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Abstract: Tropical forests are acknowledged for providing important ecosystem services and are
renowned as “the lungs of the planet Earth” due to their role in the exchange of gasses—particularly
inhaling CO2 and breathing out O2—within the atmosphere. Overall, the forests provide 50% of
the total plant biomass of the Earth, which accounts for 450–650 PgC globally. Understanding and
accurate estimates of tropical forest biomass stocks are imperative in ascertaining the contribution of
the tropical forests in global carbon dynamics. This article provides a review of remote-sensing-based
approaches for the assessment of above-ground biomass (AGB) across the tropical forests (global
to national scales), summarizes the current estimate of pan-tropical AGB, and discusses major
advancements in remote-sensing-based approaches for AGB mapping. The review is based on the
journal papers, books and internet resources during the 1980s to 2020. Over the past 10 years, a myriad
of research has been carried out to develop methods of estimating AGB by integrating different
remote sensing datasets at varying spatial scales. Relationships of biomass with canopy height and
other structural attributes have developed a new paradigm of pan-tropical or global AGB estimation
from space-borne satellite remote sensing. Uncertainties in mapping tropical forest cover and/or
forest cover change are related to spatial resolution; definition adapted for ‘forest’ classification;
the frequency of available images; cloud covers; time steps used to map forest cover change and
post-deforestation land cover land use (LCLU)-type mapping. The integration of products derived
from recent Synthetic Aperture Radar (SAR) and Light Detection and Ranging (LiDAR) satellite
missions with conventional optical satellite images has strong potential to overcome most of these
uncertainties for recent or future biomass estimates. However, it will remain a challenging task to
map reference biomass stock in the 1980s and 1990s and consequently to accurately quantify the
loss or gain in forest cover over the periods. Aside from these limitations, the estimation of biomass
and carbon balance can be enhanced by taking account of post-deforestation forest recovery and
LCLU type; land-use history; diversity of forest being recovered; variations in physical attributes of
plants (e.g., tree height; diameter; and canopy spread); environmental constraints; abundance and
mortalities of trees; and the age of secondary forests. New methods should consider peak carbon sink
time while developing carbon sequestration models for intact or old-growth tropical forests as well as
the carbon sequestration capacity of recovering forest with varying levels of floristic diversity.
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1. Introduction

The loss and degradation of the world’s forests are major contributors to biodiversity loss and
climate change [1]. Forests occupy the largest plant community on the land surface of the Earth,
sequestrate most of the atmospheric carbon [2], are an overall sink of −2.1 Gt CO2 per year [3], and,
hence, play a pivotal role in the global carbon cycle [4]. Tropical ecosystems span over ~ 33% of the
global land area [5] and are the major contributor of global CO2 sink. The tropical forests occupy
45% (1.827 billion ha) of the total global forests (4.06 billion ha) [6]. These forests contribute 56% (1.4
billion metric tons) of the terrestrial absorption of atmospheric CO2 [7] at an annual rate of 1.3 PgC [8].
Tropical forests are also acknowledged for providing important ecosystem services, including biomass
production, carbon stock, carbon sequestration (or fluxes) and global and regional climate patterns [9].
Collectively, tropical forests provide 50% of the total plant biomass of the Earth [10], and are renowned
as “the lungs of the planet Earth” due to their role in the exchange of gasses, particularly inhaling CO2

and breathing out O2, within the atmosphere [11].
Tropical forests are dynamic ecosystems that undergo successional changes [12,13], natural

disturbances, deforestation and land degradation [14]. Recent evidence from a detailed time series of
satellite images indicates a 62% increase in deforestation in the humid tropics from the 1990s to the
2000s [15]. A broad outline prediction of the future of tropical forest indicates extensive agricultural
encroachment into the old-growth forest due to an expected 2 billion increase in the population of
tropical countries over the next few decades [16]. However, the recent Forest Recourses Assessments
(FRA) by the Food and Agriculture Organization (FAO) [6], reported a 32% reduction in an annual
deforestation rate of tropical forests from the 1990s to the latter half of the 2020s. On the other hand,
secondary succession has regained 15% of the area deforested during the 1990s, as a result of millions
of hectares of the tropical landscape being abandoned following massive deforestation and large-scale
agricultural activities [17]. Knowledge of accurate and up-to-date forest inventories, recovery rates
and variation in regrowth rates across time and space is mandatory in facilitating well-informed
management, and in understanding biomass and carbon sequestration potential of these dynamic
ecosystems to mitigate future climate change impacts reducing the uncertainties in estimating global
carbon flux.

However, it is difficult to ascertain structural characteristics of these difficult-to-access ecosystems
through conventional field-based inventories, as the tropical forests are composed of a variety of
species with high structural and biological diversity varying along with spatial and temporal scales [18].
Field-based carbon stock inventories of the huge tropical forest area (approximately 18 million km2)
are logistically challenging, time demanding and difficult to repeat over time to monitor the growth.
Existing long-term and short-term field plots in the tropical forest provide invaluable information
about forest functions and attributes, but are too small in terms of numbers to fully represent the
dynamics of tropical systems and carbon stocks [18].

Rapidly developing space-borne and air-borne remote sensing technologies and tools are
increasingly used to obtain quick, reliable and consistent information over large areas [19],
complementing less frequent and spatially limited field inventories, to understand tropical forest
ecosystem function, structure, and productivity, and to record changes in the forests’ attributes (e.g.,
leaf area structure, basal area, stem volume, and basal-area weighted mean diameter and basal-area
weighted mean height) at varying spatial and temporal scales [20]. Estimates of above-ground
biomass (AGB) of forests are obtained from different methodologies and variety of sources such as
field measurements, national forest inventories, administrative-level statistics, model outputs and
regional satellite products [21]. FAO’s FRA [22] is the sole global dataset which provides carbon stock
aggregated at the country-level from 1990 to 2015, covering all 229 countries and territories of the
world [3]. Complementary to this is an additional repository of a database on forest carbon dynamics
by the United Nations Framework Convention on Climate Change (UNFCCC), which contains data
submitted by its parties.
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Remote sensing cannot provide direct measurements of biomass [23], although the role of
remote sensing is pivotal for accurate and up-to-date measurement of forest structure to estimate
carbon stocks and fluxes of the forests. Field-inventory-based methods of biomass estimation are
time-consuming, suffer from the low sample size, are inconsistent across space and do not indicate
actual estimation of the AGB in a landscape [24–26]. However, these methods are important and
have played a significant role in developing allometric equations for biomass estimation. Remote
sensing can help in resolving the restraints of the conventional AGB measurement methods, especially
in inaccessible tropical forests, by providing cost-effective, repeatable, spatially contiguous and
explicit observations [27,28]. Nonetheless, remote-sensing-based methods are in transition to become
independent and solicit methods of AGB modelling. Therefore, current conventional measurements
(biophysical characteristics of vegetation) are being integrated with various remote sensing datasets to
quantify and monitor biomass stocks across a wide range of spatial and temporal scales [9,20,29–31].
For example, vital structural attributes of forests or trees to develop allometric models of biomass
estimations can be retrieved from laser scanners [32–35]. Thus, pan-tropical or sampling-based remote
sensing data can be acquired to complement the destructive field-based inventories and reduced
efforts from conventional field surveys, for estimating tree attributes to develop allometric models
in an inaccessible area or expand the existing tree inventories to all tropical forest types. Thus,
remote-sensing-based biomass measurements are derived by statistical and/or machine learning-based
integration of tree/stand/plot level allometric models with spatially contiguous forest extent and
structural information derived from remote sensing data [18].

In this paper, we reviewed the remote sensing methods applied to determine the AGB in the
tropical forests and future biomass measurement missions. This review focuses on the large-scale
studies at the pan-tropical, regional or national level. Local scales studies are not incorporated in the
analysis and discussion, but a brief overview is included whenever it was necessary to explain a relevant
method or advancement. The scope of this paper covers a wide range of relevant sources—journal
papers, books and internet resources between the year 1980 and 2020 with the keywords of Tropical
Forest, Remote Sensing, Biomass, Above-Ground Biomass, Carbon Stock, Forest Change, Tropical
Degradation and Tropical Deforestation in Web of Science, Scopus and Google Scholar (accessed
in April 2020). The keywords were used with the search operator of ‘AND’, with the following
combinations, ‘tropical AND forest’, ‘remote sensing AND biomass’, ‘above-ground biomass AND
carbon stock’, ‘forest change’, ‘degradation AND deforestation’. Another filter ‘tropical AND remote
sensing AND biomass’ was applied to narrow down the search results. Besides, considering the
importance of land cover products in the AGB estimation, we provided a brief overview of the global
or pan-tropical land cover products used in the AGB estimation studies or have potential to be used
in near future. Similarly, other modalities of remote sensing encompassing forest compositions and
structural attributes are included to provide a broader perspective of contributing factors. We found
around 200 most relevant papers/articles with the mentioned keywords and found increasing interest
among researchers to study AGB for tropical forests in terms of publications over the last 40 years
(Figure 1). The higher number of published documents in the last decade may be related to the
increased interest of the scientific community in studying the impact of climatic variations on tropical
forests functioning as well as new satellite missions with enhanced capacities of large-scale mapping.
We observed that the number of publications is increased by three-folds over the last decade. The trend
in increasing publications will be accelerated in the next 10–15 years with the launch of biomass-specific
satellite missions. The review is intended to summarize major advancements in remote-sensing-based
studies of pan-tropical AGB mapping. It is also supplemented with an appendix consisting of a list of
abbreviations used in the study (Table A1), a brief description of relevant AGB mapping studies in
the tropical forests (Table A2), and salient features of frequently used passive (Table A3) and active
(Table A4) satellite remote sensing missions.



Remote Sens. 2020, 12, 3351 4 of 38Remote Sens. 2020, 12, x FOR PEER REVIEW 4 of 37 
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AGB is referred to total living biomass, including trees, shrubs and vines above the ground. It is 
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matter [37]. The reference or direct biomass is measured by the cutting down of selected trees 
(including stump, stem, twig, branches, bark and foliage) belonging to different species, dried in an 
oven and then their weight is measured in a laboratory. This is a destructive and unsustainable 
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Tree Volume and Biomass Allometric Equations’ [40]. These estimations are important to understand 
forest structure, productivity, carbon fluxes, carbon sequestration, and condition of tree site [41]. 
However, measuring height and DBH across the landscape could be time-consuming, costly and 
difficult to repeat. Errors in height and DBH measurements can also induce uncertainties in biomass 
estimation from allometric models [42]. Besides, caution must be taken while extrapolating biomass 
from allometric models across a landscape as the growing conditions can vary with land-use history, 
successional stage of forests, environmental and climatic constraints [43,44]. 

Remote-sensing-based products play a pivotal role in upscaling and parameterization of 
field/plot level inventories of forest structure, ecosystem processes and models. The basic idea of 

Figure 1. The number of documents on above-ground biomass (AGB) of tropical forests published in
the last 40 years, and expected increase in the relevant publication in the coming decade, the dotted
line indicates polynomial fit.

2. Field Inventories and Remote Sensing for Biomass Estimation

Estimates of the AGB of forests are obtained from different methodologies and a variety of sources,
such as field measurements, national forest inventories, administrative-level statistics, model outputs
and regional satellite products [21]. The conventional methods in obtaining biomass are carried by
developing allometric equations, biomass expansion factors (BEF) or conversion factors which are
based on regression between tree biomass and tree attributes such as height, diameter, wood density
and leaf biomass at a sampled location. These models are extrapolated using statistical or machine
learning approaches to estimate total biomass stock across the landscapes of interest [36].

