave infrared, with spatial resolutions of 10 m,
20 m, and 60 m (Drusch et al., 2012). We resampled all the bands to 10 m resolution using
the bicubic method in GEE.To mitigate the effects of clouds, pre-filtering is initially applied
to the Sentinel-2 images to retrieve granules with less than 10% cloud cover. Subsequently,
the QA60 band is used to remove pixels affected by clouds and cirrus (Wang, Xiao, Liu,
Wu, Qin, Steiner and Dong, 2020). The 5-day revisit time of the combined constellation
ensures that sufficient data remain after cloud removal. We utilized the median values
of all the bands, as well as the NDVI, kernel NDVI (kNDVI), and Normalized Difference
Moisture Index (NDMI). The NDVI is sensitive to the greenness of vegetation (Rouse et al.,
1974). kNDVI enhances sensitivity in dense canopy (Camps-Valls et al., 2021), and NDMI
is responsive to vegetation water content (Wilson and Sader, 2002). In addition, we derived
annual minimum NDVI, maximum NDVI, and the difference between them for each year.
Minimum NDVI represents base greenness in low vegetation activity period, while maximum
NDVI indicates peak greenness and helps to reduce the effects of the atmosphere (Martinez
and Gilabert, 2009). Their difference quantifies annual vegetation dynamism, which helps
account for vegetation seasonal variability when estimating forest AGB across time series.
The multi-dimensional vegetation signals from NDVI, kNDVI and NDMI complement the
optical bands, improving the representation of forest properties across different ecological

conditions.
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ALOS-2 PALSAR-2

As an L-band SAR (23.6 cm wavelength) system, ALOS-2 PALSAR-2 can penetrate vegeta-
tion canopies and interact with woody components (Ni et al., 2014), providing sensitivity to
forest structure beneath the canopy layer. The L-band ALOS-2 PALSAR-2 mosaic data ac-
quired in 2019 is directly accessible via GEE. The 25m PALSAR-2 yearly mosaic was created
by merging strips of PALSAR-2 imagery, and has been ortho-rectificatied and slope corrected
by JAXA (Shimada et al., 2014). For each annual mosaic, strip data were chosen based on
visual inspection, prioritizing images with minimal surface moisture response, and exclusively
using data from that specific year without resorting to prior years for gap-filling. We also
applied a focal mean filter with a radius of 50 m to the HV and HH polarizations to reduce
noise. This step was crucial as the presence of speckle can induce significant uncertainties in
AGB change detection (Mermoz and Le Toan, 2016). The DN of HV and HH were converted

into gamma naught values in decibel using the following equation:

Yo = 10log;o(DN?) + CF (4.1)

where, 7yg is the backscatter coefficient in dB, CF is the calibration factor equals to -83.0dB
(Shimada et al., 2009). We incorporated the PALSAR-2 HV/HH ratio, which helps improve
saturation point of AGB (Sarker et al., 2012). In addition, the local incidence angle was
integrated to mitigate the effects of terrain (Zhang, Wang and Liu, 2019; Das et al., 2015).
Lastly, we resampled PALSAR-2 to a 10 m resolution using bicubic interpolation to ensure

compatibility with other datasets.

Ancillary data

In addition to the aforementioned remote sensing data, we also utilized topographic data
and latitude-longitude data in this study. The topographic data, including elevation and
slope derived from NASADEM (JPL, 2020) using the 4-connected neighbors of each pixel,
were incorporated to account for the variations in landscape and terrain, which significantly
influence forest species and biomass accumulation (Stage and Salas, 2007). Latitude and
longitude raster images were generated to represent the geographic coordinates of each pixel.

Integrating longitude and latitude raster images can enrich models like RF by providing loca-
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tion information, which can potentially enhance the model’s ability to capture and leverage
spatial patterns and dependencies within the data, thereby improving prediction accuracy
and model robustness. In addition, these latitude-longitude grids also provide additional

geospatial contextual information beyond the patch scale to the deep learning models.

Remote sensing data processing for machine learning models

In order to estimate AGB using remote sensing data through deep learning and RF algo-
rithms, it is imperative to transform both remote sensing imagery and footprint data into
a format suitable for model input. Specifically, the initial sets of remote sensing imagery
were segmented into image patches, each with dimensions of 64 pixels by 64 pixels and
comprising 29 bands. Subsequently, GEDI footprints were employed to construct labels for
the deep learning model. If the centroid of a pixel lies within a GEDI footprint, its label is
assigned the value of AGB derived from GEDI; otherwise, it is set to -1 (Fig. 4.2). For
the RF model, the mean value of pixels within the GEDI footprints was extracted using an
area-weighted method. Partially intersected pixels along polygon boundaries contribute pro-
portionally based on their overlapped area rather than fully counted. Then the mean value
of each GEDI footprint was transformed to a patch used for a deep learning model without

spatial information.
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Figure 4.2: lllustration of data processing for deep learning models and RF. The squares
represent pixels, and the orange circles represent GEDI footprints. A within a pixel in the top
row mean a single value of AGB has been assigned to that pixel.

4.2.3 Forest AGB estimation

We developed a new approach to estimate forest AGB using a combination of satellite images
and deep learning algorithms. The AGB derived from GEDI using the following equation were
used as the label.

AGB = 5.58RH80!12 (4.2)

All remote sensing images were resampled to a 10m resolution using bicubic interpolation
to extrapolate AGB derived from GEDI. In this study, we employed a 5-fold cross-validation
approach (Yu, Wan, Dong, Zhang and Jia, 2022) to compare the accuracies of the deep
learning models and RF, and utilized both AU and RF to generate forest AGB maps for
Guangdong, China (Fig. 4.3). This involved conducting five distinct computations during
the model accuracy comparison, utilizing the scatter plots with the highest precision for each
model. Five AGB maps were generated using the trained models and subsequently, the mean
of these five iterations was utilized as the final AGB map to obtain a more robust and reliable
AGB estimation. In addition, an uncertainty map was derived by calculating the standard

deviation of the 5 AGB predictions at each pixel location. Both our AGB and uncertainty
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maps were masked using a forest cover map. The forest cover map was extracted from the

ESA WorldCover 10m v200 (Zanaga et al., 2022).
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Figure 4.3: General framework.
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Attention UNet

In this study, we aim to establish an end-to-end nonlinear mapping between remote sensing
data and the corresponding AGB using the attention-based deep learning network. The

mathematical formulation of this objective is as follows,

N
1 5
f =argmin 2; I (Xi) =i (4.3)
1=

where f denotes the AU network model utilized in this study, f(X;) signifies the estimated
AGB, and Y; refers to the AGB values derived from GEDI data. Additionally, N represents
the total number of samples present in the training dataset.

As illustrated in fig. 4.4, the architecture of the proposed AU model is fundamentally
built upon the UNet framework. The model accepts remote sensing data with dimensions of
64x64x29 as input. The architecture is modular, consisting of both encoding and decoding
stages, each containing three structurally identical blocks. In each encoding block, the input
data undergo two successive 3x3 convolution layers, each accompanied by batch normaliza-
tion (BN) and a Sigmoid activation function, before proceeding to a 2x2 max-pooling layer
for spatial down-sampling. Following the encoding blocks, the bottom layer is subjected to
up-sampling via a 2x2 kernel. The decoding blocks mirror their encoding counterparts, also
featuring dual 3x3 convolution layers with batch normalization and Sigmoid activations. In
addition, feature maps extracted at multiple scales are integrated through skip connections.
This integration serves to combine coarse- and fine-level features from the remote sensing
data. The architecture concludes with a 1x1 convolutional kernel to fine-tune the band
dimensions of the final output. As a result, estimated AGB values with dimensions of 64x64

are obtained.
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Figure 4.4: The architecture of AU used for estimating forest AGB from remote sensing
data.

Extracting features that are strongly associated with AGB is a non-trivial task. To
address this, our architecture incorporates an additive spatial self-attention mechanism in
the skip connections. This modification enables the model to selectively emphasize salient
features while attenuating less relevant features during the training process. By directing the
focus of the model in this manner, we substantially enhance its predictive accuracy for AGB.
Moreover, the integration of attention gates into the UNet framework introduces negligible
computational overhead while delivering a notable improvement in both model sensitivity and
accuracy. As depicted in Fig. 4.5, the implementation of the additive attention gate within

the skip-connection segment is elaborated.

ReLU(ay) Sigmoid(a;)

Einx I Wy

% Hﬂx W
Figure 4.5: The structure of the attention gate. Rectified linear unit (ReLU) and Sigmoid

are activation functions.

Here, F denotes the number of feature maps, while H and W represent the dimensions in
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terms of height and width of the feature maps, respectively. The mathematical formulation

of the attention gate is provided below,
Ghee = V7 (AL (W x] +Wg gi + by + bg)) + by (4.4)

where W, and Wy serve as the matrices for feature weighting, X,-’ € RF and g, € Rfv
correspond to the encoding matrix and the decoding matrix, respectively. The activation
function f; is implemented using RelLU. Additionally, 1 represents a convolutional operator
that employs a 1 x 1 kernel. The bias terms by, by and by, are affiliated with their respective
convolutional layers during the training process. Lastly, q;tt functions as an intermediate
representation in the computation. In the attention gate architecture, features extracted
from coarser scales are used in gating to discern and eliminate irrelevant or noisy responses
in the skip connections. This adaptive filtering mechanism is active during both the forward
and backward propagation phases, thereby optimizing neuron activations and contributing to
enhanced model performance.

The attention coefficient is formulated as given below,

0} = o (ahe (. 95 Oare (Wa Wo. . b by, b)) (2

where f, serves as the Sigmoid activation function, while © 4+ represents a set of parameters
containing linear transformations W, € RF>Fint, Wy € RFoxFint a) € RFneX1 3nd bias terms
by € R, by € RFine, by, € R.

The output of the attention gate, denoted as >?,-’, is obtained through element-wise mul-
tiplication between the attention coefficient u} and the encoding matrix X/. As delineated in
(4.6), this computational step amplifies the saliency of features that exhibit a robust cor-
relation with AGB, while effectively attenuating the contributions from extraneous or less
pertinent features.

The update formulation for the convolutional parameters at layer / —1 is presented as follows:

O(%) _o(uf(q oY) a(f(x o) oy
S = 8@y U @y Tawry (D)
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Fully connected AU

The attention UNet fully connected (AU-FC) model was employed to validate the perfor-
mance of AU in scenarios where spatial information is not utilized. This model assesses
the capability of AU to effectively discern and learn pertinent features and patterns with-
out leveraging the inherent spatial relationships within the remote sensing data. The input
data for this model, based on the input data utilized for the RF, was transformed via a fully
connected layer, feeding into 4096 nodes and then reshaping the nodes to 64*64 patches
suitable for processing by the AU model (Fig. 4.2). We employed the fully connected layer
to connect every input data to every output data (Liu, Kang, Zhang and Hou, 2018), and

the fully connected layer was denoted as follows:
y = fc(x, w,b) (4.8)

where x is the vector representing the input to a fully connected layer, w is the corresponding
weight matrix, and b is the bias vector. The output of this layer is represented by the vector
y. The input vector x encompasses M distinct elements, with each element denoted as x;,
where | represents the index of the element. It is crucial to note that the weight matrix w
has dimension of M x K, with K symbolizing the dimension of the output vector y. This
layer operates by transforming the input vector x, subsequently generating each element, y;,

in the output vector y, according to to the following function.

