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Large-Scale Mangrove Biomass Estimation Summary

Summary

In recent years, cloud computing and Earth Observation data has signi�cantly grown to allow for
large-scale calculation of vital statistics, such as land cover and biomass, to facilitate for the moni-
toring of the health and development of ecosystems in light of climate change and the United Nations
Sustainable Development Goals. With the advancement of cloud computing platforms, such as Google
Earth Engine, and the data availability of remotely sensed data on said platforms, can machine learn-
ing by utilized in conjunction with high resolution data to estimate mangrove land covers as well as
above ground biomass in these threatened areas?

Previous studies estimating mangrove biomass (Simard et al., 2019), utilize data collected at lower
resolutions than what is currently available, and/or also collected during a period which is no longer
applicable to the conditions of the present. With global datasets, such as Sentinel-2’s global imagery
at 10m resolution, and active sensors such as NASA’s Ice, Cloud, and Elevation Satellite and Global
Ecosystem Dynamics Investigation LIDAR platforms sampling the elevation of key features on the
Earth’s surface at a �ne resolution, derivation of high resolution mangrove health statistics, such as
area, height, and biomass, should be achievable utilizing GEE.

The work
ow developed in this study (Listing 9), within a cloud computing environment, can eas-
ily be deployed in any region of the globe (at a country-wide scale) where mangroves may be present
with minimal changes in order to generate high resolution mangrove health statistics to facilitate the
reporting of these ecosystems and improving stewardship and development of the UN Sustainable De-
velopment Goals. Cloud computing and actively sensed data such as GEDI canopy height returns in
concert with machine learning techniques have proven to accurately predict key mangrove charac-
teristics, height and above ground biomass, at a large scale (country-wide), allowing for rapid and
detailed reporting and management of these ecosystems, proving that they are powerful tools in the
�ght against future climate change. This study intends to build and develop upon the work
ow and
techniques derived and utilized in the previous semester’s study by Boest-Petersen, 2022b.
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Preface

This report was written during the Spring 2022 Thesis Semester at Aalborg University Copen-
hagen for the Survey, Planning, and Land Management (Cand. Tech.) Masters program under the
supervision of Prof. Dr. Jamal Jokar Arsanjani. The semester took place from January 2022 to June
2022. During the course of the study, large amounts of remotely sensed data (imagery, backscatter,
LIDAR, etc.) was processed in custom Python tools or in cloud computing environments (see Ap-
pendix) in order to derive mangrove biomass estimations at large scales. The work done in this study
was based o� of, and an evolution of, the 2021 Fall Semester internship report by Boest-Petersen,
2022b. As such, many similar topics and ideas are presented in this report, but with the aim of im-
proving and furthering the work done previously.

Note: All code listings, �gures, and tables are made by Alexander Boest-Petersen speci�cally
for this report unless speci�ed. Cloud computing environments and Python tools can be found in the
Appendix of this report.

Acknowledgements

I would like to thank Dr. Kenneth Grogan, head of Remote Sensing Analytics at DHI, for his
support and feedback regarding remote sensing data, processing techniques, and feedback for the
steps taken in this study.

I would also like to thank Daniel Druce, Remote Sensing Specialist at DHI, for all of his assis-
tance in regards to cloud computing, machine learning, mangrove ecosystems, and processing tech-
niques regarding mangrove analysis.

Finally, I would like to thank Prof. Dr. Jamal Jokar Arsanjani for all of the guidance and super-
vision provided throughout the extent of this study.

Page 4 of 70



Large-Scale Mangrove Biomass Estimation Table of Contents

Contents

Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 2

Preface . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 4

Acknowledgements . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 4

1 Introduction & Problem Analysis . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 14
1.1 Mangroves: Ecological Impact & Climate Change . . . . . . . . . . . . . . . . . . . . . . 14
1.2 United Nations Sustainable Development Goals . . . . . . . . . . . . . . . . . . . . . . . 17
1.3 Previous Studies & Problem Analysis . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 18
1.4 Research Questions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 19

2 Data Sources & Platforms . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 20
2.1 Processing Platforms Utilized . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 20

2.1.1 Cloud Computing & Google Earth Engine (GEE) . . . . . . . . . . . . . . . . . . 20
2.1.2 Python . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 21

2.2 Data Utilized . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 22
2.2.1 FABDEM . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 22
2.2.2 Copernicus Global Land Cover . . . . . . . . . . . . . . . . . . . . . . . . . . . . 23
2.2.3 Historical Mangroves . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 23
2.2.4 ICESat-2 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 24
2.2.5 GEDI . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 24
2.2.6 Sentinel-1 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 25
2.2.7 Sentinel-2 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 25

2.3 Machine Learning Applications . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 26
2.4 Study Area . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 26

3 Theoretical & Methodological Framework . . . . . . . . . . . . . . . . . . . . . . . . . . 28
3.1 Data Processing & Data Fusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 28
3.2 ICESat-2 Processing . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 29
3.3 Canopy Height Model Generation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 31
3.4 Grid-Based Processing Areas . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 32
3.5 Sentinel Processing . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 32