AGB is referred to total living biomass, including trees, shrubs and vines above the ground. It is
measured in units of tons of carbon per unit area by oven drying the total mass of organic living
plant matter [37]. The reference or direct biomass is measured by the cutting down of selected trees
(including stump, stem, twig, branches, bark and foliage) belonging to different species, dried in
an oven and then their weight is measured in a laboratory. This is a destructive and unsustainable
approach, but is the most accurate method of biomass estimation. Then, the reference biomass is used
to develop species-specific allometric models by regressing it as a function of physical attributes of the
trees such as diameter at breast height (DBH), tree height, canopy spread and wood density [38].

Once the allometric equations are derived, nondestructive methods can be followed to determine
AGB. In situ nondestructive estimation of AGB is carried by measuring height and DBH in randomly
dispersed field sample plots. Establishing 50 forest inventory plots of 1 ha (100 m by 100 m) is a
recommended practice for assessing biomass and stem density in tropical forests [39]. FAO has
established protocols in assessing AGB using field-based inventories in the ‘Manual for Building Tree
Volume and Biomass Allometric Equations’ [40]. These estimations are important to understand forest
structure, productivity, carbon fluxes, carbon sequestration, and condition of tree site [41]. However,
measuring height and DBH across the landscape could be time-consuming, costly and difficult to repeat.
Errors in height and DBH measurements can also induce uncertainties in biomass estimation from
allometric models [42]. Besides, caution must be taken while extrapolating biomass from allometric
models across a landscape as the growing conditions can vary with land-use history, successional stage
of forests, environmental and climatic constraints [43,44].
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Remote-sensing-based products play a pivotal role in upscaling and parameterization of
field/plot level inventories of forest structure, ecosystem processes and models. The basic idea
of remote-sensing-based upscaling revolves around association of field/plot based attributes with land
cover characteristics or forest structure or spectral response and then extrapolation of the relationship
across the extent of the landscape [45]. Xiao et al. [46] documented the advances and milestones
achieved in biomass estimations from remote sensing since the late 1970s. A brief description of
relevant AGB mapping studies in tropical forests is provided in the Table A2 (please see Appendix A).
Precise synopsis of several procedures, algorithms and methods of modelling and estimating biomass
from a variety of remote sensing data is presented by Lu et al. [44]. They highlighted the importance of
multi-sensor data integration in biomass modelling studies.

In a broader perspective, both active and passive remote sensing sensors are valuable for carbon
stock mapping, but active sensors, such as Synthetic Aperture Radar (SAR) and Light Detection
and Ranging (LiDAR), have enormous potential for more accurate and useful proxies for forest
biomass inventories than the passive sensors [23]. The rise of advanced remote sensing instruments
with high spatial and temporal resolution had advanced the monitoring of biomass and carbon
flux inventories at global, regional and local scales [47]. The ability of airborne LiDAR observation
to penetrate the upper canopy layer produces highly accurate AGB estimates in multi-layered
tropical forests. The mapping accuracy increases further when the LiDAR data are combined with
high-spatial-resolution multispectral or hyperspectral images.

The prime focus of remote-sensing-based carbon stock assessment studies is largely related to the
AGB which accounts for 450–650 PgC globally [48]. Likewise, carbon sequestration studies emphasized
on the balance between net primary productivity (NPP), ~60 PgC per year globally [48], and losses,
~3.5 PgC per year [49], due to anthropogenic (e.g., deforestation, degradation, land cover land use
(LCLU) change) and natural influences (e.g., fire) on vegetation and vegetation processes [50]. Remote
sensing facilitates to quantify and understand the role of Earth’s biosphere in governing the flux rates of
atmospheric CO2 concentration by monitoring NPP and Net Ecosystem Production (NEP) [47]. Remote
sensing provides promising products (such as NPP, Gross Primary Production (GPP), Sun-Induced
Chlorophyll Fluorescence (SIF)) in process-based ecosystem models for spatio-temporal assimilation
and quantification of carbon fluxes on regional and global scales [47,51].

3. Mapping of Land Cover and Physiological or Structural Variables

The mapping and quantification of biomass and carbon sequestration are important in terms
of large-scale LCLU changes and policy development of national and regional REDD+ (Reducing
Emissions from Deforestation and Forest Degradation, and the role of conservation, sustainable
management of forests and enhancement of forest carbon stocks in developing countries) initiatives in
tropical forest ecosystems [50]. Therefore, the role of remote sensing is important for the accurate and
up-to-date measurement of land surface characteristics to estimate carbon stocks and fluxes of the forests,
despite the fact that remote sensing cannot provide direct measurements of biomass [23]. However,
it is a powerful tool to upscale field/plot-based inventories to the landscape/regional/continental-level
understanding [45]. It provides numerous valuable inputs, such as LCLU maps, Leaf Area Index
(LAI), phenology, stand age, forest structure, and an estimate of the net and gross primary productivity,
to empirical and processed oriented models of forest biomass and carbon flux measurements,
productivity, structure and composition [18,45]. The above-mentioned attributes for forest biomass,
carbon flux measurements and ecosystem processes are extracted by applying various methods on
an array of remote sensing data recorded by instruments that differ by platform (spaceborne and
airborne), electromagnetic waveband (e.g., multispectral, hyperspectral), active (e.g., SAR and LiDAR)
and passive (spectrometer) systems, resolution (spatial, temporal and spectral) and area coverage
(global or regional) (Figure 2) [47,52].
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Figure 2. Remote sensing approaches for mapping biomass by extracting various parameters
indicating productivity, composition and structure of forest from passive or optical (multispectral
and hyperspectral) and active (Light Detection and Ranging (LiDAR) and Synthetic Aperture Radar
(SAR)) sensors.

3.1. Land Cover Products

Land Cover (LC) map is one of the primary inputs for implementing carbon stock assessment
models across a wide range of spatial coverage [53,54]. Figure 3 shows the distribution of forests
across the tropics derived from the recently released global LC product by the European Space
Agency (ESA) under the Copernicus Global Land Service (CGLS) [55]. Changes in LC dynamically
interact with the regional and global carbon cycle and influence AGB [56]. The changes in physiology,
functional attributes and allometry of different vegetation types varies across space and have a different
environmental response. The LC maps help to extrapolate plot-level measurements to landscape-level
estimates of a generalized carbon budget. The primary limitation of the LC map-based estimation of
the biomass is the generalizability issue associated with the spatial resolution, i.e., mixing of different
vegetation forms, as well as at major classes of the vegetation type, e.g., forest, which may vary in
structural and productivity characteristics across the landscape and grain unit.
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Global-scale LC classification started with the advent of daily Advanced Very High Resolution
Radiometer (AVHRR) datasets (4-km spatial resolution) in the early 1980s [57], which were later
enhanced by using phenological and seasonal attributes derived from bi-monthly vegetation indices
from the reprocessed AVHRR data at an 8-km spatial resolution in the framework of the Global
Inventory Monitoring and Modeling System (GIMMS) project [58]. A Moderate-Resolution Imaging
Spectroradiometer (MODIS)-based global forest condition map is produced by the Atlas of Forest
Landscape Restoration Opportunities by Global Restoration Initiative jointly produced by collaboration
among the World Resource Institute (WRI), University of Maryland (UMD) and International Union for
Conservation of Nature (IUCN) [59]. The atlas aimed at providing the spatial extent of current forest
coverage and forest degradation restoration opportunities at a 1-km spatial resolution. These maps
are derived from 250 m global mosaics of MODIS for 2000 to 2009 and MODIS vegetation continuous
field (VCF) [60]. However, the maps may not be good for local scenarios due to averaging at a
1-km spatial unit. Detailed mapping of forest AGB estimation has been accelerated since 2008 after
the implementation of open access policy of the Landsat images [61]. Several studies have been
conducted to map land cover attributes on the local, regional and global scales. An online portal,
Global Forest Watch (GFW), provides [62] quantitative estimates of the global forest and land cover
coverage and change statistics by using various mapping products, such as tropical forest cover change
alerts [63] and global tree cover changes, with different spatial resolutions ranging from 30 to 500 m,
temporal coverages between 2001 and 2019 and update frequencies (daily, weekly, monthly, annual,
12 and 18 years) [63–68]. Figure 3 represents the spatial distribution of tropical forests extracted
from the Copernicus Global Land Service–Land Cover 100 (CGLS-LC100) produced at a 10 m spatial
resolution by the ESA under the Climate Change Initiative (CCI) [69,70]. Recently, a global habitat
map of terrestrial ecosystems, based on the IUCN habitat classification scheme, has been developed by
integrating satellite-derived LCLU maps (CGLS-LC100) with climate, topography and other ancillary
datasets [71]. Details of other studies and datasets of forest cover extent, losses, and gains at the
pan-tropical or global level are given in Tables 1 and 2.

Global Land Analysis and Discovery (GLAD) is a robust humid tropical rainforest alert system
developed by using Landsat data [63]. The data are produced with high accuracy, but limitation
arises due to continuous cloud cover over the tropical regions and lack of ground validation data.
Inaccuracies induced by the presence of cloud cover over the region can be reduced by incorporating
SAR data [72]. Moreover, the accuracy of the alert system can be increased by using spectral unmixing
methods [73]. Similar limitation of cloud cover presence was found in a Terra-i real-time monitoring
system by the International Center for Tropical Agriculture (CIAT) [66] and CGLS-LC100 by the
ESA [69,70], which reduces the accuracy of the products in tropical regions. The CGLS-LC100 is a
recently released product and has not been used in estimating tropical AGB, though it has strong
potential for pan-tropical forest cover change and biomass models due to its higher temporal frequency.
The MODIS based Atlas of Forest Landscape and Restoration Opportunities [59] product estimated
that more than two billion hectares of land globally have a potential for monitoring restoration of
forests mostly in temperate and tropical landscapes. Use of this product requires cautions as the
product is produced at a coarse spatial resolution (1 km), lower in accuracy, lacks data for field
validation and land-use dynamics. This global map provides no information for policymaker regarding
restoration intervention efforts that are needed for regional- or local-scale restoration projects [74].
Forest Monitoring for Action (FORMA) [64], a monthly product, has the limitation of coarse resolution
500 m but the main advantage of this product lies in its geographic focus over the humid tropics.
FORMA250 [65], an updated version of the FORMA, improves the previous model by providing daily
updates at a 250 m spatial resolution and extended geographic coverage across the tropics. The FORMA
products are ingested in the Google Earth Engine (GEE), making them more resourceful for cloud
bases biomass mapping studies. The Global Mangrove Watch (GMW) [75] integrates the Phased
Array type L-band Synthetic Aperture Radar (PALSAR) and Landsat data to understand mangroves
cover dynamics with a minimum mapping unit (MMU) of 1 ha. The 1 ha MMU induces uncertainties
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while assessing smaller vegetated areas as well as a disturbance occurring on a finer scale. The 34◦

off-nadir angle of PALSAR is too high for the detection of sparsely forested areas, which results in an
underestimation of the total areas covered with forests [76]. Mapping accuracies in most of the studies
involving Landsat data are affected by cloud cover and Scan Line Corrector (SLC) error of the Enhanced
Thematic Mapper Plus (ETM+) sensor onboard Landsat-7. Statistical errors in different methodologies
adopted by different forest mapping techniques can increase the discrepancies in land cover global
products hence caution should be taken while using these datasets for local or regional policies.