Yir = Z Wit Xi + b,’/ (49)
i

The data transformed to patches through the fully connected layer underwent the same
processing steps as in the standard AU model. Subsequent to the predictions made by the
AU model, the data were transformed back through two additional fully connected layers into
discrete AGB predictions. The first fully connected layer condensed the spatial encoding into
a 2048-vector embedding. The second layer mapped this to a single AGB value per sample.

The fully connected layer essentially functions as a projection to align the inputs and outputs.
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ResNet101

To benchmark the effectiveness of the AU model in estimating forest AGB, we compared it
with the deep residual network (ResNet). This ResNets introduce residual learning, where
the models learn residual functions with reference to the layer inputs, which enables the
training of very deep networks by allowing the flow of gradients through the network during
backpropagation (He et al., 2016). The core idea of ResNets is to add skip connections that
bypass some layers, with their outputs being directly added to later layers. This mitigates
the vanishing gradient problem associated with training deep neural networks especially as
the depth increases. The extremely deep architecture of ResNet101, with over 100 layers,
provides high modeling capacity to extract features at multiple levels of abstraction (Xu et al.,
2020). ResNet101 potentially have the power to use more of the rich spatial information
available in the remote sensing imagery, and thus could potentially outperform AU in their
abilities to estimate AGB. We thus select ResNet101 to estimate forest AGB based on its

powerful representational abilities.

Model setting

A. Loss function
The task of predicting AGB is cast as a regression problem, for which the loss function

utilized in our model is articulated as follows:

Lioss = Lumse + AlI6]1° (4.10)

In this equation, the first term represents the Mean Squared Error (MSE) loss component,
while the second term denotes the /» regularization term with a regularization parameter .
6 = {W, b} denotes the training parameters: weights and bias of the network.

B. Data preprocessing

The image patches were partitioned at random into three distinct datasets: a training
set, a validation set, and a test set, following a ratio of 7:2:1, respectively (Yu, Zhang,
Gao and Jia, 2022). The training set comprises 39,116 samples, while the validation and
test sets contain 1,1176 and 5,590 samples, respectively. Prior to being fed into the neural

networks, both the remote sensing data and the associated AGB undergo standardization.
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Standardization significantly enhances the ability of network to generalize across different

datasets. The standardization process is mathematically represented by (4.11),

D —D .
D? _ i 5 mean_train (4.11)
std_train

where D; denotes either the remote sensing data or labels and D; represents the corre-
sponding normalized data. Dmean train and Dstd train Signify the mean and standard deviation
for each band in the training set, respectively. It should be noted that the input remote
sensing data and labels in validation and test sets are also normalized using Dmean_train @nd
Dstd train, respectively. This strategy is employed to prevent data leakage and to ensure a
robust evaluation of the generalization performance of the model.

C. Implementation details and computational configuration

The deep learning algorithms were executed on a dedicated server, configured with an
NVIDIA RTX A5000 24GB GPU. The model was developed in Python 3.10 and utilized
PyTorch 2.0.1 for backend computations. The Adam optimizer (Kingma and Ba, 2014) was
employed in the deep learning methods. Furthermore, the initial learning rate was configured
to 0.001 and was designed to decay by a factor of 0.1 at every 40th epoch. The training
process was constrained to a maximum of 120 epochs. A batch size of 128 was employed,
and an Ls reqularization term for weight decay was set to 1 x 1072 as a countermeasure
against overfitting (Tartaglione et al., 2018; Farebrother et al., 2018). In accordance with
the deep supervision strategy, we employ a masking technique on regions devoid of labels
during the loss computation, thereby addressing the inherent sparsity of the ground-truth

labels.

Mitigating boundary effects in patch-based predictions

UNet and other deep learning models frequently demonstrate diminished accuracy and reli-
ability at the boundary or edge regions of images (Innamorati et al., 2020), a phenomenon
often referred to as the "boundary effect” or "edge effect”. In addition, independent per-
patch inference during prediction leads to spatial incoherence and discontinuities between
adjacent patches predicted by the deep learning models. This is predominantly because each

patch is processed and evaluated independently, without considering the spatial context and
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relational information from its neighboring patches. To mitigate the boundary effect, a strat-
egy was deployed during the prediction phase where each patch has an overlap of 10 pixels
with its neighboring patches. Subsequently, the outermost 3 pixels of each patch were dis-
carded to alleviate the influence of potentially inaccurate predictions at the patch boundaries.
The overlapping regions were then averaged to obtain a smooth transition between patches.
This approach aims to enhance spatial coherence between neighboring patches and refine
the model's predictive accuracy at the boundary regions, thus providing more reliable and

consistent output in image analysis tasks.

Accuracy assessment

To quantitatively evaluate the predictive performance of various methods on AGB, three
regression metrics are employed: the coefficient of determination, commonly known as R-
squared (R?), the RMSE, and the bias. In the regression problem, these three metrics

convincingly reflect the predictive capability of methods, and the definitions are as follows,

K ~N 2

Y. —Y
R2_q_ 22 % (4.12)

SStOt ZI (\/I - Y)

1 K 2
RMSE =, | = d (YY) (4.13)
i=1
1 K

Bias = ;(Y, -Y) (4.14)

where K denotes the cumulative number of observations, Y is the AGB derived from GEDI,

Y; denotes the predicted AGB, and Y is the mean of the AGB derived from GEDI.

4.3 Results

4.3.1 Model performance

To evaluate the accuracy and reliability of the deep learning models in estimating AGB,
we conducted five separate AGB estimations for each of AU (Oktay et al., 2018), UNet
(Ronneberger et al., 2015) without the attention mechanism and ResNet (He et al., 2016).

For each time, we employed unique combinations of training and validation sets, ensuring a
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comprehensive understanding of the models’ adaptability and consistency. The performance
of the three deep learning methods across the five estimations remained consistent when
evaluated using the test dataset, with the highest accuracy instance shown in Fig. 4.6.
Based on the metrics of R?, RMSE, and bias, AU clearly outperforms the other two models.
Additionally, from the scatter plot, it is evident that AU has fewer outliers compared to UNet
and ResNet101, further underscoring its reliability in AGB estimation. The R? values for AU
and UNet are 0.65 and 0.64, respectively, and their RMSE values are closely matched at
44.02 Mg ha and 44.81 Mg ha. Notably, AU's bias is 0.19 Mg ha™t, which is considerably
lower than UNet's bias, which stands at 1.86 Mg ha™l. In contrast, ResNet101's performance
is poorer, with an R? of 0.48 and an RMSE of 53.89 Mg ha™l. Its bias is 1.06 Mg ha™,

placing it between AU and UNet.
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Figure 4.6: The predicted AGB values against AGB derived from GEDI RH metrics. (a)
AU, (b) UNet, (c) ResNet101. The color represents the estimated density of points at that
specific location.
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To further assess the performance of deep learning models, we compared the deep learning
models with a commonly utilized traditional machine learning method, the RF. To enable
comparison with the RF approach, the deep learning AGB estimates for each individual
GEDI footprint were aggregated by computing the mean prediction within each footprint.
Scatter plots were generated between these mean AGB predictions and the corresponding
AGB derived from GEDI (Fig. 4.7). Compared to the approach of scattering the predictions
from individual pixels, employing footprint-level means yields an increased R? and a decreased
RMSE, as evidenced by a comparison of Fig. 4.7 (a) (b) (c) with Fig. 4.6 (a) (b) (c). This
enhancement can be attributed to the noise and variability attenuation achieved by averaging
at the pixel level. By computing the mean, outliers and anomalies within each footprint are
effectively smoothed out.

The performance of the AU model is superior to that of the RF, as demonstrated by its
higher R? value, coupled with reduced RMSE and bias metrics. Notably, the minimal bias
of the AU model indicates that, on average, its predictions are closely aligned with the true
values, without consistently under- or over-estimating. This superiority underscores AU's
ability to capture underlying patterns and trends more effectively than traditional machine
learning methods. To explore whether the enhanced accuracy of AU over RF was solely
attributed to its utilization of spatial information, an additional experiment was conducted
comparing AU-FC (Fig. 4.7 (d)). The results revealed the prediction accuracy of AU-FC
was intermediate between AU and RF models. This intermediate performance suggests that
while the integration of spatial information by AU does contribute to its superior accuracy,
other inherent characteristics of the model also play a significant role in optimizing prediction
outcomes. It underscores the multifaceted nature of model accuracy, influenced not just by
the incorporation of spatial context but also by the underlying architecture and learning
mechanisms of the model. However, deep learning models are not necessarily superior to
traditional machine learning algorithms. While the UNet boasts a higher R? and lower RMSE
than RF, its bias is greater. Conversely, ResNet101 has a lower R? and higher RMSE

compared to RF, with only its bias being marginally lower.
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Figure 4.7: Mean predicted AGB values within GEDI footprints plotted against AGB derived
from GEDI RH metrics. (a) AU, (b)UNet, (c) ResNet101, (d) AU-FC (e) RF.
4.3.2 Enhancement of spatial consistency

The AGB map initially generated by AU exhibited boundary effects as shown in (Fig. 4.8 (a)).
Discontinuities and inconsistent values can be observed along the patch edges, likely resulting

from the lack of contextual information exchange between neighboring image patches during
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the per-patch based training. To mitigate this deficiency, the boundary effect removal ap-
proach laid out in Section 4.2.3 of the methodology was applied. As illustrated subsequently
in Fig. 4.8 (b), after undergoing the mitigation process, these boundary effects are no longer
discernible. This indicates that the overlapping inference and averaging technique helped im-
prove inter-patch coherence by reducing abrupt changes at patch boundaries caused by the
boundary effect. The processed results after boundary effect removal clearly delineated the
spatial variability and transitions in AGB levels across the landscape. The processed results
demonstrated the road network, shown in the lower half of Fig. 4.8 (d), as a consistent low
AGB region, accurately capturing its distinct linear footprint. In contrast, the representation
by RF in Fig. 4.8 (c) did not elucidate the feature as distinctly, and is less smooth, with

other high frequency angular artefacts visible.
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Figure 4.8: Local AGB mapping results for model comparison and boundary effect mitigation
demonstration. (a) Example of a detail of the AGB map generated by AU, (b) The refined
AGB map by AU after mitigating boundary effects, (c) AGB map produced by RF, (d)
Sentinel-2 true-color composite image.

4.3.3 Spatial distribution of AGB and uncertainty map

The prediction and uncertainty maps by AU and RF at 10 m resolution are shown in Fig. 4.9,
all the maps have been masked by the ESA forest cover product (Zanaga et al., 2022). It
can be observed that the forest AGB maps from the two models exhibit similar trends, where
the northern regions of Guangdong province have higher AGB, while the southern coastal

areas manifest lower AGB values.
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Figure 4.9: Comparative analysis of AGB maps and uncertainty maps at 10m resolution for
AU and RF. (a) AU and (b) RF AGB maps, (c) AU uncertainty and (d) RF uncertainty maps,
(e) differences in AGB maps: AU - RF, (f) differences in uncertainty maps: AU - RF.

The uncertainty associated with the forest AGB estimates exhibited a proportional rela-

tionship with the predicted AGB values; higher uncertainty was generally observed in areas

with greater estimated AGB (Fig. 4.10). However, the RF model shows a more pronounced

increase in uncertainty as AGB values rise, which is particularly evident from the elongation

of the color gradient towards the upper right corner of the plot.
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Figure 4.10: Relationship between predicted AGB and associated uncertainty for (a) the AU
model and (b) the RF model. Insets in both panels show magnified views of the scatter plots,
with identical scaling applied to both insets to facilitate direct comparison of data density
and distribution patterns.