3.5.1 Sentinel-1 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 33
3.5.2 Sentinel-2 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 34

3.6 GEDI Pre-Processing . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 35
3.7 Copernicus Land Cover . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 37
3.8 Land Cover Classi�cation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 38
3.9 Canopy Height Estimation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 40
3.10 Mangrove Biomass Estimation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 42

3.10.1 Allometric Equations . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 42

4 Results & Analysis . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 43
4.1 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 43
4.2 Processing Method . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 44
4.3 Mangrove Mask . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 44

Page 5 of 70



Large-Scale Mangrove Biomass Estimation Table of Contents

4.4 Canopy Height Measurements . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 45
4.5 Canopy Height Estimates & AGB . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 47

5 Discussion & Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 51
5.1 Improvements & Future Studies . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 53

References . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 55

Appendix . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 63
ATL03 Comparisons: . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 63
ATL08 Comparisons: . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 64

Mangrove Biomass Estimate GEE JavaScript Work
ow . . . . . . . . . . . . . . . . . . . . . 65
GEE Environment . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 70
Python Environment . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 70
Mozambique 2019 AGB GeoTi� File . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 70

Page 6 of 70



Large-Scale Mangrove Biomass Estimation Acronyms

Acronyms

AGB Above Ground Biomass

ALOS Advanced Land Observing Satellite

API Application Program Interface

ATLAS Advanced Topographic Laser Altimeter System

CHM Canopy Height Model

CNN Convolutional Neural Networks

csv Comma Separated Values

DAAC NASA Distributed Active Archive Center

DBH Diameter at Breast Height

DEM Digital Elevation Model

DSM Digital Surface Model

DTM Digital Terrain Model

EO Earth Observation

ESA European Space Agency

FABDEM Forests and Buildings Removed Copernicus DEM

GEDI Global Ecosystem Dynamics Investigation

GEE Google Earth Engine

GHG Greenhouse Gas Emissions

GIS Geographic Information Systems

GMA Global Mangrove Alliance

GMW Global Mangrove Watch

ICESat-2 Ice, Cloud, and Elevation Satellite

IDE Integrated Development Environment

ISS International Space Station

JAXA Japanese Aerospace Exploration Agency

JERS-1 Japanese Earth Resources Satellite-1

Page 7 of 70



Large-Scale Mangrove Biomass Estimation Acronyms

LIDAR Light Detection and Ranging

LULC Land Use Land Cover

MERIT Multi-Error-Removed Improved-Terrain

ML Machine Learning

MMU Minimum Mapping Unit

NASA National Aeronautics and Space Administration

NICFI Norway's International Climate and Forest Initiative

PALSAR Phased Array type L-band Synthetic Aperture Radar

PhoREAL Photon Research and Engineering Library

QGIS Quantum Geographic Information System

RADAR Radio Detection and Ranging

RF Random Forest

RS Remotely Sensed

SAR Synthetic Aperture Radar

SDG Sustainable Development Goals

SDSS Spatial Decision Support Systems

SLR Sea Level Rise

UN United Nations

USGS United States Geological Survey

WCMC World Conservation Monitoring Centre

Page 8 of 70



Large-Scale Mangrove Biomass Estimation Glossary

Glossary

Backscatter \ is the portion of the outgoing radar signal that the target redirects directly back to-
wards the radar antenna. Backscattering is the process by which backscatter is formed". (Eu-
ropean Space Agency, 2021a)

Blue Carbon \ refers to organic carbon that is captured and stored by the oceans and coastal ecosys-
tems". (Macreadie et al., 2019)

Cloud Computing \ is the delivery of computing services|including servers, storage, databases,
networking, software, analytics, and intelligence|over the Internet ". (Microsoft, 2021)

Cryosphere \ is the frozen part of the Earth system". (NOAA, 2022)

Spatial Resolution \ is a measure of the smallest object that can be resolved by the sensor, or the
ground area imaged for the instantaneous �eld of view (IFOV) of the sensor, or the linear di-
mension on the ground represented by each pixel". (Liang et al., 2012)

Temporal Resolution \ is de�ned as the amount of time needed to revisit and acquire data for the
exact same location". (Th�eau, 2008)
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1 Introduction & Problem Analysis

1.1 Mangroves: Ecological Impact & Climate Change

Mangroves are regions of high productivity, and diverse habitats, for both plants and species,
that can be found in tropical and subtropical regions of the world where rivers, intertidal, and coastal
waters mix. (Kathiresan, 2021) When compared to other tropical ecosystems, they are relatively species-
poor, meaning that they do not support as large of a variety of plant life, and can be homogeneous in
structure and make-up. (Duke, 1984) However, mangroves can o�er a host of bene�ts to local ecosys-
tems and communities, such as the storage of carbon via Above Ground Biomass (AGB). With a de-
forestation rate of 1-2% per year, many areas may disappear within a century, highlighting a need for
a detailed inventory to aid with management and restoration. (Alongi, 2002)

Figure 1: Mangrove locations across the world as per Ragavan et al., 2021.