Apart from land cover mapping products, the focus of global ecological assessment from remote
sensing has shifted towards estimating functional traits such as Fraction of Vegetation Cover (FVC)
and Tree Density [67,77], LAI, and Fractionally Absorbed Prosthetically Active Radiation (FAPAR) [78].
On a finer scale of plant functional traits such as chlorophyll concentration, carbon-nitrogen ratio,
and SIF, estimation is commonly carried through high spectra resolution and hyperspectral remote
sensing techniques. However, it remains challenging to transform these leaf-level processes to canopy
and landscape-level processes which could be strongly influenced by canopy structure, branches,
trunks, leaf area and canopy shadows [79–81].
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Resolution 

Year Attributes Reference 

Global Land Analysis and 
Discovery (GLAD)  

Humid 
Tropics 

Landsat  30 m 
2012–
present  

Tropical 
Deforestation 

[63] 

World Resources Institute 
(WRI)/FORMA 

Humid 
Tropics 

MODIS 500 m  
2006–
2015 
Monthly 

Tree Cover 
Loss 

[64] 

WRI/FORMA250 
Pan-
Tropics 

MODIS 250 m 
2012–
present 
Daily 

Forest Loss [65] 

CIAT/Terra-i  
Pan-
Tropics 

MODIS/TRMM 250 m 
2012–
present 
Monthly 

Deforestation 
Hotspots 

[66] 

GLAD 
/NASA/UMD/USGS/Google 

Global Landsat 30 m 
2001–
2018  
Yearly 

Tree Cover, 
Gain and Loss 

[67] 

Global Land Analysis and 
Discovery (GLAD) 
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Figure 3. Forest cover map derived from the Copernicus Global Land Service–Land Cover 100
(CGLS-LC100) [55].

Table 1. Global and/or pan-tropical land cover products of general structural characteristics
of vegetation.

Program/Data
Provider/ Product
Name

Coverage Satellite/
Sensor

Spatial
Resolution Year Attributes Reference

Global Land Analysis
and Discovery (GLAD)

Humid
Tropics Landsat 30 m 2012–present Tropical

Deforestation [63]

World Resources
Institute (WRI)/FORMA

Humid
Tropics MODIS 500 m 2006–2015 Monthly Tree Cover Loss [64]

WRI/FORMA250 Pan-Tropics MODIS 250 m 2012–present Daily Forest Loss [65]

CIAT/Terra-i Pan-Tropics MODIS/ TRMM 250 m 2012–present
Monthly

Deforestation
Hotspots [66]

GLAD /NASA/UMD/
USGS/Google Global Landsat 30 m 2001–2018

Yearly
Tree Cover, Gain
and Loss [67]

Global Land Analysis
and Discovery (GLAD) Pan-Tropics Landsat 30 m 2001 Tropical Primary

Forest [68]

Greenpeace, GLCF,
UMD, WRI Global Landsat 30 m 2000, 2013, and 2016 Intact Forest

Landscapes (IFL) [82,83]

CGLS – Land Cover 100
(CGLS-LC100)/ESA Global PROBA-V

Sentinel 100 m 2015–present Land Cover
Characteristics [69,70]

GlobeLand30/ NASG Global Landsat 30 m 2000–2010 Land Cover Map
and Changes [84]

JAXA Global ALOS-PALSAR 25 m 2007–2015 Forest Maps [76]
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3.2. Physiological Variables

Specific modelling of structural and physiological changes in vegetation also serves as an important
input parameter for biomass models, which can be substituted by adding leaf structure variables
measured from remote sensing datasets and associated environmental and climate variables. Therefore,
to avoid discrete LCLU classes, scientists have made efforts in developing alternative physiological
variables, such as vegetation continuous field [85], life form [86], leaf type [59], phenology [51,87],
and leaf longevity [78]. For example, a global product of MODIS-based VCF is produced at a 250 m
resolution using an automated algorithm [88]. This product provides a percentage of tree cover,
ranging from 0 to 100%, in a pixel and it is available at National Aeronautics and Space Administration
(NASA)’s Land Processes Distributed Active Archive Center (LPDAAC). Sexton et al. [89] rescaled the
MODIS 250 m VCF product by using Landsat and LiDAR-based data to produce a high-resolution
global VCF at a 30 m resolution. VCF tree cover products have been widely used for biomass
mapping across the tropics and globe [90–93]. For example, VCF is used to develop the baseline map
of carbon emission from deforestation and degradation in the tropical area at a spatial resolution
of 18.5 km [92]. The study found 0.81 PgC emissions from 2000 to 2005 due to forest cover loss
across the tropics. Another study estimated mean annual changes in carbon stock due to tropical
deforestation and regeneration during the 1980s and 1990s [93], using VCF derived from National
Oceanic and Atmospheric Administration (NOAA)-AVHRR data. This study reported a 10% increase
in carbon emissions due to tropical forest clearing. Recently, a high-resolution map quantifying gains
and losses in global tree cover was produced using vegetation tree cover percentage determined
from Landsat imagery [67]. Global Land Cover (GLC)’s land monitoring services provide global
land cover and vegetation physiological products (LAI, FCover, and FAPAR) derived from Project
for On-Board Autonomy-Vegetation (PROBA-V) (2014 to present at 100 m and 300-m resolutions)
and Satellite Pour l’Observation de la Terre (SPOT) vegetation (1991 to preset at a 1-km resolution)
image time series [78]. The GLC is an initiative developed under the ESA’s Copernicus program
(https://land.copernicus.eu/global/), and the products have recently been integrated with Sentinel 1
and 2 time series for continuity [69,70,78].

3.2.1. Leaf Area Structure

Density, structure and distribution of leaves in a canopy are vital components for understanding,
modelling and upscaling of ecological structure and carbon dynamics of the forest ecosystems [94,95].
LAI refers to “the total one-sided area of leaf tissue per unit ground surface area” [96]. The leaf area
structure of canopies influences the NPP and evapotranspiration, and, hence, it is imperative for
carbon biomass and flux monitoring models that are sensitive to canopy depth [97,98]. Conventional
optical (passive) remote sensing provides LAI and amount of leafy biomass as a proxy parameter to
canopy leaf function and leaf quality for ecological processes modelling [99]. It is a physiological index
derived from spectral properties related to photosynthesis [9]. Optical measurements of LAI are carried
through various sources, ranging from in situ hemispherical photographs to space-based multispectral
radiometers. However, LAI measurements suffer from potential uncertainties associated with sensor
saturation with high LAI levels (greater than an order of three to five) on dense canopies due to
reflectance, transmittance and absorption of the signal along the full canopy vertical column [100,101].

In addition to LAI, Leaf Area Density (LAD), volumetric distribution of leaf area and
three-dimensional canopy leaf structure, has emerged as a critical parameter, determined through
remote sensing data to understand canopy profile (horizontal and vertical structure of canopy leaves)
and canopy light environment for forest biomass estimation and carbon flux monitoring [102]. It is
important to note that passive remote-sensing-based LAI measurements do not effectively incorporate
vertically resolved leaf area profiles but rather suffer saturation errors. Nonetheless, active (Radar and
LiDAR-based remote sensing) as well as the integration of active and passive methods perform better
by incorporating the 3-D canopy structure and do not saturate over dense canopies [100,103]. In tropical
forests, active remote-sensing-based estimation of LAI and/or LAD are significantly important due to

https://land.copernicus.eu/global/
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saturation and the cloud cover problem in passive remote sensing applications. Almeida et al. [104]
determined the optimal values of laser point cloud pulse density (>15 pulses m−2) and grain size (<10 m)
for a stable estimation of LAD profile using Airborne Laser Scanning (ALS) data in a dense tropical
rainforest at the Ducke Forest Reserve, Brazil. Leaf area profiles derived from remote-sensing-based
LiDAR mapping has been used to simulate tree size, distribution and canopy structure in the Amazon
forests [103]. Shao et al. [9] assessed the canopy dynamics of leaf area structure in the Amazonian
forests and found that bias-corrected LAI and LAD derived from LiDAR data can detect canopy
structure at the ecologically significant scale of 0.25 ha. They concluded that it is difficult to estimate
LAI and LAD from the air or space-borne LiDAR scanning systems, due to landscape heterogeneity
and its sensitivity to sensor type, flight dimensions and time of data acquisition [9].

At the pan-tropical scale, vertical foliage profiles derived from the Geoscience Laser Altimeter
System (GLAS)/Ice, Cloud, and Land Elevation Satellite (ICESat) LiDAR data have been combined with
MODIS and Landsat datasets to produce high-resolution carbon density maps of tropical forests [105].
Zhu et al. [106] produced the third generation of 15-day global LAI, FAPAR and Normalized difference
vegetation index (NDVI) products, by applying Neural Network algorithms on GIMMS and MODIS
LAI at a 0.083-degree spatial resolution since 1981 to December 2015. Tang et al. [107] produced global
LAI and VFP (Vertical Foliage Profile) from GLAS/ICESat LiDAR data integrated with pre-processed
MODIS LAI and another GLAS-based estimate using the Geometric Optical-Radiative Transfer (GORT)
model. Recently, reliable LAI and LAI profiles measurements have been produced from space-borne
LiDAR data by the Global Ecosystem Dynamics Investigation (GEDI) at a higher resolution of 25 m [108].

3.2.2. Canopy Height

Canopy height or tree height is a critical parameter for quantification and modelling AGB as
the biomass increases with increasing size of the tree [109,110]. Continuous measurement of the two
world’s tallest tree species Sequoia sempervirens and Eucalyptus regnans showed that the AGB significantly
correlates with age and height of the tree [111]. However, the dense structure of tropical forests impedes
conventional ground-based measurements (telescoping height measuring pole, tangent methods,
laser range finder, etc.) of canopy structure and the accuracy of the measurements is significantly
influenced by the method being used and/or expertise of the surveyors [112]. The rapid development
of remote-sensing-based technologies can overcome these difficulties by providing accurate and
repeatable estimates of the canopy models in dense tropical forests. For instance, ALS can provide
a three-dimensional model of the multi-layered forest structure as the laser can penetrate the upper
canopy layers. A study in the tropical forest of Africa achieved an accuracy of 0.64 while estimating
AGB from the canopy height metrics derived from airborne LiDAR [113]. However, the mapping
accuracy was improved to 0.70 when the LiDAR-derived canopy height metrics were combined with
hyperspectral data to estimate the AGB. The scarcity of the LiDAR data due to the cost and logistic
arrangement is one of the major limitations for contagious mapping of AGB estimates. However,
efforts have been made to integrate LiDAR derived canopy height with high-resolution optical images
(‘Planet Dove’satellite imagery at a 4 m spatial resolution) for country-level estimates of AGB in Peru.
The study achieved the correlation of 0.70 with an RMSE (root-mean-square error) of 25.38 MgC per
ha [114]. Similarly, another study derived AGB estimates by calculating mean tree canopy height using
airborne LiDAR observation at a 1 ha spatial resolution and then extrapolated the results by integrating
it with spatially contiguous environmental variables [34]. The accuracy of AGB estimates from ALS
data is influenced by the spatial resolution (inversely proportional to the square root of plot area) and
10% error could be expected while producing LiDAR-based AGB maps at a 1 ha spatial resolution [115].
Furthermore, airborne LiDAR data have been demonstrated to increase the accuracy by ~40% of AGB
estimates from freely available medium-resolution remote sensing images [116]. Spaceborne LiDAR
altimetry observation from GLAS onboard ICESat-1 [32,105], Advanced Topographic Altimeter System
(ATLAS) onboard ICESat-2 [117–119] and the GEDI onboard International Space Station (ISS) [108]
are extensively being used for developing forest canopy and height parameters which are essential
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for AGB estimation models [23]. Recently, a forest canopy height map of 2019 at a 30 m spatial
resolution is released by the UMD GLAD [120,121]. The global forest canopy height map is derived
from combined analysis of LiDAR observation acquired by the GEDI and time series of the Landsat.
However, this forest canopy height map can underestimate forest canopy heights above 30 m and
direct use of this product may require further investigation.