The AU model estimated the average forest AGB in Guangdong province to be 102.18
Mg ha™! with an average uncertainty of 5.51 Mg ha™, while the RF model estimated it to be
104.84 Mg ha™! with an average uncertainty of 5.12 Mg ha™l. At the level of mean values,
the estimations from both models appear closely aligned, yet the maps of AGB differences
and uncertainty differences reveal distinct discrepancies in AGB and uncertainty between the

two models (Fig. 4.9 (e) (f)).

4.3.4 Comparison with other AGB maps

To compare our AGB map against other AGB maps, we compared the AGB map generated
by AU with the AGB map generated by RF, as well as the ESA CCl AGB map for 2019
(Santoro and Cartus, 2023) and the GEDI L4B version 2.1 (Dubayah et al., 2022), across
multiple locations in Guangdong. The AU, RF, and CCl AGB maps are all for the year 2019,
while the GEDI L4B 2.1 is based on GEDI data from 2019 to 2023. To better visualize
the the spatial distribution differences between the AGB maps generated by AU and RF, we
created enlarged images of specific areas (Fig. 4.11). The visual comparison of the four
maps highlights that the 10-meter resolution AU and RF maps better reproduce the spatial
patterns visible in the Sentinel-2 data. Fig. 4.11(a) shows a mountainous forest area where

the AU and RF AGB maps exhibit similar spatial patterns. However, within circle A, the
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mean AGB derived from two GEDI footprints is 298.50 Mg ha™!. The AU model estimated
a mean AGB of 232.59 Mg ha! for this region, while the RF model estimated a value of
176.77 Mg hal. Both models underestimated the AGB for circle A, as is evident in the
scatter plot 4.7. However, the AU predictions are moderately closer to the GEDI reference,
outperforming RF in this local region. Fig. 4.11(b) shows a mixed forest and non-forest
area where the AU, RF, and CCl AGB maps all capture the low values within circle B. The
AU, RF, and CCl AGB maps successfully characterized the zones in circle B by predicting
low AGB values, as expected for non-forest land cover types. The AU model estimated a
mean AGB of 16.16 Mg ha™!, the RF model predicted an AGB of 19.54 Mg ha™!, and the
CCl map predicted a slightly higher mean AGB of 22.00 Mg ha™! within circle B. The lower
values from the AU network demonstrate its superior performance in representing low AGB
conditions, at least in this portion of the study area. Fig. 4.11(c) shows a slightly larger area
with a more complex landscape structure. The AU, RF, and CCl AGB maps all captured
the low values within circle C. However, while the AU and RF AGB maps captured the low
values within circle D, the CCl map did not. The GEDI L4B map did not accurately capture

spatial detail in any of the three locations due to its lower resolution.
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Figure 4.11: Comparison of AGB maps at three different locations: AU and RF (10m), CCl
(100m), and GEDI L4B (1000m). The blank areas in the GEDI L4B map are due to data
gaps. The red circles represent GEDI footprints. The pink circles represent four selected
subregions used for comparing the AGB maps.

4.4 Discussion

4.4.1 Contributions of AU

AU was the best model we tested on the test dataset, exhibiting the highest R? value,
alongside the lowest recorded RMSE and bias. For AGB mapping, high R? and low RMSE
are desired to ensure precision, while low bias is required to avoid systematic under- or over-
estimation when summing or averaging across values, as is critical when assessing carbon
stocks and their changes through time. However, the use of deep learning methods for
forest AGB estimation with GEDI data was not invariably superior to the RF approach. For
instance, UNet exhibited a higher bias than RF, and ResNet101 showed inferior performance
to RF in terms of R? and RMSE. The underlying reason for this disparity is that UNet lacks
the capability to dynamically assign weight to the importance of different feature regions.

Concurrently, ResNet is dependent solely on its sequentially stacked convolutional layers and
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lacks the skip connections inherent in UNet, which are crucial for amalgamating local and
global contextual information.

Additionally, we employ a fully connected layer to transform the corresponding remote
sensing imagery of each GEDI footprint into a patch suitable for deep learning applications.
This methodology inherently precludes the utilization of spatial information within the data.
Despite this limitation in exploiting spatial contextual cues inherent in the original data, the
AU model on such transformed data still achieved superior accuracy over RF. This suggests
that the superior performance of AU can be attributed not only to its effective utilization
of spatial information between pixels but also to its exemplary integration of the advantages
of attention mechanisms and the UNet architecture. The attention mechanism selectively
emphasizes salient features and suppresses irrelevant ones, while the UNet encoder-decoder
structure retains local and fine-grained spatial information through the skip connections.
This allows AU to effectively learn multi-scale spatial features from the remote sensing in-
puts. Furthermore, both the Forest AGB map and the uncertainty map demonstrating high
consistency with the widely-used RF attest to the reliability of the AU model. In summary,
the AU model demonstrated good performance, proving to be a powerful tool for regression
tasks, such as forest AGB estimation.

The apparent improvement in spatial detail observed in the AU-generated AGB maps
(Fig. 4.11) is indeed promising. The model's ability to capture fine-scale variations in forest
structure suggests a potential advancement in biomass mapping capabilities. However, the
visual appeal and apparent detail of a map do not necessarily equate to improved accuracy
or realism. Without comprehensive ground truthing, we cannot conclusively state that these

finer details accurately represent real-world biomass distributions.

4.4.2 Efficiency analysis

Apart from accuracy, the efficiency of the models is also crucial, especially when deployed
over large areas. We compared the training time of all the models, and the time taken to
predict AGB across the entire province for the AU and RF. Both of the experiments were
conducted on the server described in Section 4.2.3. The time consumption for training of all
models, conducted through 5-fold cross-validation, along with the time spent by the AU and

RF models in predicting AGB across the entire province using five different trained models, is
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shown in Table 4.1. During the training phase, it was observed that most deep learning models
typically converged before or around 90 epochs; consequently, 120 epochs were selected as
the maximum for training to ensure thorough learning without unnecessary computational
expense. The deep convolutional networks entailed substantially longer training times than
the conventional RF algorithm. Among the deep models, AU-FC took the most extensive
computational time during training because each GEDI footprint was transformed into an
individual patch. Our primary model, AU, utilized the second-longest duration for training,
and notably, in comparison to UNet, the attention mechanism did not demand significantly
additional time. When applying the 5 trained models to predict AGB across Guangdong
province, the inference time of the AU and RF models was comparable. This is because
the AU network utilized efficient GPU hardware acceleration, while the RF model leveraged
multi-core CPU parallelism by distributing predictions across threads. Overall, the total
training and inference time of AU was not substantially greater than the RF model. With
future upgrades in hardware acceleration, such as utilization of high-performance computing
clusters, the computational expenses of AU can potentially be further reduced. In particular,
the inference speeds already matched those of RF, demonstrating the viability of deploying

well-trained deep networks for expansive spatial and temporal predictions.

Table 4.1: Time consumption of the models (minutes)

Model Training time  Prediction time
AU 587 1318
RF 201 1379
AU-FC 1570 -
UNet 560 -
ResNet101 350 -

4.4.3 Potential of deep learning for forest AGB estimation

The confluence of unprecedented data sources, augmented computational capabilities, and
the latest advancements in deep learning presents exhilarating new opportunities to enhance
our understanding of forest AGB derived from data. We have demonstrated through the use
of FC layers that utilizing spatial information can improve the accuracy of AGB estimation.
One of the advantages of deep learning is its capability to effectively utilize spatial infor-

mation, presenting a promising future in the quantitative characterization of forest carbon
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dynamics. While advanced deep learning algorithms are continuously emerging in Al research
(He et al., 2022; Liu, Lin, Cao, Hu, Wei, Zhang, Lin and Guo, 2021), they necessitate fur-
ther refinement and adaptation for the field of remote sensing. This is particularly true for

regression analysis tasks, such as estimating forest AGB using remote sensing data.

4.5 Conclusions

The deep learning approach we proposed offers an innovative computational methodology
for estimating forest AGB, leveraging GEDI and remote sensing imagery. This study demon-
strates the feasibility of mapping AGB over large areas by leveraging publicly accessible
remote sensing data sources, including Sentinel-1, Sentinel-2, and ALOS-2 PALSAR-2, in
conjunction with advanced deep learning methodologies and the open GEDI dataset as a
reference. AU significantly reduces the overall bias in the estimation of forest AGB, con-
currently enhancing R? and reducing RMSE. Moreover, it exhibits an enhanced capability to
discern regions characterized by high and low AGB values with heightened precision. Given
sufficient training data, such deep learning techniques may better capture complex ecological
gradients and provide enhanced generalization across different forest types and disturbance
conditions. Given the importance of AGB as an indicator of climate change impacts and
mitigation, these methods for continuous mapping from freely available data represent a
valuable tool for understanding and addressing pressing environmental challenges.

However, it is crucial to note that not all deep learning approaches can guarantee an
enhancement in accuracy. Further research is imperative to devise suitable network architec-
tures, optimize training strategies, including patch size, and to validate the methodologies
across varied forest environments. Although deep learning algorithms typically demand more
computational resources, it's worth noting that AGB maps do not necessarily require a high
temporal resolution. In most cases, annual AGB maps are sufficient, and indeed a higher
temporal frequency will often not be possible due to the need for 12 months of satellite
data to achieve accurate results. Overall, the integration of emerging LIDAR datasets like
GEDI with optical and SAR data through advanced deep learning has significant potential

for improving large scale forest AGB estimation.
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Chapter 5

Forest AGB change in China between
2007 and 2021

Abstract

Accurate estimation of forest AGB and its change is crucial for understanding the role of
forests in the global carbon cycle and informing climate change mitigation strategies. How-
ever, large-scale mapping of forest AGB remains challenging due to the heterogeneity of
forest ecosystems, the limited possible coverage of field data, and the limitations of remote
sensing data to characterise AGB. This study presents a comprehensive assessment of forest
AGB in China for the year 2021, and its changes since 2007, using a combination of the GEDI
LiDAR data, multi-source satellite imagery, and machine learning algorithms. We developed
a multi-step approach to estimate forest AGB at a national scale. First, we converted GEDI
LiDAR metrics into AGB estimates using allometric equations specific to different regions of
China, developed with the help of field plots. Next, we trained Random Forest models for
each province using GEDI-derived AGB estimates and predictor variables from Sentinel-1,
PALSAR-2, and Sentinel-2 data. The trained models were then applied to generate wall-
to-wall AGB maps for each province and then merged into a national-scale AGB map. Our
results show that the total forest AGB in China for 2021 was 13.06 Pg, with a mean AGB
density of 108.75 Mg ha™. We observed an overall increase in carbon storage since 2007,
with a net gain of 3.54 Pg C. The spatial patterns of AGB changes varied across the country,

with the highest increases in the northeast and south central China. The validation of our
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2021 AGB map using independent field data revealed the challenges associated with large-
scale AGB estimation (R?=0.56, RMSE = 49.8 Mg ha™!), particularly in high-biomass forests
where saturation limits the accuracy of remote sensing-based models. The generated high-
resolution AGB map and the quantified biomass changes provide valuable insights into the
spatial distribution and dynamics of forest biomass resources in China, supporting informed

decision-making in forest management and climate change mitigation efforts.