There are a multitude of factors that can impact the future, as well as current, productivity of
mangrove forests on coastlines around the globe. Along with anthropogenic pressures imposed on
mangroves, climate change is impacting mangrove ecosystems negatively, compounding the impacts
of human-led issues. (Wong et al., 2014)

Anthropogenically induced climate change, that is mainly caused by humans, is a leading cause
of rising atmospheric temperatures and thermal Sea Level Rise (SLR). (Zickfeld et al., 2017) SLR is
responsible for the loss of land, habitats, and property along the coastlines of the world. Mangroves
are a signi�cant ecosystem at the forefront of these recent developments.

SLR and changes in sediment supply to mangroves around the world pose the largest factors of
change in regards to mangroves vulnerability, leading to ecosystem regime shifts, often with nega-
tive consequences as detailed in Table 1. (Ellison, 2015) Mean sea levels are primarily rising due to
thermal expansion of water caused by higher water temperatures, as well as the melting of polar and
land ice due to higher atmospheric temperatures. (Stocker et al., 2013) Warmer temperatures and
higher sea levels can have varying impacts on mangroves depending on their location. Higher sea lev-
els can inundate mangroves close to the coastline, however, this can also promote the growth of the
ecosystems further inland. (L�opez-Medell��n et al., 2011) If mangroves are unable to raise surrounding
surface elevations via sediment accretion, then they will be submerged and lost. (Krauss et al., 2014)
As such, a high resolution (spatially and temporally) inventory of mangroves can prove bene�cial to
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study the impacts of such events and how mangroves respond to them.

Table 1: Inputs and impacts to mangroves and their potential outcomes as per Ellison, 2015.

Future
Impacts

Processes
Impacted

Potential Outcomes

Rising Sea Level

Forest health
Forest productivity
Recruitment
Inundation period
Accretion rates

Forest mortality, dieback from the seaward edge,
migration landward, depending on sediment inputs,
topography and lack of barriers.

Increased waves, wind,
and extreme storms

Forest productivity
Recruitment
Accretion rates

Forests damaged or spatial area changed, surface
elevation change, erosion or excess sedimentation.

Increased air and sea
temperatures

Respiration
Photosynthesis
Forest productivity

Reduced productivity at low latitudes and increased
winter productivity at high latitudes.

Enhanced CO2

Photosynthesis
Respiration
Biomass allocation
Forest productivity

Increased productivity, subject to limiting factors of
salinity, humidity, nutrients. Soil elevation increase.

Increased rainfall and
freshwater availability

Sediment inputs
Ground water
Salinity
Productivity

Increased accretion and maintenance of surface
elevation, increased groundwater, diversity,
productivity and recruitment.

Reduced freshwater
availability

Sediment inputs
Ground water
Salinity
Photosynthesis
Forest productivity

Reduced ground water, diversity, photosynthesis,
productivity and accretion.
Mangrove migration landward, species change.

Coastal mangroves can also provide a natural barrier to combat the erosive and destructive forces
of worsening storms and their resulting waves. Evidence has highlighted that mangrove forest provide
a solution in reducing environmental risks and damages to areas that are particularly vulnerable to
coastal erosion via the mechanical transportation of sediment from waves. (Asari et al., 2021) This
done by reducing the height of wind and sell waves over short distances, however, this is dependent
on the structure, depth, and composition of the mangroves, as such, maintaining their health and size
can improve their performance as a natural coastal barrier. (Asari et al., 2021) Mangroves also pro-
vide an economic bene�ts to surrounding areas in the form of provisioning services; food, water, raw
materials, etc., as well as regulating services; air quality/climate regulation, disturbance moderation,
as well as a host of other factors. (de Groot et al., 2012)

Coastal mangrove areas have also proven to be e�ective carbon sinks; capturing, storing, and
transporting atmospheric Carbon Dioxide (CO2), a commonly produced Greenhouse Gas Emissions
(GHG), into a safer form as mangroves are extremely productive natural ecosystems even though
they have a simple forest structure with low diversity as mentioned before. (Lee et al., 2014) This is
done by collecting carbon via photosynthesis in the stems, leaves, roots, and branches, transforming it
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into the plant's biomass. (Hashim and Suratman, 2021) As such, mangroves are extremely bene�cial
in the �ght against climate change. Mangroves are estimated to contribute approximately 10-15% of
carbon storage in coastal regions of the planet. (Simard et al., 2019)

Carbon sequestered and stored in coastal ecosystems is often referred to as Blue Carbon. (Rao
et al., 2021) It is estimated that mangrove forest are responsible for around 30% of global blue carbon
sequestration, outperforming other ecosystems around the world as shown in Figure 2. (Siikam•aki et
al., 2012) The falling of foliage,or litterfall, is the principal factor in blue carbon storage and cycling
of carbon in mangrove ecosystems, as well as transporting nutrients within and between ecosystems.
(Kamruzzaman et al., 2019) With the degradation of mangrove ecosystems, sediment and carbon
sources may be transported to neighboring ecosystems, negatively altering the adjacent environments,
ultimately impacting a habitats' carbon sinking capabilities in unknown manners. (Asplund et al.,
2021)

Figure 2: Carbon locating in soils at a depth of 1 meter, highlighting how mangroves are powerful
tools in climate change mitigation as per Sanderman et al., 2018.