3.2.3. Forest Age Class

Apart from vegetation structural classes (e.g., Forest, Shrub, and Grass), successional age groups
of forests are important for the estimation of changes in NPP, NEP, biomass as well as carbon flux,
especially in recovering tropical secondary forests [61]. These maps could be prepared through
sequential analysis of high-resolution aerial photographs or satellite images [12,122,123] and/or spectral
profiles of different age groups of the forests [124], and spectral recovery indicators from time series of
medium-resolution multispectral images. Earlier, multispectral analysis of multitemporal Landsat
images is used to estimate the age of the recovering topical forests in Amazon [125]. Another
Landsat-based study estimated the age of the regenerating tropical forest in the Tapajos National
Forest of Brazil by performing multitemporal analysis [126]. Both the studies [125,126] documented
the utility of NDVI in determining the age classes of secondary forests. A recent study documented
a significant difference in fluorescence emissions (which is a proxy variable for plant biomass or
carbon flux measurement) among different age groups of Hong Kong’s recovering tropical forests [127].
They observed higher productivity up to the age of 61 years old and then a decline in productivity
in the old-growth forests. This accords with fairly recent pronouncements by scientists that older
forests are not as efficient as younger rapidly growing forests as carbon sinks. Espírito-Santo et al. [128]
presented a multitemporal semi-automatic classification approach to map successional stages of the
recovering tropical forest in Brazilian Amazonia using Landsat images. Another study in the Brazilian
Amazon presented an integrated analysis of multispectral Landsat and ALOS PALSAR images to
determine the age of secondary forests [129]. Recently, annual forest age maps of a 33-year (1985–2018)
secondary forest succession in Brazil have been produced by using the time series of LCLU maps
(MapBiomas Project Collection 4.1) derived from Landsat satellite images [71]. Apart from satellite
remote sensing time-series studies, multitemporal photogrammetric analysis of aerial photographs has
shown strong potential to determine the structural changes and age of tropical forests [130].

Recent studies are indicating changes in vegetation productivity along successional gradients
from new young forest to old-growth primary forests. For example, Zhou et al. [131] quantified a
relationship between forest age and carbon sink and found that carbon sequestration capacity gradually
increases and peaks after 22 years, then start declining. Another study found a temporal pattern of
the rapid increase in NPP in USA forests at the young ages, peak growth in the middle ages, and a
slow decline in the mature ages [132]. Ryan et al. [133] linked the declining patterns of forest growth
with a decline in photosynthesis and dry matter production once a canopy achieves a maximum leaf
area. Besides, it has been documented that the forest-age and height are both controlling factors of
photosynthesis in Amazonian forests [134]. They also found that the younger and shorter forests are
three times more sensitive than the older forests to precipitation variability, due to lesser biomass and
lack of deeper roots to access deeper moisture soil. Thus, successional age classification map provided
by remote sensing can improve the ability of NPP and NEP simulation models, by simulating carbon
cycles processes along successional age gradients [135]. Consequently, the availability of long-term
records of low- and high-resolution satellite records of the past five decades, together with a cloud
computing platform, would enable the production of high-resolution forest age maps that would play
a significant role in future studies of the remote-sensing-based estimate of carbon stock assessment in
the tropical secondary forests.
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3.2.4. Phenology Cycle

Phenology of evergreen tropical forests is controlled by the emergence of new leaves, their maturity
and shedding of old leaves [136]. However, the magnitude and variations in photosynthesis seasonality
are less prominent compared to phenological cycles in other ecosystems [51]. The seasonality of the
tropical forest significantly influences the carbon stock and GPP [137]. In the old-growth Amazonia
tropical forests, Xu et al. [138] identified nine distinct phenological zones indicating GPP seasonal cycles,
by combining monthly MODIS LAI/EVI, AMSR-E vegetation optical depth (VOP), GRACE terrestrial
water storage (TWS), Clouds and the Earth’s Radiant Energy System (CERES) Photosynthetically active
radiation (PAR), and Tropical Rainfall Measurement Mission (TRMM) precipitation measurements.
Thus, knowing phenological characteristics, the timing of green-up and senescing, and changes in leaf
area and density over the growing season are critical while assimilating and interpolating carbon stock
measurements in tropical forests [47,139]. Many satellite-based phenology products, such as from
AVHHR, MODIS, SPOT vegetation, Medium-Resolution Imaging Spectrometer (MERIS), with varying
spatial resolutions (8 to 100 m), have been developed by the scientists which are now an imperative
part of the carbon cycle and stock measurements in the tropics and elsewhere in the world [37,51,87].
Recently, continental-scale Land Surface Phenology (LSP) has been produced by combining time series
of images Landsat 8 (30 m) and Sentinel-2 (10 m), which can capture finer details of variation in
phenology and AGB across various biomes [140].

4. Changes in Tropical Forest Cover

Estimating carbon losses and gains from deforestation and degradation, and regenerating
secondary forests in the tropics, plays a critical role in contemporary carbon budget monitoring [141].
However, it is highly uncertain to obtain spatially explicit and consistent information on carbon
exchange, due to dynamic forest cover and land-use changes in tropical ecosystems. Nonetheless,
various studies have attempted to quantify tropical forest cover changes and associated carbon fluxes
using remote sensing observations at various spatial and temporal scales. For instance, Figure 4
represents a Landsat-based assessment of status and distribution of tropical woodlands and forests
indicates the distribution of intact (a minimum mosaic of forest and naturally treeless ecosystems of
500 km2 with no sign of human activity), fragmented/managed, deforested and degraded tropical
woodlands and forests [142]. The study reported that the loss of intact tropical landscape is increased
by three times during 2011–2013 than during 2001–2003 [83,142,143]. In 2002, DeFries et al. [93]
quantified tropical forest cover changes from 1982 to 2000 using coarse resolution (8km) daily satellite
images of NOAA’s AVHRR. They estimated yearly sub-pixel level Percent Tree Cover (PTC) from
the satellite time series, and used median values of the PTC to derive forest cover changes in three
intervals, 1982–87, 1988–92 and 1993–99. Later, they integrated the PTC with “bookkeeping terrestrial
carbon mode [144]” to estimate pixel-level carbon flux dynamics in the tropical forests. They found the
net annual rate of tropical deforestation has increased by ~10% (accelerated deforestation) from 5.04
million ha yr−1 in the 1980s to 5.563 million ha yr−1 in 1990s, which resulted in a net annual carbon
flux loss of 0.6 Pg (600 Mt) and 0.9 Pg (900 Mt). Notably, these estimates of the rate of deforestation are
lesser by 35.3% and 62.6% from the estimates of 13.463 million ha yr−1 and 8.6 million ha yr−1 by the
FRA reports for the 1980s and 1990s.

Similarly, a Landsat-based assessment, at the spatial resolution of 30 m, of tropical forest cover
changes, indicated tropical deforestation at an annual rate of 0.49% with a gross loss of 8.0 million
ha yr−1 from 1990 to 2000 and 7.6 million ha yr−1 from 2001 to 2010 [145]. This work was carried
through a systematic sampling approach and statistical extrapolation of the results. Notably, 54% of the
forest loss during the 2000s occurred in humid tropics which occupies 64% of the tropical forests [145].
Besides, overlay analysis of these change maps with pan-tropical biomass maps (Figure 5) resulted in a
net loss of 883.5 MtC [0.88 PgC] per year from 1990 to 2010 [145]. On the other hand, the emergence
of the secondary tropical forests on abandoned agricultural land has removed 106 MtC (0.11 PgC)
annually [145].
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and forests in 2011 [142].

Furthermore, based on 5444 Landsat images acquired during 1990, 2000, 2005, and 2010, Kim et
al. [15] observed a 62% acceleration in deforestation rates in the humid tropic from the 1990s to 2000s.
Conversely, there is a more general agreement emphasizing the decreasing trend in deforestation in
the humid tropics during the 1990s to 2010s [6,145]. Achard et al. (2014) also used the Landsat images
for 1990, 2000 and 2010 to estimate tropical forest cover change. They used an image segmentation
approach with an MMU of 5 ha and reported a reduction in deforestation in tropical forests from 8.0
million ha in the 1990s to 7.6 million ha in the 2000s. According to FAO’s FRA 2020 [146], the rate of
net global forest loss has reduced gradually from 7.8 million ha during the 1990s to 4.7 million during
2010s. The largest proportion (90%) of global deforestation was in tropical countries. Interestingly,
the rate of deforestation has gradually decreased from 13.8 million ha in the 1990s to 13.2 million ha
in the 2000s. During the last decade (2010–2020), a significant reduction is reported, and the average
rate of deforestation drops to 10.3 million ha during 2010–2015 and 9.3 million ha during 2015-2020.
This reduction of net forest loss results from a decrease in deforestation as well as an increase in
recovering secondary forests, expansion of existing forest and plantations [6]. In another study, a global
forest cover change assessment from 2000 to 2012 was performed, using Google Earth Engine’s cloud
computing platform and Landsat satellite images [67]. They reported ~7.1 million ha deforestation
every year in the tropical forests. These forest cover change, losses and gain maps are now updated
yearly by the GLAD and hosted on the online portal of GFW. Most of these studies used satellite images
for forest cover assessment, and the primary differences in estimates lie in the assessment approach,
viz. inherent classification errors [147], sampling-based approach [145], sample size and distribution of
samples, spatially contiguous or wall-to-wall assessment [15,63,67], systematic or stratified sampling
methods, MMU as well as definitions of ‘forest’, ‘deforestation’ and ‘degradation’. Differences in remote
sensing methodologies, assessment period and forest definition impede comparative assessment of
change statistics among different studies [148].