5.1 Introduction

Forests are pivotal components of the global carbon cycle, acting as significant sinks and
sources of atmospheric CO, (Mitchard, 2018; Pan et al., 2011). The dynamics of forest
carbon stocks are influenced by a range of factors that can lead to either gains or losses in
carbon storage (McNicol et al., 2018; Xu et al., 2021). Afforestation/reforestation efforts,
which involve the establishment of new forests through planting or natural regeneration on
currently non-forested lands, contribute to an increase in carbon stocks by creating new
biomass pools (Fang et al., 2004; Bukoski et al., 2022). Similarly, the natural growth and
accumulation of biomass in existing forests, driven by biological and ecological processes, can
also result in an augmentation of carbon stocks over time (Yang et al., 2023). Conversely, de-
forestation and degradation collectively drive a significant diminution in forest carbon stocks
(Harris et al., 2021; Sze et al., 2022). These processes occur through the removal of above-
ground and belowground biomass, disturbance of soil carbon pools, and various anthropogenic
and natural disturbances such as selective logging, fires, or insect outbreaks (Pearson et al.,
2017; Qin et al., 2021).

Accurate quantification of forest AGB and its spatiotemporal dynamics is critical for un-
derstanding the terrestrial carbon budget, evaluating the potential of forests in mitigating
climate change, and informing sustainable forest management strategies (Bustamante et al.,
2016). This is particularly relevant in rapidly developing regions like China. China's forests are
known to be changing rapidly, due to rapid landcover change, logging, large-scale afforesta-
tion/reforestation programs, commercial plantations, and climate change (Vifa et al., 2016;
Ke et al., 2019; Li et al., 2012). While there is some certainty that the overall area of forest

in China has increased in recent decades (Liu, 2014; Yu, Ciais, Piao, Houghton, Lu, Tian,
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Agathokleous, Kattel, Sitch, Goll et al., 2022), there is great uncertainty in the changes in
carbon stocks of the forests of China, as opposed to changes in forest area. Similarly, there
is uncertainty over which regions of China, that have diverse climate and land use histories,
have higher or lower carbon stocks or rates of carbon stock change. It is likely that, due
to this forest growth, China’s land surface has recently become a carbon sink, contributing
positively to the global carbon cycle (Piao et al., 2009; Xu, Yu, He, Wang, Gao, Wen, Li,
Niu and Ge, 2018).

Remote sensing techniques have emerged as valuable tools for large-scale monitoring of
forest structural attributes, including AGB, offering unparalleled spatial coverage and tempo-
ral resolution (Saatchi et al., 2011; Baccini et al., 2012; Santoro et al., 2022). Active remote
sensing sensors, particularly light detection and ranging (LIDAR), have demonstrated remark-
able potential for estimating AGB across various forest ecosystems (Dubayah et al., 2022).
LiDAR systems can directly measure the three-dimensional structure of forest canopies,
providing accurate estimates of canopy height and vertical distribution, which are strongly
correlated with AGB (Dubayah et al., 2020). However, LiDAR data alone cannot provide
wall-to-wall coverage of large regions due high acquisition costs from aircraft, and limited
spatial coverage from space (Waulder et al., 2012). SAR data, particularly at longer wave-
lengths (e.g., L-band and P-band), can penetrate through the forest canopy and interact
with the trunks and branches, enabling the retrieval of AGB information (Huang et al., 2018;
Woodhouse et al., 2012; Mitchard et al., 2011). Multispectral passive remote sensors cap-
ture the spectral reflectance of solar radiation across various wavelengths, which is then used
to infer the biophysical characteristics of vegetation. However, the ability of both multi-
spectral and Synthetic Aperture Radar (SAR) technologies to estimate AGB is constrained
by highly variable relationships by location and through time, and a diminishing sensitivity
as biomass levels rise, a phenomenon often referred to as "saturation” (Mitchard et al.,
2012; Rodriguez-Veiga et al., 2016). A promising approach to overcome the limitations of
individual sensors is to combine LIDAR, SAR, and passive optical data for estimating forest
biomass. Numerous studies have demonstrated that the integration of these multi-sensor
measurements can significantly improve the accuracy and reduce the uncertainties in AGB
estimates (Zolkos et al., 2013; Dong, Mitchard, Yu, Hancock and Ryan, 2023).

In this study, we aim to quantify the changes in forest AGB across China between 2007

113



114 5.2. METHODS

and 2021 by generating a new national-scale AGB map for the year 2021 and comparing
it to an existing map, created using similar methods, for 2007 (Dong et al., 2024). We
leverage GEDI data, in combination with Sentinel-1 C-band SAR, Sentinel-2 multispectral
imagery, and PALSAR-2 L-band SAR data, to estimate forest AGB using machine learning
algorithms. By comparing the 2021 AGB map with the previously published 2007 map (Dong
et al., 2024), we assess the spatiotemporal patterns of AGB changes over the past 14 years.
Our specific objectives are to: (1) develop a robust methodology for integrating GEDI LiDAR
data with multi-sensor satellite imagery to estimate forest AGB across China in 2021; (2)
evaluate the accuracy of the resulting AGB map using 20% of the GEDI data and independent
field inventory data; (3) analyze the spatial patterns and magnitude of AGB changes between
2007 and 2021; and (4) explore the relationships between AGB changes and potential drivers,

such as land-use change, climate variability, and forest management practices.

5.2 Methods

This study employed a multi-step approach to estimate AGB in China for 2021 and analyze
its changes since 2007. First, GEDI L2A RH metrics were converted into AGB estimates
using allometric equations we developed in Chapter 2 specific to different regions of China.
Next, Random Forest models (Breiman, 2001) were trained for each first-level administrative
unit in China. This included predictions for all 23 provinces and 5 autonomous regions
individually. Additionally, municipalities were individually predicted, except for Chongqing,
while other municipalities and Special Administrative Regions (SARs) were merged with
adjacent units (see Appendix 1) to predict AGB using GEDI-derived AGB estimates and
predictor variables from Sentinel-1, PALSAR-2, and Sentinel-2. The trained models were
then applied to generate wall-to-wall AGB maps at 25 m resolution for each of the 29 level 1
units (hereafter provinces for simplicity). To ensure a smooth transition between neighboring
provinces, a 2000-meter buffer was applied along the provincial boundaries during the AGB
estimation process. When merging the provincial AGB maps, overlapping areas were handled
by calculating the mean AGB values, resulting in a seamless national-scale AGB map. These
provincial AGB maps were subsequently merged to create a national-scale map.

To facilitate the analysis of AGB changes in conjunction with the 2007 AGB map at 50
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m resolution (Dong et al., 2024), the 2021 AGB map was resampled to 50 m using a cubic
interpolation method. Forest extents were delineated using the tree cover layer from the
European Space Agency's (ESA) worldcover 2021 product (Zanaga et al., 2022). Finally,
the 2021 forest AGB map was compared with the 2007 map to quantify and analyze changes

in forest AGB over the 14-year period.

5.2.1 Remote sensing data
LiDAR data

GEDI is a spaceborne LIiDAR mission launched in December 2018 to provide high-resolution
observations of forest vertical structure and canopy characteristics. GEDI is mounted on the
International Space Station (ISS) and collects data globally between 51.6° N and 51.6° S
latitudes (Dubayah et al., 2020). The GEDI instrument employs three lasers, each with a
nominal footprint diameter of 25 m on the Earth’s surface, separated by approximately 60 m
along-track and 600 m across-track, resulting in a total of eight tracks of data per ISS orbit
(Hancock et al., 2019). GEDI measures the waveform of the returned laser energy, which
provides vertical information on forest structure, including canopy height, canopy cover, and
the vertical distribution of leaf and woody material (Marselis et al., 2018). For the purpose of
this study, the analysis was constrained to GEDI data footprints collected between the years
2020 and 2022. To accurately estimate AGB, we removed the poor-quality GEDI footprints
(Chen, Dong, Yu, Woodhouse, Ryan, Liu, Georgiou and Mitchard, 2023), resulting in a total
of 5,749,039 footprints used across China. We converted the GEDI L2A RH metrics into
AGB using the allometric equations established for northern and southern China (Chapter

3).

SAR data

SAR data from two satellite missions, ALOS-2 PALSAR-2 and Sentinel-1, were used in
this study to capture the structural properties of forest canopies. SAR sensors are active
remote sensing instruments that emit microwave pulses and record the backscattered energy
from the Earth’s surface (Woodhouse, 2017). ALOS-2 PALSAR-2 is an L-band SAR sensor

operated by the JAXA, which provides global observations with a spatial resolution of 25
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m (Shimada et al., 2014). L-band SAR (wavelength 23 cm) has a higher penetration
depth into forest canopies compared to shorter wavelengths, making it more sensitive to the
woody components of vegetation (Mitchard et al., 2012). In this study, we used the median
values of ALOS-2 PALSAR-2 yearly mosaic product for 2020 - 2022, which includes HH,
HV polarizations and their ratio (HV divided by HH). Sentinel-1 is a C-band SAR mission
operated by the ESA, consisting of two satellites (Sentinel-1A and Sentinel-1B) that provide
global coverage with a revisit time of 6-12 days (Torres et al., 2012). The Sentinel-1 data
used in this study were acquired in the Interferometric Wide (IW) mode, which has a spatial
resolution of 10 m and includes VV, VH polarizations and their ratio (VV divided by VH).
C-band SAR (wavelength 5.6 cm) is more sensitive to the upper canopy structure and leaves
compared to L-band SAR (Sinha et al., 2015). The combination of L-band and C-band SAR
data provides complementary information on forest structure, as they interact with different

components of the forest canopy.

Passive optical data

Optical remote sensing data from the Sentinel-2 mission were used in this study to capture
the spectral properties of forest canopies. Sentinel-2 is a multispectral imaging mission
operated by the ESA, consisting of two satellites (Sentinel-2A and Sentinel-2B) that provide
global coverage with a revisit time of 5 days at the equator (Gascon et al., 2017). In this
study, we used the Sentinel-2 L2A product, which provides surface reflectance images that
are radiometrically and geometrically corrected (Main-Knorn et al., 2017). To minimize the
influence of cloud cover and seasonal variability on the AGB estimates, we generated median
composite images using all cloud-free Sentinel-2 scenes from 2020 to 2022. For provinces
with prolonged snow cover during the winter months, we excluded the winter scenes from
the compositing process to avoid the confounding effects of snow on the spectral signatures

of forests (Wang, Xiao, Bajgain, Starks, Steiner, Doughty and Chang, 2019).

5.2.2 Estimation of AGB changes and constraining

To estimate the changes in forest AGB between 2007 and 2021, we first resampled the 25
m resolution 2021 AGB map generated in this study to 50 m using a cubic interpolation

method to match the resolution of the 2007 AGB map (Dong et al., 2024). We then
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extracted the forest AGB values from the resampled 2021 map using the forest extent derived
from the European Space Agency’'s (ESA) worldcover 2021 product (Zanaga et al., 2022).
Subsequently, the 2007 forest AGB map was subtracted from the resulting 50 m resolution
forest AGB map for 2021 to calculate the AGB changes over the 14-year period. However,
due to various sources of uncertainty, such as model limitations, saturation effects (likely
impacting at a lower value in 2007 than 2021 due to improvements in satellite sensors
available), and different allometric equations(Mitchard et al., 2013; Rodriguez-Veiga et al.,
2017), some areas exhibited unrealistically large differences in AGB over the 14-year period.