Irrecoverable carbon is de�ned as carbon that can be directly in
uenced by local human action,
can be lost due to land use conversion, and is not recoverable within a speci�ed time-frame. (Gold-
stein et al., 2020 & Bukoski et al., 2022) Mangroves are estimated to contain close to 225 tons of car-
bon per hectare across the globe with an estimated recovery time of 153 years to recover vulnerable
mangrove carbon sources alone. (Goldstein et al., 2020) It is estimated that human development will
continue to impact mangroves in the future due to anthropogenic disturbances, making clear a need
for consistent and accurate mangrove health measurement and monitoring. (Noon et al., 2021)

Many areas of the world are currently, and historically, experiencing mangrove area loss. Areas
of heavy losses can be seen in Malaysia due to rice farming, shrimp aquaculture, and coastal devel-
opment. (Ong, 1995 & Ong, 2003) Some species of mangroves, such asBruguiera hainesii, are ex-
tremely rare with less than 250 matured individuals remaining, and propagate very slowly, headlining
the need for study and protection. (Polidoro et al., 2010) More general area loss statistics can be seen
in Table 2.
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Table 2: Mangrove loss statistics from 1996 to 2016 as per Worthington et al., 2019.

Region
Area (km 2)

in 1996
Area (km 2)

in 2016
Loss

(km 2)
Gain
(km 2)

Australia &
New Zealand

10,332 10,037 370 74

East &
Southern
Africa

7,630 7,329 424 122

East Asia 159 159 12 13
Middle East 334 319 19 4
North & Central
America & The
Caribbean

22,702 21,072 2,196 566

Paci�c Islands 6,410 6,327 146 63
South America 19,632 19,063 1,106 537
South Asia 8,701 8,492 435 226
Southeast Asia 46,789 44,060 3,308 579
West & Central
Africa

20,107 19,857 422 171

Total 142,795 136,714 8,437 2,356

Mangroves require urgent research, management, and attention from the public in order to pre-
vent further losses and allow for rehabilitation of lost and/or damaged areas. (Feller et al., 2017)
Even with warming temperatures and higher levels of precipitation allowing for the mangrove ex-
pansion, these gains still do not outweigh anthropogenic losses, highlighting a need for detailed and
continuous study of mangrove area loss/gain as well as the health of the individual mangrove sites.
(Feller et al., 2017)

1.2 United Nations Sustainable Development Goals

The United Nations (UN) Sustainable Development Goals (SDG) are a set of goals adopted by
all participating parties that are a part of the 2030 Agenda for Sustainable Development that outlines
the targets for peace and prosperity for people and the planet starting now and going into the future.
(United Nations, 2021b) Even though mangroves are sensitive to climate change, they can prove to be
a valuable tool. Sequestering carbon, enhancing coastline stability, and protecting coastal settlements
from storm surges and wave damage are some ways that mangroves can help reduce or mitigate fu-
ture damages. (Chow, 2018)

Speci�cally, the conservation and preservation on mangroves falls under goal number 14, to con-
serve and sustainably use the ocean, seas and marine resources for sustainable development. (United
Nations, 2021a) Goals 13, combating climate change, and 15, sustainably manage forests, combat de-
serti�cation, halt and reverse land degradation, as well as halt biodiversity loss are goals that are di-
rectly concerned with the loss and monitoring of mangroves in the future as climate change occurs.
(Fakhruddin et al., 2018) Having a detailed, accurate, and up-to-date baseline of local, or global,
mangrove biomass stores can allow member nations and concerned stakeholders to have access to

Page 17 of 70



Large-Scale Mangrove Biomass Estimation Introduction & Problem Analysis

information to enact change to preserve, protect, and restore these critical coastal areas, as well as
better understand them and the impacts of anthropogenic pressures. (Rahman et al., 2021)

1.3 Previous Studies & Problem Analysis

In order to track the management, destruction, and changes in coastal mangrove ecosystems, an
accurate inventory of biomass is critical in order to properly manage and track the impacts of future
climate change and SLR. Previous studies have estimated global (or regional (Fatoyinbo and Simard,
2013)) AGB using sub-optimal elevation data to in order to derive general datasets for worldwide
tracking of mangroves. (Simard et al., 2019) Previous studies attempt to use high resolution data to
predict mangrove biomass for speci�c regions of interest ((Pham, Le, et al., 2020), (Suwa et al., 2021),
& (Pham, Yokoya, et al., 2020)), excluding impacted areas outside of the study area, or methods of
data collection that do not scale to global applications. (Jones et al., 2020) Such studies highlight
that an accurate, easily accessible, and regularly updated large-scale (country or countries) dataset
of mangrove biomass estimations is clear gap in the ever-important region of mangroves.