For example, Achard et al. [145] and Kim et al. [15] defined the forest as a patch of land with greater
than one ha in area and comprising pixels with greater than 30% tree cover, while Hansen et al. [67]
and FAO’s FRA [149] considered 25% and 10% of tree cover in a greater than one ha patch to classify it
as forest. It is important to note that the automatic mapping and forest definition can classify young
(re-growing) vegetation as well as oil palm and rubber plantations as forests. For example, in the study
by Kim et al. [15], overestimation of the forest cover extent for the year 2000 leads to an underestimation
of deforestation during the 1990s and an overestimation of forest cover loss during 2000s. Moreover,
the unavailability of high temporal frequency Landsat images during the 1990s coerces to use longer
time steps as compared to shorter time steps in the 2000s. The use of different time steps can lead to
serious errors when estimating the rate of deforestation in different decades. For instance, Kim et
al. [15] used two different time steps for the 1990s (1 × 10 year) and 2000s (2 × 5 yeas) which can lead
to picking up more changes during 2000s in dynamic tropical landscapes such as shifting cultivation
areas and tree plantations. However, FAO’s FRA 2020 also used different time steps to estimate forest
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loss in the 1990s (1 × 10 year), 2000s (1 × 10 year), and 2010s (2 × 5 year) but reported a continuous
reduction in deforestation [6]. Subsequent regrowth of forests is difficult to identify, especially using
medium resolution (Landsat) images with a shorter assessment period (less than a decade), and it
requires significant input from ground field surveys to evaluate whether the changes are temporary or
permanent [150]. Similarly, as discussed in Section 3.1, a lack of cloud-free images during the 1980s and
1990s contributes to uncertainties in forest cover extents, which might contribute to the underestimation
of deforestation rates during the period, especially when using Landsat images in humid tropics.
Furthermore, it is difficult to avoid the analyst bias even during the interpretation of land cover
with the best available reference data. This bias can be minimized by involving several interpreters
and automatic methods [151]. In another study, Bos et al. [152] found significant user and producer
inaccuracy in tropical forest region of Global Forest Change (GFC) datasets. They showed that the
accuracy of forest cover loss from such products could be increased by incorporating high-resolution
imagery. Moreover, the availability of historical data and reliable baseline data is necessary for the
accurate estimation [153], which is missing in many under-developed countries.

However, the prevailing trend of data availability and algorithm, open data science, on cloud
computing platforms such as GEE can open new arenas to enhance the mapping accuracies by
incorporating knowledge of local- or national-level researchers and synchronizing results from different
studies. Moreover, the global forest change datasets, such datasets hosted on the GFW, can provide
reasonable results for national-level forest measuring, reporting and verification (MRV) requirements
after adjusting the percentage of tree cover according to localized standards. Nevertheless, independent
high precision ground reference information would be required to derived annual forest cover change
maps across regions with different levels of degradation, such as in pan-tropical studies [154].

5. Tropical Deforestation and Carbon Emissions

Tropical forests are great carbon sinks. Around 10% of the global carbon emissions are added
through the degradation and deforestation of tropical forests [114] and a net loss of 1.0 PgC stock per
year from 2000 to 2010 [105]. It is important to understand the changes in the AGB of tropical forests
for their significant role in climate change mitigation policies to increase net carbon sink under REDD+

initiatives. The Intergovernmental Panel on Climate Change (IPCC) has devised a default rate of
change in AGB in tropics, which is based on the outcome from several studies. This net rate of change
in AGB does not account for the age of forests considered given that, in tropical areas, the forest is
re-growing and much of the tropical forests can be classified as secondary forest. The authors of [155]
have updated the estimates of the rate of change in AGB in tropical countries using field inventory
data from 176 plots in secondary and 536 plots in primary tropical forests. However, these rates are
spatially constrained and do not imply across the tropics. Therefore, remote-sensing-based upscaled
and spatially continuous estimates of carbon density changes in tropical forests are required for
the monitoring and understanding of gains and losses in the AGB. Conventional remote sensing
approaches rely on forest cover change integrated with forest density. For example, Pan et al. [4] used
forestry inventory data and country-level remote-sensing-based ecosystem carbon studies, for 1999
to 2007, to estimate annual rates of net carbon emission (2.9 PgC) and sink (2.8 PgC) from tropical
forests. A similar rate of emission, 1.0Pg carbon stock per year from 2000 to 2010, is reported by
Baccini et al. [105] due to deforestation and degradation in tropical areas. In another study, the gross
rate of carbon emission from tropical areas is estimated to be 0.81 PgC during 2000 to 2005, using a
combination of field plot data and multi-sensor remote sensing images of MODIS, Landsat ETM+

and LiDAR [92]. In recent years, a combination of optical and airborne LiDAR datasets has emerged
as a common practice among scientists to estimate aboveground carbon stocks in tropical forests.
Many other significant studies applied remote sensing techniques to estimate pan-tropical carbon
losses and gains [145,156–158]. Recently, a pan-tropical quantification of the net change in carbon
density of tropical woody vegetation has been made [159]. Primarily, this study is based on field
inventory data, LiDAR measurements and pan-tropical MODIS images spanning over 12 years (from
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2003 to 2014). It is revealed that the tropical forests are a source of CO2 with an annual release rate of
0.425 PgC. Moreover, 30 m Landsat-based maps of tree cover percentage [67] were used to distinguish
carbon losses from forest cover loss and degradation/deforestation. Overall, carbon is sequestrated
at an annual rate of 0.436 Pg, while deforestation and degradation of tropical forests have released
0.861 Pg of carbon per year. In contrast to this, a few studies found that the tropical forest is a net sink of
carbon, absorbing carbon at a net annual rate of 1.4 PgC [7]. A recent study by Hubau et al. (2020) [160]
found asynchronous patterns of carbon sinks in the tropics. The African tropical forest and Amazonian
forest both showed an unparallel increase in carbon loses. Carbon sinks in intact African tropical
forests have been stable for the past three decades, until 2015, as compared to a continuous decline
in Amazonian forests’ carbon sink. This difference is largely due to the increasing tree mortality in
Amazon forests. Both continents showed an increase in tree growth. However, since 2010, an increase
in carbon losses in African forests has been observed, indicating saturation of the carbon sink potential
of intact old-growth tropical forests in Africa. An overall global carbon sink is increasing with a greater
increase in the Northern Hemisphere [160]. Generally, limited availability of field data, an approach
adapted for analysis, the difference in reference levels, a period of assessment, a definition for forest,
analysis scale and the exclusion of post-deforestation regrowing tropical forests can induce serious
uncertainties in carbon sinks and emission [4]. The segregation of causes of forest degradation or
deforestation is important to consider, while estimating net loss in carbon sinks because of, for example,
disturbances due to natural disasters (frost, typhoon, drought) has the potential to recover over time
as compared to transitions of forest cover to other land use types, although both disturbances can be
reverted but the time of recovery and sink potential can vary significantly [161].

6. Pan-Tropical AGB Mapping

The quantification and mapping of changes in spatial distribution and patterns of AGB, in tropics,
is a key parameter to estimate carbon uptake and emissions induced by the LCLU change and its
impacts on global climate changes [105]. Apart from site-specific or localized AGB estimates using
a variety of modelling approaches, efforts have been made to develop pan-tropical or global AGB
estimates (Tables 2 and 3) by integrating ground inventories and remote-sensing-based forest products
(described in sections above). The first pan-tropical map of live biomass was produced at a 1-km spatial
resolution in 2011, by combining extensive filed inventory data from 4079 plots and a variety of remote
sensing methods acquired by optical, microwave and LiDAR sensors [156]. The total woody biomass
of the tropical vegetation was estimated to store 247 PgC, with 78% contribution of carbon stock from
AGB, and the remaining 22% of the carbon stock was attributed to below the canopy biomass of roots.
Later, in 2012, another pan-tropical AGB map was produced at a 500 m resolution using a multiscale
multi-sensor mapping and calibration approach by combining field inventories, GLAS LiDAR data
at 70 m resolution and MODIS multispectral surface reflectance images at a 500 m resolution [105].
Moreover, a carbon density map (MgC ha−1) was produced for the improved estimation of carbon
emissions from tropical deforestation and degradation [105]. The study showed that 228.7 PgC is
stored in the tropical woody vegetation, which was 21% higher than the FAO’s estimates in the
FRA report of 2010, with a net carbon emission of 1.0 PgC yr−1 from tropical deforestation during
2000–2010 [105]. Measuring and mapping carbon stock and fluxes in tropical areas is challenging,
due to uncertainties in canopy structure and height parameters and the advection effect induced by
small topographic variations. Therefore, it is difficult to extrapolate plot-level AGB estimations to
pan-tropical areas. Considering the challenges in the pan-tropical biomass estimation and limitation of
the two previous studies [105,156,162], an updated pan-tropical AGB map (Figure 5) was produced by
integrating the existing two pan-tropical biomass maps, along with the harmonization and upscaling
of field inventories, and additional reference, consolidation, local AGB estimates, and other covariate
datasets [163]. The updated map, estimated AGB carbon stock of 375 Pg dry mass in the tropics,
which is 9% and 18% lower than the previous dry mass estimates of 413 Pg [156] and 457 Pg [105].
Santoro and Cartus [164] has produced recent estimates of the global forest AGB at a 100 m spatial
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resolution as part of ESA’s CCI. The algorithm is primarily based on the two SAR products acquired
in 2017—a global mosaic from PLARSAR-2 (onboard ALOS-2) operated by JAXA and another set
of SAR data acquired by Sentinel-1 operated by ESA—as well as the LiDAR data from the ICESat.
Recently, a new approach is developed to harmonized measures of aboveground vegetation biomass
and belowground biomass across the globe at a spatial resolution of 300 m for the year 2010 [165].

Mitchard et al. [166] assessed pan-tropical biomass maps produced at 500 and 1000 m spatial
resolutions, and they found substantial uncertainties when compared with the FRA country-level
data and with the 100 m biomass map. They found that both pan-tropical maps have higher biomass
estimation when compared with a high-resolution map. Large uncertainties are related to the spatial
distribution of biomass and spatial pattern of forest landcover change. Similarly, uncertainties and
inaccuracies in measuring AGB and carbon emission by different countries were reported by “forest
reference emission levels and forest reference levels” FREL/FRL 2020 [167]. Between 2014 and 2016,
five out of seven countries who submitted national-level carbon stock have aggregative uncertainties.
Primarily, the ambiguities arose due to the exclusion of post deforestation carbon content in the
estimation reports. Recent studies submitted to FREL/FRL made sure that carbon content must be
included in the post deforested land in their carbon emission estimations [167]. Uncertainty analysis is
important in assessing the estimations of carbon emissions by deforestations studies. Three steps are
important in uncertainty analysis, including the identification of the estimation uncertainty source
and quantifying the sources of uncertainty and aggregation of all uncertainty to conclude the final
uncertainty value. IPCC guidelines Tier 1 document the uncertainty analysis and different organizations
and countries apply this methodology. The Monte Carlo simulation approach is recommended for
carbon estimation studies [168].

IPCC Tier 1 maps are still the primary source of AGB estimation maps which are based on “stratify
and multiply” mapping technique and represent the year 2000 and provide a detailed wall-to-wall
product but advancement in recent technologies such as high-resolution maps and detailed field
surveys showed that this method of estimation of AGB increases the error and uncertainties. Spawn et
al. [165] developed a methodology using 300 m spatial resolution datasets for the AGB map of 2010
but were advised not to use it in comparison with the IPCC Tier 1 AGB map because of a significant
difference in methodologies and that it should only be used for global studies.

Table 2. Remote-sensing-based datasets of Pan-tropical biomass mapping (arranged by the year
of publication).

Study Year Data Used Attribute

Spawn et al.,
2020 [165] 2010 Harmonization of existing

biomass products
Above and below-ground biomass carbon
density at 300 m

Santoro and
Cartus, 2019 [164] 2017 PALSAR-2

Sentinel-1
Global AGB biomass of 2017 at
100 m resolution

Avitabile et al.,
2016 [163] 2010 Updated from Saatchi [156] and

Baccini [105] Improved pan-tropical biomass at 1 km

Santoro et al.,
2015 [169] 2010 Envisat ASAR Topical forest AGB at 1.1 km

Baccini et al.,
2011 [105] 2010 GLAS LiDAR, MODIS, SRTM Pan-tropical AGB at 0.5 km, and change

assessment 2000-2010

Saatchi et al.,
2010 [156] 2001 GLAS LiDAR, MODIS,

QSCAT, SRTM Pan-tropical total biomass carbon at 1 km
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Table 3. Remote-sensing-based assessment changes in pan-tropical biomass (TgC year−1) (arranged by
the year of publication).