To address this issue and ensure more realistic estimates of AGB changes, we applied a
thresholding approach based on the maximum feasible growth rates of forests. In tropical
regions, forest AGB accumulation can even exceed 10 Mg ha™! yr'! (Feldpausch et al., 2007;
Requena Suarez et al., 2019), while boreal forest ecosystems generally exhibit lower rates of
AGB accumulation (Gower et al., 2001; Jarvis and Linder, 2000). A study on forest biomass
carbon pool changes in China, conducted at a 1 km resolution, showed that the maximum
growth rate could reach 2 Mg C ha™! yr'! (Chen, Feng, Fu, Ma, Zohner, Crowther, Huang,
Wu and Wei, 2023). Taking into account the high productivity of tropical forests, the
existing estimates of forest carbon pool changes in China, and the high spatial resolution of
our study, we set an upper limit of 5 Mg ha™! yr'! for AGB increase. This threshold allows
for the reasonable constraint of overestimated AGB growth values while still capturing the
dynamic changes in forest biomass at local scales. We applied this threshold to the calculated
AGB changes, setting any value of AAGB exceeding 70 Mg ha (i.e., 5 Mg ha! yr! x 14
years) to 70 Mg ha™l. The resulting constrained AAGB map was then added to the 2007
forest AGB map to obtain the modified 2021 forest AGB map.

To address the impact of the chosen 70 Mg ha™! threshold on our results, we conducted
a sensitivity analysis. We applied a range of thresholds (50, 60, 70, 80, and 90 Mg ha™) to
the calculated AGB changes and compared the resulting AGB change maps. Additionally,

we created an AGB change map without applying any threshold.
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5.3 Results

5.3.1 Model performance

The random forest models developed for each province in China to estimate forest AGB
exhibited varying levels of performance when evaluated using the independent test dataset,
which consisted of 20% of the GEDI footprints. At the national scale, the model achieved an
R? of 0.52 and a RMSE of 54.8 Mg ha! (Fig.5.1). The national-scale scatter plot reveals a
generally good agreement between the predicted and observed AGB values, with a majority
of the points clustered around the 1:1 line. However, there is a noticeable tendency towards
overestimation in the lower AGB ranges and underestimation in the higher AGB ranges. This
pattern is likely due to the saturation effect of the remote sensing predictors in dense forest
canopies with high biomass levels (Rodriguez-Veiga et al., 2016), difficulties of prediction at
very low biomass values, and the general tendency of machine learning predictions to drag

extreme values to the mean (Breiman, 2001).
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Figure 5.1: Comparison between predicted AGB using random forest and AGB derived from

GEDI. Colours show the density of pixels in each bin. Dashed line shows 1:1 and solid line
the line of best fit through the data.

At the provincial level, the model performance varied considerably (Appendix 1). Some
provinces, such as the more arid Xinjiang and Neimenggu, exhibited strong relationships
between the predicted and observed AGB values, with R? values of 0.89 and 0.88, and
RMSE values of 18.6 Mg ha™! and 18.4 Mg ha™!, respectively. In contrast, wetter and more
tropical provinces, like Zhejiang and Yunnan, had lower R? values of 0.32 and 0.50, and higher
RMSE values of 59.4 Mg ha! and 69.9 Mg ha™t. These variations in model performance
might be related to differences in forest types, topography, average and maximum biomass,

and the quality and quantity of the GEDI footprints available for each province.
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5.3.2 Evaluation of AGB map

To further assess the accuracy of the 25 m resolution national AGB map, we conducted
an independent validation using forest inventory data from two distinct regions in China:
the Northeast and the Southwest. In the Northeastern region, 26 field plots were used for
validation, while 16 field plots were used in the Southwestern region. These forest plots were
not used in the model training process and served as an independent dataset for evaluating
the performance of the national AGB map.

By combining the field inventory data from both regions, we obtained a total of 42
validation plots. The validation results for the 25 m resolution map yielded an R? value of
0.55 and an RMSE of 50.6 Mg ha™! (Fig. 5.2 (a)). The R? value suggests that the national
AGB map captures a significant portion of the spatial variability in forest biomass across
the Northeastern and Southwestern regions. However, the RMSE of 50.6 Mg ha™! indicates
that there is still some discrepancy between the predicted and observed values, which may be
attributed to the diverse forest types, topography, and environmental conditions encountered
across these regions. In addition, the validation results reveal a noticeable saturation point
around 150 Mg ha™! (Fig. 5.2), indicating a limitation of the national AGB map in accurately
estimating biomass values beyond this threshold.

Given the concerns about resolution discrepancies when comparing the 25 m 2021 AGB
map with the 50 m 2007 AGB map, we undertook additional analyses. Firstly, the 25 m
resolution AGB map was resampled to 50 m resolution, after which we conducted a new
validation. The validation results for the resampled 50 m map yielded an R? value of 0.56
and an RMSE of 50.1 Mg ha! (Fig. 5.2 (b)), which were comparable to the original 25
m resolution map, indicating that the resampling process did not significantly impact the
accuracy.

To further explore the impact of resolution, we directly trained and estimated AGB using
data at a 50 m resolution, bypassing the 25 m step altogether. The validation results for
this directly estimated 50 m resolution map, however, showed a lower R? value of 0.49 and
a higher RMSE of 54.0 Mg ha™ (Fig. 5.2 (c)), suggesting that estimating AGB directly at
a coarser resolution resulted in a loss of spatial detail and overall accuracy compared to the

approach of first estimating at 25 m and then resampling.
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These findings underscore the importance of initially working at a finer resolution before
resampling to match the reference dataset's resolution. While resampling from 25 m to 50 m
retained much of the accuracy, directly modeling at the coarser resolution resulted in a loss
of detail that impacted the model’'s predictive capability. This suggests that the approach
of first generating high-resolution estimates and then adjusting to match historical datasets
provides a better balance between maintaining spatial detail and achieving compatibility across

different years.
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Figure 5.2: Comparison of predicted AGB against field-measured AGB across different spatial
resolutions and modelling approaches. (a) Validation of the 25 m resolution AGB map, (b)
Validation of the resampled 50 m resolution AGB map, and (c) Validation of the directly
trained and estimated 50 m resolution AGB map. Each dot indicates one of the 42 validation
plots. The dashed line shows 1:1 and yellow line shows the least squares regression fit to the
data.

5.3.3 Forest AGB in China for the year 2021

The total forest AGB in China for the year 2021 was estimated to be 27.79 Pg, with a mean
forest AGB density of 108.8 Mg hal. To convert the AGB estimates to carbon storage,
we applied a conversion factor of 0.47 (Eggleston et al., 2006). Based on this conversion,
we estimated that the total carbon stock in China's forests in 2021 was 13.06 Pg C. The
histogram of forest AGB distribution in China for the year 2021 (Fig. 5.3 a) reveals the
majority of forest pixels having AGB values ranging from 50 to 200 Mg ha™t. The histogram
also shows a notable peak at the AGB value of 70 Mg ha™t, which can be attributed to the
application of the maximum AGB increase threshold of 70 Mg ha™! over the 14-year period
when estimating the AGB changes from 2007 to 2021, with values that were zero at the

starting time point.
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One of the reasons for the high frequency of pixels with an AGB value of 70 Mg ha! is the
difference in forest extent between the ESA worldcover 2021 product (Zanaga et al., 2022)
used for masking the 2021 AGB map and the forest cover dataset (Hansen et al., 2013) used
for masking the 2007 AGB map. To a small degree this may be due to methodological and
resolution differences between the two datasets, but to a larger degree this difference is likely
driven by an increase in forest cover (particularly plantations and other planted or naturally
regenerated forests) in China over the period, which has been discussed elsewhere (Yu, Ciais,
Piao, Houghton, Lu, Tian, Agathokleous, Kattel, Sitch, Goll et al., 2022; WangYL et al.,
2022; Cheng et al., 2023). Consequently, these areas will exhibit an AGB increase from 0 in
2007 to their actual AGB value in 2021, which could exceed the 70 Mg ha™! threshold, and
thus be constrained to 70 Mg ha™! by our method.

To better understand the AGB changes within the consistent forest extent (areas that
were forest in both 2007 and 2021), we reanalyzed AGB changes from 2007 to 2021 using
only the pixels that were classified as forests in the 2007 Hansen forest extent (Fig. 5.3 b).
The resulting histogram shows a more balanced distribution of AGB values, with an average

AGB of 125.2 Mg ha™’.
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Figure 5.3: Frequency distribution of forest AGB in China for 2021 using different forest
extent masks. Histogram of forest AGB distribution in 2021 using (a) the ESA worldcover
2021 forest mask (including new forest between 2007 and 2021, which was limited by our
analysis to 70 Mg ha™!), (b) the Hansen forest extent mask.

The modified forest AGB map for China in 2021 (Fig. 5.4) reveals the spatial distribution
of aboveground biomass across the country’s diverse forest ecosystems. The map highlights
a distinct spatial pattern, with the highest AGB values mainly concentrated in the southern

regions of China, particularly in the provinces of Yunnan, Sichuan, South East Xizang, and
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Taiwan. These areas are characterized by a combination of favorable climatic conditions,
complex topography, and diverse forest types, which contribute to the high accumulation of
forest biomass (Xu, Shi, Fang, Zhou, Xu, Zhou, Tao, Ji, Xu, Li et al., 2018). The humid
subtropical and tropical climates in these regions support the growth of dense, species-rich
forests, such as subtropical evergreen broadleaf forests and tropical rainforests (Guo et al.,
2013). In addition to southern China, high AGB densities were also observed in the eastern
parts of Jilin Province. The high AGB values in eastern Jilin Province can be attributed to
the presence of temperate mixed forests and old-growth forests, which have accumulated

significant amounts of biomass over time (Zhang et al., 2017).
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Figure 5.4: Distribution of forest AGB in China for 2021.

5.3.4 Forest AGB change in China from 2007 to 2021

To analyze the forest AGB change in China between 2007 and 2021, we subtract the 2007
forest AGB map from the modified 2021 forest AGB map (Fig. 5.5). Substantial AGB
increases can be observed in the northeastern and central to southern China, while overall

southwestern region show moderate losses.
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Figure 5.5: Forest AGB change between 2021 and 2007. The 2021 AGB map was masked
using ESA worldcover 2021 map, and the 2007 AGB map was masked using Hansen 2007
map.

To quantify the changes in forest AGB and carbon storage in China between 2007 and
2021, we compared the AGB estimates derived from different forest extent maps 5.1. The
2007 AGB map was masked using the Hansen et al. (2013) forest cover map, while for
the 2021 AGB map, we used both the Hansen et al. (2013) forest cover map and the
ESA worldcover 2021 map to assess the influence of different forest extent scenarios on the
estimated changes.

The results show that when considering only the area that was forest in 2007, the forest
area remained relatively stable, decreasing slightly from 194.53 x 10° ha in 2007 to 194.40
x 10° ha in 2021. However, the average AGB density increased from 104.10 Mg ha™ in
2007 to 125.16 Mg ha™! in 2021, resulting in a total carbon stock increase in these stable
forests from 9.52 Pg C to 11.44 Pg C. This increase of 1.92 Pg C can be attributed to
the growth of existing forests within the consistent forest extent. When using the ESA
worldcover 2021 map for the 2021 AGB estimates, thus including new forest, the forest area

increased substantially to 255.57 x 10° ha, while the average AGB density (108.75 Mg ha™)
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was lower compared to the 2021 estimates based on the Hansen map. This difference can
be explained by the inclusion of additional new forest areas in the ESA worldcover 2021 map,
compared to the Hansen 2007 extent, which may encompass younger or less dense forests.
Despite the lower average AGB density, the total carbon stock estimated using the ESA

worldcover 2021 map was higher (13.06 Pg C) due to the larger forest area.