A multitude of new satellite and sensor systems such as; the European Space Agency (ESA) Sentinel-
1 and Sentinel-2 satellites capable of measuring RADAR Backscatter and high resolution optical im-
agery respectively, the National Aeronautics and Space Administration (NASA) Ice, Cloud, and El-
evation Satellite (ICESat-2) Light Detection and Ranging (LIDAR) system 1, as well as the Global
Ecosystem Dynamics Investigation (GEDI) system2 upon the International Space Station, up-to-date,
accurate, and high resolution (Spatial Resolution and Temporal Resolution) data is easily and freely
accessible to use from an array of robust active and passive sensors within various cloud computing
environments. Such advancements in data availability and data processing platforms have allowed the
scienti�c community, as well as more intermittent users, the ability to perform large scale analysis
utilizing petabytes of remotely sensed Earth observation data in the realm of above ground biomass
alone in recent years quickly and e�ciently. (Sanderman et al., 2018, Yang et al., 2019, Thieme et al.,
2020, Li et al., 2019, & Filippelli et al., 2020)

Traditionally, mangrove biomass estimates have been conducted using time-consuming and costly
�eld, in-situ, measurements. (Salum et al., 2020, Jachowski et al., 2013, Aslan et al., 2016, & Vaghela
et al., 2021) In-situ measurements include the destructive process of cutting mangrove samples (trees
and shrubs) in order to measure various attributes of the plant (such as height, diameter of trunk,
and overall weight of sample) to derive the carbon carrying capacity of a speci�c species or area. (Jones
et al., 2020) Previous studies have attempted to streamline this process by using Spatial Decision
Support Systems (SDSS) (Tang et al., 2017), data from active (e.g. LIDAR or RADAR) aerial or
space-borne sensors, as well as passive sensors to determine mangrove biomass estimations with dif-
fering levels of accuracy when compared to manual measurements. Such studies allow for the general
estimation of mangrove biomass on large scales, providing stakeholders with a clearer view of global
mangrove ecosystems. Or collection of high resolution elevation data is only possible at smaller re-
gional scales, prohibiting the detailed estimation of larger study areas. (Salim et al., 2020) This study
hopes to build upon large-scale work/studies and improve upon the derived results to generate a reli-
able biomass estimation at a large scale using freely available data and data processing platforms.

Using previous studies and research, this report intends to utilize high resolution, actively sensed,
Earth Observation (EO) data combined with Machine Learning (ML) techniques for classi�cation and

1https://nsidc.org/data/ATL03
2https://gedi.umd.edu/data/products/
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Figure 3: ICESat-2 ATL03 return signal data ('gt2r' track) and surface estimation for a scan of Jobos
Bay, Puerto Rico utilizing tool by Siegfried and Sutterley, 2022.

regression of surfaces. Talk about deriving better mangrove masks at smaller than global scales, and
better localized heights using multiple AGB formulas. Determining mangrove coverage at smaller-
than-global scales and at a resolution of up to 10 meters, mangrove area can be more accurately rep-
resented, allowing for more accurately biomass estimations. Combining high resolution actively sensed
EO data with regional speci�c allometric models in a cloud computing setting can allow users to
quickly and accurately derive meaningful statistics for their regions of interest. By deriving highly ac-
curate mangrove extent and above ground biomass estimates, at as large of a scale as possible, stake-
holders will be able to track the change in mangrove health and mangrove area loss in order to imple-
ment strategies of mangrove loss mitigation as well as tracking relevant UN Sustainable Development
Goals metrics.

1.4 Research Questions

1. Of the options of actively sensed and derived earth observation data, in regards to canopy heights
(ICESat-2 ATL03 & ATL08, and GEDI outlined in Table 3), which performs best when estimat-
ing canopy heights for above-ground biomass estimations in a cloud-computing setting?

2. At what scale is it feasible to derive such estimates and at what level (study site, regional, coun-
try) is feasible in a cloud-computing environment such as GEE?
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2 Data Sources & Platforms

Table 3: Canopy height information sources needed to calculate above-ground biomass. (Boest-
Petersen, 2022b)

Data Description Resolution Source
Availability/Temporal

Resolution

UAV(Drone) Based
Site/study speci�c. Costly and

not e�cient for large
scale studies.

Sub-meter per
pixel depending

on sensor/mission
type.

Privately funded
research projects

from an aerial platform.

Single 
y-
over. Multiple

scans if deemed
necessary.

ICESat-2
ATL03

Geolocated photon returns from the
Advanced Topographic Laser Altimeter

System (ATLAS) sensor aboard ICESat-2.
10,000 pulses per second. (NASA, 2022)

Dependent on terrain
type and atmospheric
conditions. Average
of 70cm resolution.

NASA and
OpenAltimetry

September 15, 2018 -
Current

ICESat-2
ATL08

Photon counting range estimates separating
noise and signal photons to estimate terrain

and canopy height from available ATL03
returns. (Neuenschwander and Pitts, 2019)

100 meter along-track
resolution.

NASA and UT Austin
Research Laboratories.

September 15, 2018 -
Current

GEDI
Global Ecosystem Dynamics Investigation

laser system (3 lasers) aboard the
International Space Station (ISS). (GEDI, 2022)

25 meter pixel
resolution.