Study Period Data Used Gross
Loss

Gross
Gain

Net
Change Remarks

Pan et al.,
2011 [4]

1990–1999 Multiple remote sensing
products

3030 2900 130 Gross deforestation emissions.
Include soil respirations or
carbon

2000–2007 2820 2740 80
1990–2007 2940 2830 90

Baccini et al.,
2012 [105] 2000–2010 MODIS, GLAS LiDAR,

SRTM DEM 810 480 330 –

Harris et al.,
2012 [92] 2000–2005 MODIS, Landsat,

LiDAR 810 – –
Forest cover change does not
include losses due to degradation
and deforestation

Achard et al.,
2014 [145]

1990–1999
2000–2010 Landsat 887

880
115
97

772
783

Gain is calculated from
regenerated forest

Tyukavina et
al., 2015 [157] 2002–2012 Landsat,

LiDAR 1022 – –
Forest cover change does not
include losses due to degradation
and deforestation

Baccini et al.,
2017 [159] 2003–2014 MODIS, LiDAR,

Landsat 861.7 436.5 425.2 –

Remote Sens. 2020, 12, x FOR PEER REVIEW 17 of 37 

Baccini et al., 
2012 [105] 

2000–2010 
MODIS, GLAS 
LiDAR, SRTM 
DEM  

810 480 330 -- 

Harris et al., 
2012 [92] 

2000–2005 
MODIS, 
Landsat, LiDAR 

810 -- -- 
Forest cover change does not 
include losses due to degradation 
and deforestation  

Achard et al., 
2014 [145] 

1990–1999 
2000–2010 

Landsat  
887 
880 

115 
97 

772 
783 

Gain is calculated from 
regenerated forest  

Tyukavina et 
al., 2015 [157] 

2002–2012 
Landsat,  
LiDAR 

1022 -- -- 
Forest cover change does not 
include losses due to degradation 
and deforestation 

Baccini et al., 
2017 [159] 

2003–2014 
MODIS, LiDAR, 
Landsat  

861.7 436.5 425.2 -- 

 

Figure 5. Spatial distribution of total pan-tropical biomass [163], tropical forest AGB for 2010 [169] 
(Another dataset for 2017 is recently released by the ESA [164]), and net emissions of CO2 from tropical 
areas for 2000–2015 [170]. 

6.1. Country-wide High-Resolution Tropical Biomass Mapping 

Apart from low-resolution pan-tropical estimates of tropical biomass, numerous studies have 
been conducted to estimate biomass on national or limited geographic scales by using the high-
resolution passive or active remote sensing data. Free availability of medium-to-high-resolution 
images (such as Landsat and Sentinel-2 imagery at 30 m and 10 m spatial resolutions), rapid progress 
in cost-effective airborne systems and high-performance computing systems have enabled the 
possibility of mapping the tropical carbon stock monitoring at a higher resolution. Recently, Forkuor 
et al. [171] mapped AGB in West African tropical dry forests by applying a Random Forest machine 

Figure 5. Spatial distribution of total pan-tropical biomass [163], tropical forest AGB for 2010 [169]
(Another dataset for 2017 is recently released by the ESA [164]), and net emissions of CO2 from tropical
areas for 2000–2015 [170].



Remote Sens. 2020, 12, 3351 18 of 38

6.1. Country-wide High-Resolution Tropical Biomass Mapping

Apart from low-resolution pan-tropical estimates of tropical biomass, numerous studies have been
conducted to estimate biomass on national or limited geographic scales by using the high-resolution
passive or active remote sensing data. Free availability of medium-to-high-resolution images (such as
Landsat and Sentinel-2 imagery at 30 m and 10 m spatial resolutions), rapid progress in cost-effective
airborne systems and high-performance computing systems have enabled the possibility of mapping
the tropical carbon stock monitoring at a higher resolution. Recently, Forkuor et al. [171] mapped
AGB in West African tropical dry forests by applying a Random Forest machine learning algorithm
on integrated SAR images of Sentinel-1 and multispectral images of Sentinel-2. They found that
multispectral images produced better results than the SAR images. However, the best results were
achieved by combining the two. A random forest regression model was effectively used to estimate
the high-resolution AGB map of Peru by combing the textural and reflectance features derived from
high-resolution ‘Planet Dove’ satellite images (4 m spatial resolution), and canopy height information
from LiDAR datasets [114]. Earlier, Asner [33] presented an integrated approach of combining
airborne LiDAR data with the Landsat-based forest attributes (such as canopy cover, deforestation and
degradation), which were obtained through the Carnegie Landsat Analysis System (CLAS) developed
for the Brazilian tropical forest monitoring and assessment using a variety of satellite imagery [35].
This analysis is based on the allometric equations derived from extensive in situ measurements of
tree diameters, height and wood density [38,172]. Gascón et al. [173] explored the potential of Rapid
Eye imager (5 m spatial resolution) for national-level carbon stock assessment of Tanzania by first
segmenting the image into image object of 1 ha, and then applying a random forest regression between
the image objects feature (textural, spectral indices and reflectance) and field-based estimates of
AGB. In another study, an object-based method was developed by integrating very-high-resolution
Quickbird-2 imagery with LiDAR data to estimate AGB in the tropical forest of Cambodia [174].
In Central Africa, very-high-resolution images acquired by the GeoEye-1 and Quickbird-2 satellites
were used to produce the high-resolution biomass map (100 m), by developing the piecewise regression
model from the 26 inventory plots and canopy texture metrics—Fourier Textural Ordination—derived
from the optical satellite images [175]. Singh et al. [176] developed a framework of modelling the AGB
of the tropical forest in Southeast Asia, by applying Random Forest and a Support Vector Machine
(SVM) on textural indices—Grey Level Co-Occurrence Matrix, Fourier-Based Textural Ordination
(FOTO) and Gabor Wavelet-Based Texture Measures—derived from Google Earth images at a 50 cm
resolution, and very-high-resolution multispectral aerial images at an 8 cm resolution. Similarly,
a combination of FOTO and Lacunarity textural feature and bioclimatic proxy variables was used to
develop a generalized prediction model of AGB. This study was based on 279 samples of 1 ha plots
distributed in three continents (India, Africa and French Guiana). The model was tested using the
textural features derived from high-resolution (0.7 to 1 m) Pleiades images and another set of validation
data comprising 49 plots of 1 ha in Eastern Cameroon [177]. Texture-based modelling of the spatial
gradient in tropical AGB has gained popularity among scientists over the past 10 years, and these
studies have opened new possibilities of using high-resolution low-cost images for estimating AGB
biomass in tropical forests at the landscape level. However, the scope of biomass estimation using the
very-high-resolution commercial satellite imagery is limited to smaller geographic areas due to its
availability and cost.

6.2. Concepts, Approaches, Coping Capacities and Limitations

Several international organizations are working together under the umbrella of UN programs,
as well as independently, to improve mapping, monitoring, validation and reporting of net forest and
carbon loss across the globe. The Global Forest Observations Initiative (GFOI) was established by
Group on Earth Observations (GEOs) in 2011, provides satellite-based forest measurements as well
as field-based methodologies for the production of globally consistent reports and reliable findings
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on forest cover change, forest use and greenhouse gas (GHG) emission and removals accounting for
REDD+ activities [178].

According to the IPCC’s guidelines, forest carbon stock assessment can be categorized into three
Tiers ranging from the simple global/ecological zone level emission factor (Tier 1) to country-specific
forest inventories (Tier 2) and high precision plot level carbon dynamics models [178,179]. The Global
Observation of Forest Cover and Land Dynamics (GOFC-GOLD) which is an ad-hoc REDD working
group of international experts, facilitates scientific communities, national space agencies and remote
sensing analysts to maintain standards while using Earth Observation (EO) datasets [180]. REDD+ has
had significant progress during the last decade. REDD+ helps developing countries to become part
of their program to reduce carbon emission and enhance forest sinks. The UNFCC report published
regularly to update nations about the latest development in the understanding of MRV for REDD+

activities [167].
The United Nations Strategic Plan for Forests (UNSPF) 2030, UN forum on the forest, set six global

objectives for forests to be achieved by 2030, including intent to reverse forest loss, improvements
in forest-dependent people livelihood by enhancing forest-based benefits, the sustainability of forest
management to increase the area of protected forest, mobilization of financial resources for forest
management, governing framework for forest management and enhance cooperation, coordination
and synergies [181].

The FRAs coordinated by FAO publishes recent trends in forest studies and updates of technical
terms after every five years to maintain consistency. The FRA 2020 [6] adapted internal forest policy such
as Agenda 2030 for Sustainable Development, the UNSPF-2030 and the Paris agreement. Their working
paper improves the understanding, definitions and terminologies for forest resources; assessments and
countries are advised to strictly follow its guidelines.

The recent report by FAO in 2019 [167] provided a technical assessment of carbon stock of
thirty-nine countries. Out of these, eight countries reported more than 8 billion tons of carbon
emissions reduction mostly by Brazil. Reports from six countries, which submitted the Forest Reference
Emission Levels (FREL) and REDD+ reports, indicate uncertainties in the estimation of forest emission.
Based on these reports, a major source of the uncertainties was the assumption of total carbon loss from
the AGB, below-ground biomass (BGB), litter (l) and deadwood (DW) carbon pools due to deforestation.
They did not consider the removal of carbon from subsequent vegetation growth and post-deforestation
land use. Only Cambodia, Chile, Ghana, Indonesia, Lao People’s Democratic Republic, and Vietnam
submitted the reports with the use of remote sensing and field inventories [167].