Table 5.1: Changes in forest AGB and carbon storage in China from 2007 to 2021 under
different forest extent scenarios.

2007 AGB map 2021 AGB map 2021 AGB map

Forest cover mask Hansen forest Hansen forest ESA
cover 2007 cover 2007 worldcover 2021
Forest area (10° ha) 194.5 194.4 255.6
Average AGB (Mg ha™1) 104.10 125.16 108.75
Total carbon (Pg C) 9.52 11.44 13.06

5.4 Discussion

5.4.1 Implications of Using the Same Data for Calibration and Validation

The methodology employed in this study, utilizing an 80:20 split of the dataset for model
training and validation respectively, warrants critical examination due to its potential impli-
cations for result interpretation and model performance assessment. While this approach
provides insights into model efficacy, it is imperative to consider the limitations and poten-
tial biases inherent in using subsets of the same dataset for both calibration and validation
purposes.

A primary concern with this methodology is the potential lack of true independence
between the training and validation datasets. Despite random allocation of data points to
these subsets, both originate from the same spatial and temporal domain, potentially sharing
common characteristics inherent to the data collection process and environmental conditions
during the study period. This shared context may lead to an overly optimistic assessment of
model performance, as the validation data may not fully represent the challenges the model
would face when applied to truly independent datasets.

The issue is further compounded by spatial autocorrelation within the dataset. In remote
sensing-based biomass estimation, proximate data points often exhibit similar environmental

characteristics and biomass values. This spatial dependency can result in artificially high
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agreement between predicted and observed values in the validation process, potentially un-

derestimating prediction errors when the model is applied to new, spatially distinct areas.
However, our results have been validated using independent field data, which strengthens

the reliability of our findings. The results of this validation demonstrated the reliability of

our model, showing its ability to accurately estimate biomass.

5.4.2 Saturation effect and limitations in high-density forest areas

The validation results of the 2021 national AGB map (Fig. 5.2) suggested a reduction in
sensitivity in the map around 150 Mg ha™, indicating a limitation in accurately estimating
biomass values in high-density forest areas. However, the validation against GEDI footprints
(Fig. 4.6) suggested sensitivity to biomass continues until about 250 Mg ha™!, without a
great increase in uncertainty towards the top of the range (uncertainty if fairly high through-
out). This saturation effect is a common challenge in remote sensing-based AGB estimation,
particularly when using optical and radar data, as the sensitivity of the remote sensing sig-
nals to changes in AGB diminishes with increasing biomass (Rodriguez-Veiga et al., 2017),
though the use of multiple EO datasets does reduce this to some degrees (Saatchi et al.,
2011). Despite this limitation, the overall validation results demonstrate the effectiveness
of the national AGB map in capturing the spatial patterns of forest biomass across a wide
range of AGB values, providing valuable information for understanding the distribution and
dynamics of forest biomass in China.

Comparing the 2021 AGB map with the previously published 2007 AGB map (Dong
et al., 2024), we observed that the maximum AGB values in the 2007 map were generally
lower than those in the 2021 map. This difference can be explained by either the growth
of forest (Chen, Feng, Fu, Ma, Zohner, Crowther, Huang, Wu and Wei, 2023), but also
potentially by the methodological approaches and data used in generating the two maps.
For the 2007 AGB map, which was based on |CEsat GLAS, ENVISAT ASAR, ALOS-1
PALSAR-1 and Landsat-5, limitations in the quality of the inputs meant that forest height
was limited to 25 m when averaged in 0.01 degrees x 0.01 degrees grid cells. While this
approach effectively mitigated the potential overestimation of AGB in areas with tall trees,
it also introduced a saturation effect that limited the map’s ability to capture the full range

of AGB values in high-density forests. In contrast, the 2021 AGB map was generated using
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GEDI LIiDAR data, which has a smaller footprint diameter of 25 m, along with Sentinel-
1 C-band SAR, Sentinel-2 multispectral imagery, and PALSAR-2 L-band SAR data. The
higher spatial resolution and direct measurement of forest vertical structure by GEDI allowed
for a more accurate estimation of AGB, particularly in high-density forest areas (Dubayah
et al., 2022; Duncanson et al., 2020). In conclusion, while the 2021 national AGB map
represents an improvement over the 2007 map in terms of spatial resolution and accuracy,
and sensitivity at high biomass, the spatial variability of biomass in high-density forest areas

remains a challenge to any satellite-based estimation of forest biomass.

5.4.3 Challenges in large-scale forest AGB estimation

The variability in RMSE observed between the national scale and individual provinces under-
scores the complexities involved in estimating forest AGB across a vast and diverse land-
scape, where regional differences in forest characteristics and data quality can impact the
model's performance at larger scales (Section 5.3.1). When the test sets from all provinces
are aggregated, the resulting dataset encompasses a wider range of forest types, environ-
mental conditions, and biomass values, leading to higher overall errors (Dai et al., 2011;
Rodriguez-Veiga et al., 2019). In addition, the quality and representativeness of GEDI data
and remote sensing data (Appendix 2) for model training and validation can vary between
provinces, further contributing to the higher RMSE at the national scale (Duncanson et al.,
2022). Despite the regional differences in model performance, the overall accuracy achieved
at the national scale demonstrates the effectiveness of integrating GEDI LiDAR data with
multi-source satellite imagery and machine learning algorithms for large-scale forest AGB
estimation. The province-specific models developed in this study offer a more targeted ap-
proach that accounts for the unique characteristics of each region, ultimately contributing to
a more accurate and spatially detailed assessment of China's forest biomass resources (Stahl

et al., 2016).

5.4.4 Forest growth rates

In this study, we imposed a maximum growth rate threshold of 5 Mg ha™! yr! between 2007

and 2021, resulting in a cap of 70 Mg ha™! over the 14-year period. This threshold was
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applied to limit unrealistic growth rates that were observed when comparing the two biomass
maps, which indicated over 100 Mg ha™! of biomass accumulation in some regions. These
inflated values were partly due to scatter and differences in the saturation points between the
two maps. Additionally, another significant factor contributing to these unrealistic growth
rates was the use of different forest cover maps for 2007 and 2021. The differences in forest
cover maps likely introduced discrepancies that led to exaggerated biomass changes in certain
areas.

To empirically assess the impact of the 70 Mg ha™! threshold, we conducted further
analysis using alternative thresholds of 60 Mg ha™! and 80 Mg hat. When the 2021 AGB
map was masked using the ESA WorldCover forest cover product, applying a 60 Mg ha™
threshold resulted in a total carbon estimate that was 0.46 Pg C lower than that obtained
with the 70 Mg ha threshold, while the 80 Mg ha™! threshold produced an estimate that
was 0.39 Pg C higher than the 70 Mg ha™* result (Table. 5.1, Table. 5.2). However, when
the Hansen Global Forest Change dataset was used to mask the 2021 AGB map, the impact
of the threshold change was less pronounced: the 60 Mg ha™! threshold resulted in 0.24 Pg
C less carbon than the 70 Mg ha™! threshold, and the 80 Mg ha™! threshold resulted in 0.17
Pg C more carbon (Table. 5.1, Table. 5.2).

Table 5.2: Comparison of Forest Area, Average AGB, and Total Carbon Estimates for 2021
Using Different Biomass Change Thresholds (60 Mg and 80 Mg) and Forest Cover Masks
(ESA WorldCover and Hansen Global Forest Change)

60 Mg threshold 80 Mg threshold

Hansen ESA  Hansen ESA

Forest area (10° ha) 1944 2556 1944 2556
Average AGB (Mg ha'l) 122.59 104.89 127.09 111.92
Total carbon (Pg C) 1120 12.60 11.61  13.45

These findings illustrate that the choice of threshold has a significant impact on the
estimated total carbon when using the ESA forest cover map, but this impact is somewhat
mitigated when the Hansen forest cover map is applied. The differences observed can be
attributed to the varying forest extents of the two forest cover products. When using the
Hansen forest cover map, the different thresholds have little impact on the total carbon
estimate, further confirming that the differences between our 2007 AGB map and the 2021

AGB map generally align with ecological patterns.
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5.4.5 Implications of not propagating uncertainty in biomass estimation

The approach employed in this study, while providing valuable insights into biomass distribu-
tion, does not explicitly propagate uncertainty through the various stages of the estimation
process. This limitation warrants careful consideration, as it has several important implica-
tions for the interpretation and application of our results.

In our biomass estimation approach, uncertainties are introduced at multiple stages: in
field measurements, in the derivation of allometric equations, in the GEDI RH metrics, and
in the machine learning models used for upscaling. We have made efforts to minimize the
uncertainties at each step, such as using local allometric equations for China to calculate
biomass and removing low-quality GEDI footprints. However, it is inevitable that some
uncertainty remains. By not propagating these uncertainties through each step of the process,
we risk underestimating the total uncertainty in our final biomass estimates.

It is important to note that a comprehensive quantification and propagation of uncer-
tainties throughout the entire estimation process was beyond the scope of this study. Such
an undertaking would require significant additional resources, including more extensive field
data collection, development of complex uncertainty models for each step of the process,
and potentially the use of computationally intensive methods

To address these limitations in future studies, several approaches could be considered:

1. Implementation of a Monte Carlo simulation framework to propagate uncertainties

from field measurements through to the final biomass estimates.

2. Utilization of Bayesian hierarchical models that can naturally incorporate and propagate

uncertainties at different levels of the estimation process.

3. Development of ensemble methods that capture model-related uncertainties in the

upscaling process.

5.4.6 Ecological and historical context of biomass increase in Chinese forests

The observed ubiquitous increase in forest biomass across China, as indicated by our results,
necessitates a deeper examination of the underlying ecological and historical factors. This

trend is likely the result of a complex interplay of natural processes, anthropogenic influences,
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and environmental changes occurring over the past several decades.

One significant factor contributing to biomass increase is the implementation of large-
scale afforestation and reforestation programs in China since the 1970s (Liu et al., 2008).
Initiatives such as the Three-North Shelterbelt Program and the Grain for Green Program
have led to substantial increases in forest cover and density across the country (Chen, Park,
Wang, Piao, Xu, Chaturvedi, Fuchs, Brovkin, Ciais, Fensholt et al., 2019). These programs,
aimed at combating desertification, soil erosion, and ecological degradation, have resulted in
the establishment of new forests and the enhancement of existing ones, directly contributing
to increased biomass.

CO5 enrichment is another potential driver of biomass increase. Rising atmospheric
CO, concentrations can enhance photosynthetic rates and water-use efficiency in plants,
potentially leading to increased biomass accumulation (Zhu et al., 2016). However, the
extent of this CO, fertilization effect may vary depending on other limiting factors such as
nutrient availability and water stress.

Increasing temperatures associated with global climate change may also play a role in
biomass accumulation, particularly in temperate and boreal regions of China. Warmer tem-
peratures can extend growing seasons and enhance productivity in regions where cold tem-
peratures were previously limiting (Piao et al., 2015). However, it's important to note that
the effects of warming are not uniformly positive and can vary greatly depending on local
conditions and species composition.