NASA
December 5, 2018 -
2023 (Estimated)

In order to compare the performance and reliability of raw data (ATL03), as well as derived datasets
(ATL08 & GEDI), study areas will be chosen that have local detailed LIDAR scans (see Figures 9 &
13) to allow the generation of small scale Canopy Height Model (CHM)s that represent tree heights
to a high degree. These local level datasets will allow for the direct comparison of space-borne plat-
forms and their resulting data to what is actually present on the surface. Once a reliable dataset is
determined, a work
ow will be developed to allow for the generation of mangrove masks and man-
grove canopy estimations using machine learning in a cloud computing environment at as large of a
scale as possible.

Existing studies use allometric equations (or regressions) to derive biomass estimates from man-
grove or other forested areas. (Fatoyinbo and Simard, 2013, Simard et al., 2019, Jones et al., 2020)
Biomass estimates are traditionally derived by incorporating individual tree diameter at breast height
(DBH) and canopy height metrics to determine a volumetric biomass statistic. (Kebede and Soromessa,
2018) Existing studies (such as Simard et al., 2019) have incorporated available in-situ measurements
to derive region-speci�c allometric regression equations as seen in Table 7, thus allowing for the esti-
mation of biomass utilizing remotely sensed data with only canopy height estimates. This is possible
as relationships between important factors such as tree stem diameter and wood density a linked in a
linear fashion to canopy height, facilitating the estimation of AGB with only canopy heights. (Fayad
et al., 2014) Allowing for the rapid classi�cation and estimation of carbon stores using machine learn-
ing and cloud computing to provide a general estimate as well as track change of carbon stores over
time.

2.1 Processing Platforms Utilized

2.1.1 Cloud Computing & Google Earth Engine (GEE)

In previous years, Cloud Computing has enabled Earth Observation scientists to address process-
ing the daily delivery of terabytes of remotely sensed data, allowing for the rapid querying, acquisi-
tion, and processing of data in a single environment in some cases. Ultimately, cloud computing pro-
vides remote sensing users with services that allow them to leverage data processing and production
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Figure 4: GEE browser-based IDE user interface. (Gorelick et al., 2017)

computing/storage platforms, along with integrated spatial analysis tools, so as to provide solutions
in a single interface, such as GEE or the newly introduced Microsoft Planetary Computer platform3.
(L. Wang et al., 2019) These platforms are made even more accessible by the fact that they are freely
available for academic purposes, promoting the widespread use of the platforms, thereby allowing for
the monitoring of at-risk ecosystems as well as providing key stakeholders with critical data.

GEE4 is a web-based Integrated Development Environment (IDE) built upon the Earth Engine
JavaScript Application Program Interface (API). (Gorelick et al., 2017) GEE (refer to Figure 4) al-
lows users to query and import petabytes of remotely sensed data quickly and easily, create geospatial
data or importing custom shape�les, tables. These features facilitate the development of algorithms
for geospatial analysis, and providing users with information to further conduct analysis outside of
the browser environment if needed. (Gorelick et al., 2017)

GEE allowed for the acquisition, pre-processing, and utilization of Sentinel-1 backscatter, Sentinel-
2 imagery, FABDEM elevation surfaces, GEDI global canopy height estimates, as well as other datasets
such as Copernicus' Global 100m Land Cover to improve mangrove masking performance. Data which
was not available in the GEE Data Catalog, such as ICESat-2, was downloaded and pre-processed
outside of the GEE IDE and ingested into the editor as an asset in the form of shape�les for vector
data (GMW known mangrove areas), or a tabular (csv) datasets such as ICESat-2 canopy height met-
ric data points.

2.1.2 Python

Python is a programming language that is popular in the realm of geospatial processing and data
science. It's array of freely available packages and active community of users enables anyone to query,
download, and analyze vast amounts of geospatial information. For this study, Python in conjunction

3https://planetarycomputer.microsoft.com/
4https://earthengine.google.com/
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with various scienti�c, numerical, and geospatial focused packages, was heavily utilized to access and
process ICESat-2 data.

A virtual environment and package manager was used throughout the course of the report in the
form of Anaconda5 to streamline processing environments as many packages require speci�c depen-
dencies that can easily be cluttered by pre-existing packages. By utilizing virtual environments, work-
spaces can be streamlined, only having the necessary packages installed, as well as providing the op-
tion of easily sharing environments with others for further collaboration. For even leaner processing
environments in future studies, Miniconda, a free version of Anaconda, would prove a powerful alter-
native6.

2.2 Data Utilized

2.2.1 FABDEM

Traditional elevation datasets, such as the Copernicus GLO 30m elevation dataset, includes all
features on the surface of the Earth, such as trees or buildings, which can negatively impact the model
performance as it is receiving information that is not representative of what the surface is. Instead,
for this study, the Forests and Buildings Removed Copernicus DEM (FABDEM) elevation dataset
was utilized to supplement both the mangrove mask classi�cation as well as mangrove canopy height
regression in an attempt to increase model performance and overall accuracy of results.