Despite positive advancement in global effort in providing guidelines and giving incentive to
countries to implement reforestation strategies, recent studies suggest that many uncertainties occur in
the estimation of AGB and the detection of the total forest land. More emphasis should be given to
capacity building programs, such as FAO and REDD+, to enhance capacities of developing countries
to maintain and streamline national forest monitoring efforts which require continuous positive
corrections and adjustment in their mapping and reporting mechanisms [182]. Figure 6 indicates
the distribution of capacities of the tropical countries in using remote sensing to developed forest
inventories and change assessment mapping according to REDD requirements and guidelines. Most of
the carbon pool reporting countries are still at the Tier 1 level of IPCC guidelines. This indicates
major improvement is required in mapping capacities for the country-level reporting to achieve the
Tier 3 level. Langner et al. (2014) [183] reported that the IPCC values of emission factor, especially
using Tier 1, do not give accurate estimates, especially in tropical forests that mostly consist of a
mixed and multilayer dense canopy forests. Thus, the IPCC standards do not represent ground reality.
That is because of numerous uncertainties present in the field data which cannot be solved through
conventional methods and statistical approach for which IPCC does not provide a specific guideline.
It is suggested to use Saatchi [156] and Baccini [184] datasets for the better alternative to IPCC Tier 1
values [183]. Furthermore, the IPPC 2006 defined two broad categories, less than 20 years forest or
greater than a 20-year forest, to calculate the change in biomass over time. However, as part of the
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“2019 Refinement to the 2006 IPCC Guidelines for National Greenhouse Gas Inventories”, Requena
Suarez et al. [155] further divided the forest into three categories, including young secondary forest
(≤20-year-old), older secondary forest ( >20 to 100-year-old) and old-growth forest. The gain in biomass
decreases with the maturity of the forests from the younger forests (≤20 years) to mature and old-growth
forests [155]. Recently, De Sy et al. (2019) [185] showed that agriculture land dominated the land
use after the deforestation occurred between 1990 and 2000 but a different type of post-deforestation
agriculture land-use practices are followed in different countries. Carbon stock of ecozone was higher
than those of deforested areas. They refined emission factors by integrating the post-deforestation
LCLU type with the pan-tropical biomass map at a 30 m spatial resolution. Large uncertainties were
found in pan-tropical AGB maps with little or no field data but utilizing the refined maps can help in
estimation of carbon stock assessments studies [185].Remote Sens. 2020, 12, x FOR PEER REVIEW 20 of 37 
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7. Recent and Future Space-Borne Satellite Missions for Biomass Estimation

Global and pan-tropical studies of AGB estimate from the current satellite observations and
integrated analysis of field inventories identify uncertainties and gaps in quantitative carbon stock
assessments. Therefore, many space-born remote sensing missions have been launched recently, aiming
at enhanced quantifications of carbon stocks across different biomes and carbon exchange associated
with deforestation, degradation and LCLU changes (Figure 7).

BIOMASS, one of the Earth Explorer mission from European Space Agency, is a P-band SAR
satellite remote sensing mission, which is planned to be launched by the ESA in 2022. Three primary
products will be derived from the data acquired by the BIOMASS mission, including AGB, forest
canopy height (upper canopy height) and forest disturbance maps. The AGB and forest height will
be estimated at a 200 m spatial resolution, while forest disturbance maps will be produced at a 50 m
spatial resolution [186].

A new era of forest covers dynamic monitoring will be opened with the launch of Tadem-L in
2022 by the German Aerospace Center (DLR). It is a SAR mission with two satellites operating in the
L-band. The mission will provide high-resolution data to extract annual and seasonal 3-D structure,
and biomass of global forests twice a year at a voxel size of 10 × 50 × 50 m3. It will provide a tree
height map at 30 m and a biomass map at a 50 m spatial resolution across the globe [187].
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GEDI is the first high-resolution space-borne LiDAR mission to measure the magnitude of forest
biomass and vertical structure of forests between ± 51.6◦ latitude. It was deployed on ISS in 2018
by NASA for two years [188]. It measures surface elevation, forest canopy height and the vertical
structure of the forest, which is imperative for an accurate estimate of existing forest biomass and its
changes due to anthropogenic and climatic factors. The significant science products developed from
GEDI include, but are not limited to, Canopy Cover Fraction (CCF), LAI, and LAI profiles at 25 m,
AGB at a footprint level of 25 m, and Gridded AGB at a grid interval of 1 km [108]. The precision of the
products will help to reduce uncertainties in carbon stock mapping due to deforestation, degradation
and regenerating tropical forests [189].

NISAR (NASA-ISRO Synthetic Aperture Radar) is a 3-year multidisciplinary SAR mission emerged
through collaboration between NASA and Indian Space Research Organization (ISRO). It is planned to
be launched in 2021 and it will be hosting both S-band and L-band radars, with a spatial resolution of
7 m with a revisit time of 12 days. The mission will develop an annual global biomass product at a
spatial resolution of 1 ha, which will be instrumental to monitor gains and losses in forest biomass
across the tropical and other parts of the world [117,189,190]

NASA’s ICESat-2 was launched in September 2019. The ATLAS onboard ICESat-2 is promised
to provide altimetry observations of Earth’s land surface. The primary objective of the ICESat is to
measure ice sheets and land elevation. However, the data are used for the canopy height and biomass
estimation; thus, the ICESat-2 generates two vegetation products ATL08 (Level-3A product) and ATL18
(Level-3B product). The ALT18 gridded land product will provide coarse resolution annual maps
of canopy height and canopy cover, while ALT08 will generate the vegetation products at a 100 m
spatial resolution [117]. Several studies have utilized ICESat-1’s GLAS datasets to estimate pan-tropical
biomass [32,105] and the new observations from ICESat-2 will help determine the changes in the AGB,
as well as improving the accuracy of current carbon stock assessments [118,119].

The Argentinean SAtélite Argentino de Observación Con Microondas (SAOCOM) is an L-band
SAR mission, aiming to improve global observations of forests and forest biomass change by developing
a consistent time series archive. It is based on a constellation of two identical satellites SAOCOM-1A
and SAOCOM-1B to provide dual-polarized Interferometric synthetic-aperture radar (InSAR) coverage
with a combined revisit time of 8 days [190]. SAOCOM-1A was launched in October 2018 and
SAOCOM-1B was planned to be launched in March 2020. However, its launch is delayed amid the
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COVID-19 pandemic. The mission is operated and managed by Argentina’s Space Agency (ASA),
Buenos Aires (BA) and the Comisión Nacional de Actividades Espaciales (CONAE) [191].

The Phased Array L-band Synthetic Aperture Radar 3 (PALSAR-3) onboard Advanced Land
Observing Satellite (ALOS)-4 is a JAXA’s follow-on mission of PALSAR -2 onboard ALOS-2 [192]. It is
planned to be launched in 2021 with a designed life of 5 years. The PALSAR-3 is designed for long-term
monitoring with a 3 m spatial resolution, and it will follow the orbit of the PALSAR -2 with a 14-days
temporal resolution [190,193,194]. Earlier, observations from the PALSAR-2 are extensively used to
produce an annual global mosaic of SAR images at a 25 m spatial resolution, which has been used for
developing numerous tropical/global biomass estimation maps [164]. The improved resolution of the
PALSAR-3 will enhance the accuracy of carbon stock assessment studies in the coming decades.

The Multi-footprint Observation LiDAR and Imager (MOLI) is another biomass and canopy
height mapping mission to be launched in 2022 by the JAXA. The most prominent feature of the
MOLI mission is to improve the canopy height information by correcting the terrain slope error in
the calculation of the canopy height using the three footprint observations. In addition to the Level
1 Waveform and multispectral image (Red, Green, NIR) products, the MOLI will provide Level 2
products of Canopy Height and Forest Biomass. The most comprehensive product of the mission will
be wall-to-wall canopy height and forest biomass maps [195].

Moreover, a combination of these datasets would open new research horizons of multi-sensor data
synchronization and harmonization for refined biomass measurements. For example, multi-sensor
SAR time series from PALSAR-2, RADARSAT-2 and Sentinel-1 provided effective maps of selective
logging in the tropical forests of Brazilian Amazon [196]. Apart from SAR time series, researchers
are integrating LiDAR data from GEDI with Landsat data, that will open a new era of hindcasting
forest biomass using the historic and harmonized time series of the Landsat since the late 1970s.
For example, an integrated approach has been developed by combining 1607 field plots with GLAS
and PALSAR-2 to estimate ABG in China at a 30 m spatial resolution [197]. Further research on
integrated models will enable advanced understanding and modelling of change dynamics in the
tropical forests. Besides, scientists are anticipating integration of GEDI observations with an in-orbit
and near-future SAR mission to generate high-quality biomass maps. The overlapping operational
lives of these satellite missions for biomass monitoring are the biggest advantage that will stimulate
integration and synchronization of biomass products, for developing science-based policies to manage
the tropical and/or global forest resources [23].

8. Concluding Remarks

Accurate and reliable information about the spatial distribution of tropical forest biomass is
imperative for managing carbon stocks, mitigating climate change and to understand the role of the
tropical forests in the global carbon budget. Remote sensing plays a pivotal role in the estimation of
the extent and biomass of tropical forests. The emergence of high-performance computing has enabled
upscaling of the remote-sensing-based biomass estimation methods, from localized site-specific studies
to pan-tropical and global-scale AGB estimate at increasingly high spatial resolutions. In the last decade,
many studies were carried to estimate pan-tropical carbon stock maps by combining field inventories
with multi-source remote sensing data such as NOAA, MODIS, Landsat, SPOT, Sentinel-1 and 2,
ICESat-1 and 2, and PALSAR-2. In the tropics, integration of ICESat-1’s GLAS with the established
data products from other satellites has generated several significant pan-tropical biomass maps at a
500 m–1 km spatial resolutions [105,156,159,162,163,186]. Global forest and non-forest mosaics at a
25 m spatial resolution have been generated from ALOS-PALSAR from 2007 to 2017 [76] and has been
integrated with Sentinel-SAR images and ICESat LiDAR data to generate global AGB maps of 2017
at a 100 m spatial resolution [164]. To further enhance the accuracy and continuous development of
space-based estimates and monitoring of the AGB of the forest, special biomass measurement missions
have been launched and/or planned to be launched in the near future such as GEDI (LiDAR) in 2018,
MOLI (Multi-footprint LiDAR) in 2022, BIOMASS (P-band SAR) in 2022, PALSAR-3 (L-band SAR)
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in 2021, NISAR (S and L—band SAR) in 2021 and Tandem-L (L-band SAR) in 2022. LiDAR-based
observation from the GEDI and MOLI on canopy height and vertical structure is critical in improving
the accuracy using remote sensing. Overlapping operational time of these missions with different
sensors (LiDAR, P, S, and L—band SAR) will open new research domains of sensors’ integration
and synchronizations to develop a variety of accurate products for forest biomass measurements,
which will help to estimate and monitor changes in tropical forests due to deforestation, degradation,
and most significantly, the recovery of the tropical forests due to abandonment. The coming decades
will be revolutionary for pan-tropical biomass monitoring, due to high-performance cloud computing
and the new satellite missions focusing on biomass mapping.
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Appendix A

Table A1. List of abbreviation and acronyms.

Acronym Definition

AGB Above-Ground Biomass
ALOS Advanced Land Observing Satellite
ALS Airborne Laser Scanning
AMSR-E Advanced Microwave Scanning Radiometer for EOS (AMSR-E)
ASA Argentina’s Space Agency
ASAR Advanced Synthetic Aperture Radar
ATLAS Advanced Topographic Altimeter System
AVHRR Advanced Very High Resolution Radiometer
BA Buenos Aires
BEF Biomass Expansion Factors
BGB Below Ground Biomass
CERES Clouds and the Earth’s Radiant Energy System
CLAS Carnegie Landsat Analysis System
CCI Climate Change Initiative
CGLS Copernicus Global Land Service
CGLS-LC100 Copernicus Global Land Service – Land Cover 100
CIAT International Center for Tropical Agriculture
CONAE Comisión Nacional de Actividades Espaciales
CSA Canadian Space Agency
DBH diameter at breast height
DW Deadwood
DLR German Aerospace Center
EO Earth Observation
ESA European Space Agency
ETM+ Enhanced Thematic Mapper +
EVI Enhanced Vegetation Index
FAO Food and Agriculture Organization
FAPAR Fraction of Absorbed Photosynthetically Active Radiation
FCover Fraction of Vegetation Cover
FORMA Forest Monitoring for Action
FOTO Fourier-Based Textural Ordination
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Table A1. Cont.