The observed biomass increase could also be partly attributed to forest succession follow-
ing past disturbances. Many Chinese forests are in various stages of recovery from historical
deforestation, agricultural abandonment, or natural disturbances. As these forests mature,
they naturally accumulate biomass, contributing to the overall increasing trend.

Furthermore, changes in forest management practices over recent decades, including
reduced timber harvesting in natural forests and improved silvicultural techniques, have likely
contributed to biomass accumulation in many areas (Xiao et al., 2023).

It's crucial to recognize that these factors do not operate in isolation but interact in
complex ways. For instance, the effects of CO2 enrichment and warming may be modulated
by water availability and nutrient limitations. Similarly, the response of forests to these

environmental changes can vary depending on their successional stage and management
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history.

5.4.7 Regional Variability and Model Performance

The analysis of variable importance across China's diverse regions and provinces revealed
significant spatial heterogeneity in the factors influencing AGB estimation (Appendix 3).
This variability underscores the complex interplay between environmental conditions, forest
types, and anthropogenic factors across China's varied landscapes, highlighting the challenges
in estimating forest AGB for the whole country.

In northern provinces like Jilin, characterized by temperate forests, our analysis showed
that L-band SAR data (PALSAR HV) played a dominant role in AGB estimation. This
prominence likely stems from the effectiveness of L-band SAR in capturing the structural
characteristics of temperate forests, which often have less complex vertical structures com-
pared to tropical forests. Topographic variables and spectral indices derived from optical
sensors played secondary roles in these regions.

Conversely, southern provinces such as Yunnan, known for their subtropical and tropical
forests, exhibited a different pattern of variable importance. Here, vegetation indices like
NDVI and EVI emerged as crucial predictors, followed closely by topographic variables. This
shift in importance likely reflects the region’s more complex and diverse forest structures,
where these indices can effectively capture variations in canopy density and vigor. The
mountainous terrain of Yunnan also contributed to the increased significance of topographic
variables in AGB estimation.

The general model for China, combining data from all provinces, presented a more bal-
anced distribution of variable importance. While L-band SAR data remained a significant pre-
dictor, its dominance was less pronounced compared to region-specific models. Topographic
variables and vegetation indices maintained important roles, reflecting China's diverse terrain
and vegetation types. The increased importance of geographic coordinates in the national
model highlights the substantial north-south and east-west gradients in forest characteristics
across China.

To assess the efficacy of a generalized approach versus regionally tailored models, we
developed a general 'all-China’ model using 5% of the data from each province, ensuring

representation across China's diverse landscapes while maintaining computational feasibility.
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Results indicated that while the general model demonstrated reasonable performance across
China with an R? of 0.36, RMSE of 62 Mg ha™!, and bias of 13.8 Mg ha™! (Fig. 5.6),
it exhibited lower accuracy when applied to specific provinces compared to the regionally
calibrated models (Fig. 5.2). This discrepancy in performance can be attributed to several
factors, including the enhanced local adaptability of province-specific models, the varying
importance of predictor variables across regions, and potential bias in the general model

towards more extensively sampled or dominant forest types.
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Figure 5.6: Comparison of predicted AGB from the 'all-China’ model versus field-measured
AGB. The dashed line indicates a 1:1 relationship, while the solid yellow line shows the least
squares regression fit to the data.

These findings highlight a critical trade-off between model generalizability and local ac-

curacy in large-scale AGB estimation. While a general model offers the advantage of broader
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applicability and reduced computational demands, it may sacrifice precision in specific re-
gions. Conversely, regionally calibrated models can provide more accurate local estimates
but require more extensive data collection and computational resources.

The observed variations in model performance and variable importance across China's
diverse landscapes underscore the complexity of developing robust AGB estimation models
at large scales. They emphasize the need for careful consideration of regional ecological
and environmental factors in model development and application. Future research could
explore hierarchical modeling approaches that combine the strengths of both general and
regional models, potentially capturing broad-scale patterns while still accounting for regional
specificities. Such approaches could lead to more robust and accurate AGB estimates across
diverse landscapes, advancing our understanding of forest carbon dynamics and their role in

mitigating climate change.

5.5 Conclusions

This study presents a comprehensive assessment of forest aboveground biomass (AGB) in
China for the year 2021 and its changes since 2007 using a combination of GEDI LiDAR data,
multi-source satellite imagery, and machine learning algorithms. By integrating province-
specific models into a national-scale mapping framework, we generated a high-resolution (50
m) forest AGB map for China that captures the spatial variability of biomass across diverse
forest ecosystems. The total forest AGB in China for 2021 was estimated to be 27.79 Pg,
with a mean AGB density of 108.75 Mg ha™.

The comparison of the 2021 AGB map with the previously published 2007 map revealed
an overall increase in forest carbon storage over the past 14 years, with a net gain of 3.54 Pg
C when considering both forest area expansion (61.04 M ha) and biomass densification. This
increase can be attributed to China’'s ambitious afforestation and reforestation programs, as
well as improved forest management practices. However, the observed spatial patterns of
AGB changes also highlighted regional variations and the influence of different forest extent
datasets on the estimated biomass dynamics.

In conclusion, this study demonstrates the potential of integrating GEDI LIDAR data

with multi-source satellite imagery and machine learning algorithms for large-scale forest
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AGB mapping in China. The generated high-resolution AGB map and the quantified biomass
changes provide valuable insights into the spatial distribution and dynamics of forest biomass
resources, supporting informed decision-making in forest management and climate change

mitigation efforts.
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Chapter 6

Discussion

6.1 AGB change in China

Our assessment of forest AGB changes in China between 2007 and 2021 highlights the
importance of forests as a significant carbon sink and their potential role in mitigating climate
change. The observed net gain of 3.54 Pg C (0.25 Pg C yr!) over the 14-year period
underscores the effectiveness of sustainable forest management and conservation practices
in enhancing carbon storage. If variations in forest area are disregarded, the forest AGB
carbon sink is quantified at 1.92 Pg C (0.14 Pg C yr'!). This observation aligns with prior
research outcomes, which have documented an augmentation in forest cover and biomass
across China, attributable to extensive afforestation and reforestation initiatives (WangYL
et al., 2022; Jiang et al., 2016).

It is crucial to consider the limitations and uncertainties associated with large-scale AGB
estimation using remote sensing data. The application of a growth rate threshold of 5 Mg
ha! yr'! in our study aimed to constrain overestimated AGB growth values and provide
more realistic estimates of AGB changes. While this threshold was informed by the existing
literature on forest productivity and carbon pool changes in China (Chen, Feng, Fu, Ma,
Zohner, Crowther, Huang, Wu and Wei, 2023), it is important to acknowledge that the
actual growth rates of forests can vary substantially depending on factors such as forest
type, age, and environmental conditions.

The assessment of forest AGB changes between 2007 and 2021 in this study relied on

the use of different land cover maps for masking the AGB maps in each respective year. The
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2007 AGB map was masked using the Hansen map, while the 2021 AGB map was masked
using the ESA WorldCover map. Although both land cover maps are considered to be of
high quality, differences in the methodologies, data sources, and classification schemes used
in their production can lead to significant discrepancies in the estimated forest area. These
differences in forest area estimates can have a substantial impact on the calculation of AGB
changes over time. The availability of long time series of land cover data would greatly

benefit future research on forest AGB dynamics.

6.2 Deep learning approaches for forest AGB estimation

Deep learning has emerged as a promising approach for improving the accuracy of forest
aboveground biomass (AGB) estimation, as demonstrated in Chapter 4 of this thesis. The
AU model, which incorporates an attention mechanism, showcased superior performance
compared to traditional machine learning methods, such as RF. This highlights the potential
of deep learning to capture complex patterns and relationships in remote sensing data, leading
to more accurate AGB estimates.

However, it is essential to acknowledge the limitations and challenges associated with
deep learning in the context of forest AGB estimation. One key concern is the computa-
tional resource requirements, particularly the need for powerful GPUs, which can hinder the
scalability of deep learning approaches to large-scale applications (Lang et al., 2023). This
was evident in Chapter 5, where the RF algorithm was employed for generating the 2021
national-scale AGB map due to its lower computational demands. Future research should
focus on developing computationally efficient deep learning architectures and strategies for
scaling up these approaches to support national and global-scale forest AGB estimation ef-
forts.

Another aspect to consider is the interpretability of deep learning models. While deep
learning approaches have demonstrated impressive performance in various domains, including
forest AGB estimation, their complex architectures can make it challenging to interpret the
underlying decision-making processes. This lack of interpretability can be a barrier to the
adoption of deep learning in operational settings, where transparency and explainability are

crucial. Future research should explore methods for enhancing the interpretability of deep
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learning models, such as attention mechanisms and visualization techniques, to facilitate their
integration into forest management and policy-making processes.

The heterogeneous performance across different deep learning architectures, as observed
in Chapter 4, underscores the importance of model selection and optimization. Future re-
search should focus on developing guidelines and best practices for selecting and fine-tuning
deep learning architectures for specific applications, such as forest AGB estimation. This
may involve exploring novel architectures, such as transformer-based models, that can better
capture the spatial and contextual information inherent in remote sensing data (Fayad et al.,
2024).

Moreover, the integration of multi-modal data sources presents an exciting opportunity
for improving the accuracy and robustness of deep learning-based forest AGB estimation.
Future research should investigate the fusion of various remote sensing data types, such as
LiDAR, SAR, and multispectral imagery, within multi-modal deep learning frameworks to
leverage their complementary information.

In conclusion, deep learning has shown significant potential for advancing the accuracy
of forest AGB estimation, as demonstrated in this thesis. However, challenges related to
computational resources, interpretability, and model selection need to be addressed to fully
harness the power of deep learning in this domain. Future research should focus on developing
computationally efficient architectures, enhancing model interpretability, establishing best
practices for model selection and optimization, and exploring the integration of multi-modal
data sources. By addressing these challenges and opportunities, deep learning can play a
pivotal role in improving our understanding of forest carbon dynamics and informing climate

change mitigation strategies.

6.3 AGB map validation

Forest AGB map validation is a critical aspect of ensuring the reliability and usability of
the generated maps for various applications, such as carbon stock assessment and forest
management. In this thesis, field measurements of tree height and DBH were used to
calculate plot-level AGB through allometric equations, which served as the primary validation

data for the AGB maps. While this approach provides a direct link between ground truth
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and estimated AGB values, it is important to discuss alternative validation methods and the
challenges associated with the scale mismatch between field plots and AGB maps.

Unmanned Aerial Vehicle (UAV) data and Airborne Laser Scanning (ALS) data offer
promising opportunities for validating forest AGB maps. UAVs equipped with high-resolution
cameras and LiDAR sensors can capture detailed structural information of forest canopies at
a fine spatial scale. This enables the generation of high-density point clouds and 3D models
of forest stands, from which plot-level AGB can be estimated using allometric equations or
volume-based approaches. Similarly, ALS data, which provides highly accurate canopy height
and structure information, can be used to derive plot-level AGB estimates for validation
purposes. These remote sensing-based validation methods have the advantage of covering
larger areas compared to field measurements, thus providing a more representative sample
of the forest landscape.