Figure 5: Comparison of elevation FABDEM elevation surface against the Multi-Error-Removed
Improved-Terrain (MERIT) DEM (tree removal) and LIDAR elevation surfaces for Houston, Texas.
(Fathom, 2022)

Elevation surfaces play a key role in ecology and soil science, allowing users to re�ne and adjust
machine learning or deep learning applications in order to better predict land cover type or other
statistics of interest. FABDEM is derived by utilizing machine learning techniques, such as random

5https://www.anaconda.com/
6https://docs.conda.io/en/latest/miniconda.html
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forest regression models, to remove building and tree height biases from the Copernicus COPDEM30
global (mostly) elevation dataset in order to achieve a more accurate Digital Elevation Model (DEM)
of the Earth's surface at a global scale. (Hawker et al., 2022) This dataset is novel, with its intro-
duction for educational purposes only being made available in early 2022, with the asset (a 450+GB
raster �le) being made available on GEE by the community of users. (Roy, 2022)

2.2.2 Copernicus Global Land Cover

The Copernicus Dynamic Global Land Cover is comprised of discrete and fractional land cover
layers for 2015 to 2019 at a 100 meter resolution. (Buchhorn et al., 2020) This dataset was used in
generating a local mangrove land cover mask. Speci�cally to provide a more accurate mask, where is-
sues with incorrect classi�cations of water pixels were experienced in such edge ecosystems by simpli-
fying the classi�cation of water which can be extremely variable in appearance given the atmospheric
conditions.

The level 1 dataset utilized in this report is validated to an accuracy of 80.6+/-0.4%, with wa-
ter classes being mapped as the highest accuracies. (Tsendbazar et al., 2020) This dataset is available
in raster format in the GEE Data Catalog for rapid implementation into custom work
ows and algo-
rithms.

2.2.3 Historical Mangroves

The Global Mangrove Watch (GMW) is a data portal that was initiated as part of the JAXA Ky-
oto & Carbon Initiative in 2011 made available by the Global Mangrove Alliance (GMA) to increase
access and visibility of possible mangrove habitat extents as seen in Figure 6. (Bunting et al., 2018)

Figure 6: Distribution of GMW project areas across the globe. (Bunting et al., 2018)

This data is made available via the UN's World Conservation Monitoring Centre (WCMC) as
a shape�le, with updated annual mapping of mangroves planned from 2018 in to the future derived
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from JERS-1 SAR, ALOS PALSAR, and ALOS-2 PALSAR-2 EO platforms. (Bunting et al., 2018)
Potential mangrove extents are derived with ALOS PALSAR and Landsat optical data from 2010,
with the purpose of providing data to countries that may not have su�cient national mangrove moni-
toring systems. (Bunting et al., 2018)

A global baseline of areas classi�ed as mangroves in the year 2016 by the GMW was utilized to
train ML classi�cation models to generate a local mangrove mask of high-likelihood mangrove land
coverage. Classifying land cover on a local level can prove advantageous due to the fact that global
datasets are often optimized to meet the complex requirements needed to classify at a global scale
even if many study/training sites are taken employed in the overall model. By conducting a mangrove
classi�cation, AGB estimates will be more accurate and representative in the study area.

2.2.4 ICESat-2

NASA's Advanced Topographic Laser Altimeter System (ATLAS) instrument onboard the Ice,
Cloud, and Elevation Satellite (ICESat-2) satellite system launched in September 2018 and was de-
signed to measure the elevation of the glacial ice-sheets and measure the change in ice coverage/thick-
ness of the northern hemispheres. (NASA, 2021) Even though the sensor was intended to measure
frozen/non-vegetated surfaces, the photon returns can be, and have been, used for estimated canopy
height in comparison to surface elevation, adding a dataset to the arsenal of AGB estimation.

ICESat-2 can be processing in a Python environment to estimate ground returns and top of canopy
returns in order to estimate canopy height at a user-de�ned resolution (10 meters for this study).
Once pre-processed, the estimated canopy height points can be transferred into GEE to facilitate ML
regressions of canopy heights using ICESat-2 derived data as training input for the algorithms. With
the global coverage of ICESat-2, this sensor system can prove to be a powerful tool in measuring and
tracking mangrove ecosystems.

Figure 7: Spot and ground track naming convention utilized by ATLAS in the forward direction.
(Neuenschwander et al., 2021)

2.2.5 GEDI

NASA's Global Ecosystem Dynamics Investigation (GEDI) mission consists of a full-waveform LI-
DAR instrument mounted on the International Space Station (ISS) in late 2018 and is purposely de-
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signed to measure forest structure with its primary deliverable being mean aboveground biomass den-
sity over forested areas in the range of the ISS (51.6°N & 51.6°S latitudes). (Patterson et al., 2019)

Figure 8: GEDI canopy heights Zambezi River Delta in Mozambique.

One of the crucial datasets from GEDI, is the Level 2A Geolocated Elevation and Height Metrics
product (GEDI02 A) which includes ground elevation, canopy top height, and relative height (RH)
metrics as visualized in Figure 8. (Dubayah et al., 2021) This dataset is available in GEE in the form
of monthly composite rasters with a resolution of 25 meters per pixel and 136 bands of information.