Acronym Definition

FPAR Fraction of Photosynthetically Active Radiation
FRA Forest Resources Assessment
FREL/FRL Forest reference emission levels and forest reference levels
FVC Fraction of Vegetation Cover
GEDI Global Ecosystem Dynamics Investigation
GEE Google Earth Engine
GEO Group on Earth Observations
GFC Global Forest Change
GFOI The Global Forest Observations Initiative
GFW Global Forest Watch
GHG Greenhouse gas
GIMMS Global Inventory Modeling and Mapping Studies
GLAD Global Land Analysis and Discovery
GLAS Geoscience Laser Altimeter System
GLC Global Land Cover
GLCF Global Land Cover Facility
GMW Global Mangrove Watch
GOFC-GOLD Global Observation of Forest Cover and Land Dynamics
GORT Geometric Optical-Radiative Transfer
GPP Gross Primary Production
GRACE Gravity Recovery and Climate Experiment
GSFC Goddard Space Flight Center
Gt Gigatons
ha hectare
ICESat Ice, Cloud, and Land Elevation Satellite
IFL Intact Forest Landscapes
InSAR Interferometric synthetic-aperture radar
IPCC Intergovernmental Panel on Climate Change
ISRO Indian Space Research Organization
ISS International Space Station
IUCN International Union for Conservation of Nature
JAXA Japan Aerospace Exploration Agency
JERS-1 Japanese Earth Resources Satellite 1
LAD Leaf Area Density
LAI Leaf Area Index
LAI Leaf Area Index
LC Land Cover
LCLU Land Cover Land Use
LiDAR Light Detection and Ranging
LPDAAC Land Processes Distributed Active Archive Center
LSP Land Surface Phenology
MERIS Medium Resolution Imaging Spectrometer
MMU Minimum Mapping Unit
MODIS Moderate Resolution Imaging Spectroradiometer
MOLI Multi-footprint Observation LiDAR and Imager
MRV Measuring, Reporting and Verification
NASA National Aeronautics and Space Administration
NASG National Administration of Surveying, Mapping and Geoinformation of China
NDVI Normalized difference vegetation index
NEP Net Ecosystem Production
NIR Near Infrared
NISAR NASA-ISRO SAR
NOAA National Oceanic and Atmospheric Administration
NPP Net Primary Productivity
NPP Net Primary Productivity
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Table A1. Cont.

Acronym Definition

PALSAR Phased Array type L-band Synthetic Aperture Radar
PAR Photosynthetically Active Radiation
PgC Petagram of Carbon
PROBA-V Project for On-Board Autonomy—Vegetation
PTC Percent Tree Cover
QSCAT Quick Scatterometer
RADAR Radio Detection and Ranging
REDD Reducing Emissions from Deforestation and Forest Degradation

REDD+
Reducing Emissions from Deforestation and Forest Degradation, and the role of conservation,
sustainable management of forests and enhancement of forest carbon stocks in
developing countries

RMSE Root Mean Square Error
SAOCOM Argentinean SAtélite Argentino de Observación Con Microondas
SAR Synthetic Aperture Radar
SIF Sun-Induced Chlorophyll Fluorescence
SLC Scan Line Corrector
SPOT Satellite Pour l’Observation de la Terre
SRTM shuttle radar topography mission
SVM Support Vector Machine
TLS Terrestrial Laser Scanning
TRMM Tropical Rainfall Measurement Mission
TWS Terrestrial Water Storage
UAV Unmanned Aerial Vehicle
UMD University of Maryland
UNFCCC United Nations Framework Convention on Climate Change
UNSPF United Nations Strategic Plan for Forests
USGS United States Geological Survey
VCF Vegetation Continuous Fields
VFP Vertical Foliage Profile
VOP Vegetation Optical Depth
WRI World Resources Institute
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Table A2. Description of relevant AGB mapping studies in the tropical forest.

Ecosystem Type Study Area Satellite/Sensor RS Method Biomass Scale Accuracy Resolution Image Year Field Data Publication
Year Reference

Tropical savanna Senegal NOAA-7 AVHRR Optical, Field spectrometer R2 = 0.75 1.1 km 1981 194 sites, 1 m2 1983 [198]

Tropical forest Brazilian Amazon JERS-1 SAR, NOAA
AVHRR L Band SAR, Optical 0.05 ha R2 = 0.30 12.5 m 1993 15 site, 10 m by 50 m 1998 [199]

Tropical forest Brazilian Amazon Landsat TM Optical Multispectral R2 = 0.37 30 m 1989 to 1995 2000 [200]

Tropical savanna Zimbabwe and
South Africa Landsat-5, 7 Optical Multispectral R2 = 0.75 to 0.86 30 m 1998, 2000 74 sites, 120 × 120 m 2004 [201]

Tropical forest
savanna

Cameroon, Uganda,
Mozambique ALOS PALSAR Space-borne L-Band Radar R2 = 0.61 to 0.76 50 m 2007 253 plots 2009 [31]

Tropical forest Brazilian Amazon Landsat and LiDAR Airborne LiDAR 0.1 ha R2 = 0.80, R2 = 0.84 30 m, 1 m 1999 to 200 From Literature 2009 [33]
Tropical forest Cambodia ALOS PALSAR Space-borne L-Band Radar R2 = 0.64 2010 40 plots, 30 × 30 m 2014 [202]

Tropical forest Central Africa Geoeye-1 and
Quickbuird-2 Optical, Multispectral 100 m R2= 0.85 Sub-meter 2012 474 samples 178 tree

species 2014 [175]

Tropical forest Southeast Asia Google Earth™,
VHR imagery

Composite RGB, Aerial
Multispectral - 50 cm, 8 cm 2012, 2013 25 plots of 1 ha 2015 [176]

Tropical forest Inter-Continental Pleiades images Multispectral Textural
Features –

R = −0.42
R = −0.57
R2 = 0.47

70 cm to 1 m 328 plots of 1 ha 2017 [177]

Low biomass
savanna Senegal ALOS-PALSAR

SSM/I
RADAR and Brightness
Temperature 10 tons ha−1 R2 = 0.52 150 m, 100

m, 12.5 km
2006, 2009,
2010 48 sites of 50 × 50 m 2018 [203]

Seasonally dry
ecosystems Southern African ALOS PALSAR Space-borne L-Band Radar ≥10 MgC ha−1

per pixel R2 = 0.57 25 m 2007–2010 137 sites of 0.6 ha 2018 [14]

Primary and
secondary tropical
forest

Cambodia
Quickbird-2,
LiDAR, Digital
orthophotos

Optical Multispectral,
ALTM 3100, Aerial Photos Object-Based R2 = 0.90, R2 = 0.73

0.61–2.44 m,
1 m, 0.5 m 2011

57 sample plots.
30 m × 30 m (38)
50 m × 50 m (19)

2018 [174]

Mixed tropical
forest Malaysia TLS and, UAV Integrated UAV and TLS 0.16 m2 m−3 43% 10 cm 60 × 60 m 2019 [29]

Tropical rain forest French Guiana RIEGL LMS-Q780
sensor ALS – RMSE = 7.7 55–112

points/m2 2015 Six plots of 24,688
trees 2019 [20]

Tropical forest Brazilian Amazon Airborne LiDAR ALS50-II, ALTM 3100,
ALTM Orion, Harrier 68i – R2 =0.8

22.7 to 66.4
pts m−2 2008–2017 2019 [9]

Regenerated
tropical forest Tanzania RapidEye Optical Multispectral 1 ha R2 = 0.69 5 m 2010, 2011 32,000 plots 2019 [173]

Tropical lowlands
forest

Peru, Amazonian
Basin Planet Dove, LiDAR Optical Multispectral,

LiDAR – R2 = 0.70 4 m 2011, 2013,
2017

equations
developed by [33] 2019 [114]

Tropical forest South America
Landsat-8,
Sentinel-1, PALSAR,
Airborne LiDAR

Optical Multispectral,
LiDAR, SAR – R2 = 0.60 to 0.95 30 m 2018 – 2019 [204]

Tropical dry forest Sudanian Savanna,
West Africa Sentinel—1 and 2 Multispectral and SAR

images – RMSE = 78.6, 60.6,
45.4 10 m 2017 218 plots 50 × 20 m 2020 [171]
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Table A3. Characteristics of representative Passive satellites.

Satellite/Sensor Spatial Resolution (m) Revisit Time (days) Spectral Resolution (µm)

Landsat 15–120 16 0.45–12.5 (11 bands)
SPOT 10–20 26 0..45–1.75 (5 bands)
MODIS 250–1000 0.25 0.4–14.4 (36 bands)
Quickbird 0.61–0.72 1-6 0.45–0.9 (4 bands)
Pleiades 0.5–2 1 0.47–0.94 (5 bands)
Sentinel-2 10–60 5 0.04–2.19 (12 bands)
Sentinel-3 (OLCI) 300 27 0.4–1.02 (21 bands)
CERES (TRMM) 10,000 46 0.3–100 (3 bands)
CHRIS 18-36 7 0.40–1.05 (19 bands)
RapidEye 5 5 0.44–0.85 (5 bands)
Planet Dove 4 1 0.42–0.90 (4 bands)
GeoEye 0.46–1.84 2 to 8 0.45–0.92 (4 bands)
AVHRR 1100 Twice daily 0.58–12.50 (5 bands)
MERIS (Envisat-1) 260 × 300 35 0.39 to 1.04 (15 bands)

Table A4. Characteristics of representative active satellites.

Mission Period Method Specification/Products Agency Reference

NISAR 2021–2026 L-band 7 m spatial resolution, Annual AGB
map at 1 ha NASA-ISRO [117]

ALOS-PALSAR 2006–2012 L-band AGB map at 100 m JAXA [205]
ALOS-2
PALSAR-2 2014–2020 L-band AGB at 250 m resolution JAXA [206]

ALOS-4
PALSAR-3 2021–2026 L-band 3 m × 1 m (Spotlight), 3 m × 3 m,

6 m × 6 m, 10 m × 10 m JAXA [194]

SAOCOM 2018–2025 L-band 7–100 m spatial resolution CONAE [191]

Tandem-L 2022–2032 L-band 10 × 50 × 50 m3, Forest Height at
30 m, Forest Biomass at 50 m

DLR [187]

BIOMASS 2022–2027 P-band AGB at 200 m, Canopy Height at
200 m Forest Disturbance at 50 m ESA [186]

RADARSAT-2 2007–2020 C-Band 3–100 m Spatial resolution,
AGB High-level accuracy of 0.25 ha CSA [207]

Sentinel-1 2014–2026 C-Band 5 m × 5 m spatial resolution,
Mean AGB 70.38 ton/ha ESA [208]

GRACE 2002–2017 S-Band

Accuracy is sufficient to determine a
change in mass equivalent to a
volume of water with depth 1 cm
over a radius of about 400 km.
30 day revisit.

NASA/DLR [209]

GEDI 2018–2020 LiDAR 25 m footprint, CCF, LAI at 25 m,
and AGB at 25 m and 1 km NASA [108]

MOLI 2022–2024
LiDAR,
R, G,
NIR

5 m spatial resolution
Canopy Height and Forest
Biomass Maps

JAXA [195]

ICESat-1 2003–2010 LIDAR Global forest AGB density was
210.09 Mg/ha on average NASA/GSFC [210]

ICESat-2 2018–2021 LIDAR 30 m spatial resolution AGB map,
operates at 532 nm wavelength NASA/GSFC [211]
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