Terrestrial Laser Scanning (TLS) is another emerging technology that can be used for
forest AGB map validation. TLS instruments capture high-resolution 3D point clouds of
individual trees or forest plots, enabling the accurate estimation of tree-level attributes such
as DBH, height, and volume. These measurements can be used to calculate plot-level AGB
using allometric equations, similar to the approach used with field measurements. TLS
data offers the advantage of non-destructive sampling and provides highly detailed structural
information that can improve the accuracy of AGB estimates. However, the limited spatial
coverage and high cost of TLS data acquisition may restrict its applicability for large-scale
validation efforts.

One of the major challenges in validating forest AGB maps is the scale mismatch between
field plots and the spatial resolution of the maps. This scale mismatch can occur when
field plots are either smaller or larger than the pixel size of AGB maps. In both cases,
discrepancies in AGB estimates can arise due to spatial heterogeneity within pixels or the lack
of representativeness of field plots. To address this issue, a multi-scale validation approach
can be employed, where field plots are aggregated to match the spatial resolution of the
AGB maps, or high-resolution remote sensing data, such as UAV or ALS data, can be used
to provide plot-level AGB estimates at a resolution comparable to the field measurements. By
considering the scale mismatch and selecting appropriate validation methods, the accuracy

and reliability of forest AGB maps can be effectively assessed.
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Another consideration in AGB map validation is the temporal mismatch between field
measurements and the acquisition of remote sensing data used for map generation. Forest
ecosystems are dynamic, and changes in AGB can occur due to natural disturbances, such
as fires or storms, or anthropogenic activities, such as logging or land-use change. To ensure
the accuracy of AGB maps, it is important to minimize the temporal gap between field
measurements and remote sensing data acquisition. This can be achieved by coordinating
field campaigns with satellite or airborne data collection efforts and by incorporating multi-
temporal remote sensing data to capture forest dynamics.

While field measurements of tree height and DBH provide a direct link to ground truth,
alternative validation methods, such as UAV, ALS, and TLS data, offer complementary
approaches that can improve the spatial coverage and representativeness of validation sam-
ples. Addressing the scale mismatch between field plots and AGB maps through multi-scale
validation and high-resolution remote sensing data is crucial for accurate map validation.
Additionally, minimizing the temporal gap between field measurements and remote sensing
data acquisition is important for capturing forest dynamics. Future research should focus
on integrating multiple validation approaches and developing robust protocols for AGB map
validation to support the development of reliable and actionable forest carbon monitoring

systems.

6.4 Uncertainty and scale considerations in AGB estimation

The estimation of AGB using remote sensing data and machine learning methods inherently
involves a complex interplay of uncertainties and scale-dependent factors.

The foundation of our AGB estimates lies in field measurements and allometric mod-
els, both of which introduce initial uncertainties into our analysis. Field measurements of
tree height and diameter are subject to both random and systematic errors, stemming from
instrument limitations and observer biases. The subsequent application of allometric equa-
tions to convert these measurements into biomass estimates compounds these uncertainties,
particularly when generalized models are applied across diverse forest types (Chave et al.,
2014).

As we transition from point-based field measurements to spatially continuous remote
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sensing data, we encounter additional layers of uncertainty. Each remote sensing platform
used in this study — ICESat, GEDI, Sentinel-1/-2, Landsat, and ALOS PALSAR — carries
its own error characteristics related to sensor calibration, atmospheric effects, and spatial
resolution. The fusion of these multi-sensor data, while enhancing our ability to capture
various aspects of forest structure, also introduces complexities in error propagation. For
instance, the integration of optical and radar data requires careful consideration of their
respective sensitivities to different forest properties and how these interact in the biomass
estimation process (Réjou-Méchain et al., 2017).

The application of machine learning models for AGB estimation further complicates the
uncertainty landscape. Model uncertainties arise from the selection of input features, archi-
tecture choices, and the quality and representativeness of training data. The potential for
overfitting or underfitting, and the challenges in model transferability across diverse forest
ecosystems, add to the complexity of error characterization.

In addressing these uncertainties, we employed a 5-fold cross-validation approach in our
regional studies (Chapters 3 and 4). While this method provides valuable insights into model
stability and performance, it may not fully capture all sources of uncertainty, particularly those
arising from systematic biases or limitations in spatial representativeness of our training sam-
ples. As we scaled up to national-level AGB estimation, the complexity of error propagation
increased.

The implications of changing resolutions across our analysis chain present another critical
consideration. The aggregation of high-resolution data (e.g., 25m Sentinel-2) to coarser
resolutions (e.g., 50m or 1km) inevitably leads to information loss and potential biases in
AGB estimates. This scale dependency affects not only the relationship between AGB and
remote sensing variables but also the integration of reference datasets with varying spatial
extents. The fusion of data from multiple sensors with different native resolutions further
complicates this issue, potentially introducing artifacts or misrepresentations in our final AGB

maps.

6.4.1 Uncertainty in Carbon Stock and Flux Estimates

While our study has focused on the estimation of above-ground biomass (AGB) across China

using remote sensing and machine learning techniques, it is crucial to acknowledge the im-

140



CHAPTER 6. DISCUSSION 141

portance of quantifying uncertainties in derived carbon stock and flux measures. Although
our current research does not provide specific numerical uncertainties for these estimates,
addressing this aspect is vital for the robust application of our findings in carbon accounting
and climate change mitigation strategies.

The conversion of AGB estimates to carbon stocks introduces additional layers of un-
certainty. This conversion typically relies on assumptions about carbon content in biomass,
which can vary across species, forest types, and environmental conditions (Thomas and Mar-
tin, 2012). Moreover, the spatial and temporal variability in carbon allocation patterns within
forest ecosystems adds complexity to these calculations. Future research should aim to incor-
porate region-specific biomass-to-carbon conversion factors and their associated uncertainties
to provide more accurate and reliable carbon stock estimates.

Quantifying uncertainties in carbon flux measurements derived from multi-temporal AGB
estimates presents even greater challenges. These fluxes, which represent changes in carbon
stocks over time, are subject to compounded uncertainties from both the initial AGB esti-
mates and the temporal change detection process. Factors such as inter-annual variability in
forest growth rates, disturbance events, and land-use changes contribute to the complexity
of accurately measuring carbon fluxes at large scales.

To address these limitations in future studies, several approaches could be considered:

1. Probabilistic modeling: Implementing Monte Carlo simulations or Bayesian approaches
to propagate uncertainties from AGB estimates through to carbon stock and flux calculations.
This would allow for the generation of confidence intervals around mean estimates.

2. Multi-scale validation: Integrating ground-based carbon flux measurements (e.g., from
eddy covariance towers) with remote sensing-based estimates to assess and calibrate large-
scale carbon flux models.

3. Uncertainty budgets: Developing comprehensive uncertainty budgets that account for
all sources of error in the carbon estimation process, from field measurements and allometric
equations to remote sensing data and modeling approaches.

4. Ensemble methods: Utilizing ensemble approaches that combine multiple models
or data sources to provide more robust estimates of carbon stocks and fluxes, along with
associated uncertainty measures.

5. Time series analysis: Incorporating advanced time series analysis techniques to better
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capture and quantify temporal dynamics in carbon stocks, accounting for seasonal variations
and long-term trends.

By addressing these aspects in future work, we can enhance the utility of remote sensing-
based biomass and carbon estimates for policy makers, forest managers, and climate scien-
tists. Improved uncertainty quantification will not only increase confidence in our estimates
but also provide valuable information for risk assessment and decision-making in the context

of climate change mitigation and adaptation strategies.
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Chapter 7

Conclusion

This thesis presents a comprehensive assessment of forest AGB and its changes in China using
a combination of field data, remote sensing observations, and machine learning algorithms.
The research findings contribute to our understanding of the spatial distribution and dynamics
of forest biomass resources in China, providing valuable insights for forest management and
climate change mitigation efforts.

In Chapter 2, we generated the first high-resolution forest AGB map of China for the
year 2007 by integrating ICESat GLAS Lorey’'s height data, L-band SAR data from ALOS
PALSAR, C-band SAR data from Envisat ASAR, and optical data from Landsat-5, along
with field measurements. The resulting map provided a benchmark for estimating the total
forest carbon stock in China at 9.52 Pg C, with an average AGB density of 104 Mg ha™!.

Chapter 3 focused on two study regions in northeastern and southwestern China, where we
conducted field measurements to assess the accuracy of GEDI LIDAR data in estimating tree
height and AGB. We developed region-specific allometric equations to convert GEDI relative
height metrics to AGB and employed random forest and Light GBM models to generate 25 m
resolution AGB maps for the year 2021. The results highlighted the importance of filtering
GEDI data to remove low-quality footprints and the influence of terrain slope on the accuracy
of AGB estimates.

In Chapter 4, we explored the potential of deep learning techniques for forest AGB es-
timation in Guangdong Province. The AU model, which leverages LiDAR and multi-source
satellite data, demonstrated superior performance compared to the traditional random forest

approach. We also proposed a novel strategy to mitigate boundary effects in patch-based
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predictions, improving the spatial consistency and accuracy of the resulting AGB map.

Chapter 5 presented a national-scale assessment of forest AGB in China for the year 2021
and its changes since 2007. By employing region-specific allometric equations and random
forest models, we estimated the total forest carbon stock in China for 2021 at 13.06 Pg
C, with a mean AGB density of 108.8 Mg ha™t. Comparing the 2021 and 2007 AGB maps
revealed a net gain of 3.54 Pg C, with significant spatial variations in AGB changes across
the country.

The research presented in this thesis highlights the importance of integrating field mea-
surements, remote sensing data, and advanced machine learning techniques for accurate and
large-scale forest AGB estimation. The high-resolution AGB maps generated in this study
provide a valuable resource for understanding the spatial distribution and dynamics of forest
biomass in China, supporting informed decision-making in forest management and climate
change mitigation strategies.

However, some challenges and limitations remain. The validation of large-scale AGB
maps using field data is critical for assessing their accuracy, but the scale mismatch between
field plots and satellite observations can introduce uncertainties. Future research should
focus on developing improved validation strategies, such as the integration of high-resolution
remote sensing data (e.g., UAV or airborne LIDAR) to bridge the scale gap.

Moreover, the use of different land cover maps for masking the AGB maps in 2007 and
2021 highlights the potential impact of forest area discrepancies on the assessment of AGB
changes over time. The availability of consistent, long time series of high-resolution land
cover data would greatly benefit future research on forest AGB dynamics, enabling more
accurate and reliable assessments of changes in forest carbon storage.

Another important aspect to consider is the computational resources required for large-
scale AGB mapping using advanced machine learning techniques, particularly deep learning
models. While these methods have shown promising results in improving AGB estimation
accuracy, their application at national or global scales may be limited by the availability
of computational resources. Future research should explore strategies for optimizing deep
learning models and developing computationally efficient frameworks for large-scale AGB
mapping.

In conclusion, this thesis contributes to the growing body of knowledge on forest AGB
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estimation and mapping using remote sensing and machine learning techniques. However,
further research is needed to address the challenges and limitations identified in this study,
such as improving validation strategies, developing consistent long-term land cover datasets,
and optimizing computational resources for large-scale AGB mapping. By addressing these
challenges and building upon the findings of this thesis, we can continue to advance our
understanding of forest biomass dynamics and their role in the global carbon cycle, ultimately
contributing to the development of effective strategies for sustainable forest management

and climate change mitigation.
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Appendix B

Appendix 2

Table B.1: A Summary of remote sensing data used for each province
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Table C.1: Feature importances for different layers (Part 1)
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Table C.3: Feature importances for different layers (Part 3)
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