2.2.6 Sentinel-1

Sentinel-1 backscatter data is generated from two polar-orbiting satellites utilizing C-band radar
imaging. (European Space Agency, 2021b) The synthetic aperture technique which Sentinel-1 utilizes
allows for consecutive time of transmission and reception measurements over a single study area from
di�ering angles incorporating the motion of the platform, essentially creating a large aperture than
what is physically aboard the satellite. (Moreira et al., 2013) Synthetic Aperture Radar (SAR), active
sensors, are powerful tools in EO as they do not require the Sun to illuminate a scene, or are depend-
ing on clear skies which allows for more frequent data collection and shorter return intervals, as well
as providing di�erent data than existing sensors, allowing users to have more information for ML ap-
plications. (Lemoen, 2022) Sentinel-1 data is made available on GEE at 10 meter resolution for the
bands being utilized in this study.

2.2.7 Sentinel-2

Passive imagery, data that is collected from a sensor that relies on the photons emitted by a pow-
erful source (typically the sun) and re
ected o� of the surface of the Earth, are a popular form of ac-
quiring information about the surface of the Earth. One reliable platform is the Sentinel-2 constella-
tion, a pair of sensors that collect up to 10 meter resolution imagery with the aims of monitoring the
variability of surface conditions on our planet. (European Space Agency, 2021c) The bands available
from Sentinel-2 also allow for the calculation of a variety of spectral indices as seen in Table 6. These
bands, and their derived data, allow for increased information to feed machine learning models for
training purposes and prove to be a valuable addition for mangrove masking and height estimations
as seen later in this study. This study utilized both the 10 meter surface re
ectance product in com-
bination with the cloud probability dataset in order to �lter and mask cloudy datasets to provide a
clear time series for later calculations. Both of these datasets are freely available within GEE.
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2.3 Machine Learning Applications

Generating local-level mangrove masks utilizing global datasets allows users to employ power-
ful Machine Learning (ML) algorithms to quickly generate a higher accuracy mangrove mask to es-
timate heights from, as well as also provide the user with the option to monitor the change in man-
grove land cover from di�erent time periods of interest. Utilizing GEE's ML library, users have access
to many algorithms, such as the Random Forest (Breiman, 2001) and the Gradient Tree Boost (Fried-
man, 2002) algorithms, both being popular with Land Use Land Cover (LULC) applications. (Abdi,
2020) For this study, both RF and Gradient Tree Boost algorithms were tested in deriving a local-
level mangrove masks, with the validity of each model being validated against the previous GMW
2016 global mangrove baseline, as well as visually inspecting the results against Sentinel-2 imagery to
compare performance of the two datasets.

Using ML to classify land cover is a straightforward tasks it results in the discrete classi�cation
of classes over a study area, resulting in distinct land cover classes. Employing ML algorithms for
canopy height estimations requires generating an interpolated, or continuous, surface of estimates of
the same type, that is numerical canopy heights, not individual classes (Segal, 2004), being a popular
tool for canopy height estimation and biomass prediction (Simard et al., 2011, Bourgine and Bagh-
dadi, 2005, Baccini et al., 2008, Powell et al., 2010, and Baghdadi et al., 2015). Canopy height is a
key data point for estimating AGB and thus will be the main form of information used to train a ML
regression algorithm to estimate canopy heights where no data exists. (Lang et al., 2022) Canopy
heights will be estimated utilizing the RF regression algorithm within GEE to generate a continu-
ous surface of canopy heights. Once heights for a study have been generated, allometric equations
will be utilized to estimate AGB based on canopy height for the area in terms of tonnes per hectare
(Mg/ha).

2.4 Study Area

In order to compare with performance of canopy height estimations, an area of southern Florida
in the United States was chosen as a study area. This area was chosen as it is rich in mangroves and
has detailed LIDAR data freely available at high resolutions for much of the state as seen in Figure 9.
Such data would allow for the processing and generation of a local CHM that could then be employed
to validate the performance of regression canopy height estimations and allow for tuning of parame-
ters to optimize performance to be used on other regions around the world.

A country along the eastern coast of Africa (refer to Figure 10), Mozambique is home to man-
groves along a majority of its 2,700km coastline, representing the third largest mangrove area in Africa.
(Fatoyinbo et al., 2008) Much of the coastal population of the county is dependent upon the man-
groves for food, building material, and fuel, highlighting the need for monitoring the coverage and
health of these critical ecosystems. (Fatoyinbo et al., 2008) Due to prevalence of mangroves, data
availability of the region, Mozambique was chosen as the study site for this report to re�ne local man-
grove masks, test machine learning algorithms and techniques, as well as estimate above ground biomass
for the entire coastline of the country. The sheer length of coastline and volume of data required to
be processed in order to generate AGB estimates would necessitate developing, tuning, and re�ning
work
ows that can generate accurate estimates in a timely manner over such an extent.

The data utilized and work
ows generated for the country of Mozambique, can easily be em-
ployed to other countries around the world with minimal changes or alterations to the original code
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