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Figure 6-12: BIOMASAR. GSV map with 100 m pixel size derived from AL&SFBD and ScanSAR
imagery acquired over Indonesia and Papua between 2015 and 2018. 129

Figure 6-13: BIOMASAR. GSV map with 100 m pixel size derived from AL&SFBD imagery
acquired over Western Siberia between 2015 and 2017 (top left) and the corresponding subset of
the ALOS2 FBD mosi for the year 2017 (top right). The bottom plot illustrates the estimates for
OEA 11T AAT opdcoss Bidedaiddthefyear 2017. 130
Figure 6-14: Scatterplots of GSV produced from muliemporal ALOS2 data and the BIOMASAR

L map for the year 2010 in the frame of the GlobBiomass project. For the comparison, all maps
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were aggregated to 1 km pixel scale. The examples refer to5° or 10°x10° large areas in Siberia
(top left), Amazon (top right), Central Europe (centre left), South Africa (centre right), Indonesia
(bottom left), and Congo Basin (bottom right). 131
Figure 6-15: AGB maps for areas in Central Europe (top row), the Pacific Northwest of the United
States (centre row), and Gabon (bottom row) with BIOMASAR (y1) i.e., the CORE algorithm
deployed inyear 1 (left), and with BIOMASAR. (y2) (right). 133
Figure 6-16: Comparison of AGB maps for areas in the PaciNorthwest of the United States,
Central Europe, and Gabon produced with BIOMASARY1), i.e., the CORE algorithm deployed in
year 1, BIOMASAR. (y2). 134
Figure 6-17: Comparison of merged AGB maps for 2017 and 2018 per continent. 135
Figure 6-18: AGB difference beveen the 2018 and the 2010 datasets (left) and latitudinal profile
of the AGB difference (right). The two AGB maps were averaged to 0.1° before taking the
difference. The color ramp s constrained between +/50 Mg ha! to enhance contrast. The
latitudinal profile shows the average AGB difference as a function of latitude (thick line) and the

interquartile range of AGB difference at a given latitude (horizontal bars). 136
Figure 6-19: Same as in Figure-88 for bias corrected AGB maps of 2010 and 2018. 137
Figure 6-20: AGB difference between the estimates obtained for the year 2017/2018 (average)
and 2010 (left) and index of reliability of the AGB difference estimate (right). 137

Figure 6-21: Upper graphic: disjoint intervals of AGB estimates at points in time 1 and 2 indicating
high reliability of an AGB change defined as AGB difference. Lower graphic: overlapping intervals
of AGB estimées at points in time 1 and 2 indicating low reliability of AGB change defined as AGB
difference. 138
Figure 6-22: Partial overlap d intervals AGBIi+/-SDi corresponding to a definition of potential AGB
loss (AGB < AGB-SD, upper graphic) or potential AGB gain (lower graphic, AGB AGB+SD).

139
Figure 6-23: Zoom of Figure 6.20 in an area characterized by expanding deforestation into intact
forests. 139
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4 SYMBOLS AND ACRONYMS

ADP Algorithm Development Plan

AGB Above-Ground Biomass

ALOS Advanced Land Observing Satellite

ASAR Advanced Synthetic Aperture Radar

ASF AlaskaSatellite Facility

ATBD Algorithm Theoretical Basis Document
BCEF Biomass Conversion & Expansion Factor
BEF Biomass Expansion Factor

CCl Climate Change Initiative

CCl-Biomass Climate Change Initiativé Biomass
CCI-LC Climate Change Initiative Land Cover
DARD Data Access Requirements Document
DEM Digital Elevation Model

E3UB End to End ECV Uncertainty Budget

ECV Essential Climate Variables

ENL Equivalent Number of Looks

ENVISAT ESA Environmental Satellite

EO EarthObservation

ESA European Space Agency

EWS Extended Wide Swath mode

FAO Food and Agriculture Organization

FBD Fine Beam Dual

FRA Forest Resources Assessment

GCOs Global Climate Observing System

GDAL Geospatial Data Abstraction Library

GEDI Global Ecosystems Dynamics Investigation
GEZ Global Ecological Zones

GLAS Geoscience Laser Altimeter System
GLCF Global Land Cover Facility

GRD Ground Range Detected

GSV Growing Stock Volume

HOME Height Of Median Energy

HH HorizontalHorizontal

HV HorizontalVertical

ICESatGLAS Ice, Cloud, and land Elevation Satellit€eoscience Laser Altimeter System
[IASA International Institute of Applied Systems Analysis
IMM Image Mode Medium

IPCC Intergovernmental Panelon Clate Change
IWS Interferometric Wide Swath
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JAXA Japan Aerospace Exploration Agency
LUT Look Up Table
MERIS Medium Resolution Imaging Spectrometer
MODIS Moderate Resolution Imaging Spectroradiometer
NaN Not a Number
PALSAR Phased Array type-bandSynthetic Aperture Radar
PSD Product Specification Document
PVASR Product Validation and Algorithm Selection Report
SAR Synthetic Aperture Radar
SLC Single Look Complex
SRTM Shuttle Radar Topography Mission
URD User Requirements Document
USGS United States Geological Survey
VCF Vegetation Continuous Fields
VOD Vegetation Optical Depth
WSM Wide Swath Mode
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Tablel-1: Reference Documents

ID Title Issue Date

RD-1 Users Requirements Documer(iJRD)

RD-2 Product Specification Documen{PSD)

RD-3 Data Access Requirements Docume(iARD)

RD-4 Product Validation and Algorithm SelectionPVASR)

RD-5 End to End ECV Uncertainty BudgéE3UB)

RD-6 Algorithm Development Plan(ADP)

RD-7 Product Validation Plan(PVP

RD-8 Algorithm  Theoretical Basis Document (ATBD) of
GlobBiomass project

RD-9 Product Validation Report(PVR)

1 Introduction

Above-ground biomass (AGB, units: Mg R is defined by the Global Carbon Observing System
(GCOS) as one of 50 Essential Climate Variables (ECV). For climate science communities, AGB is a
pivotal variable of the Earth System, as it impacts the surface energy budget, the land surface
water balance, tte atmospheric concentration of greenhouse gases and a range of ecosystem
services. The requirement is for AGB to be provided walb-wall over the entire globe for all major
woody biomes, with a spatial resolution between 500 m and 1 km (based on satellidservations

of 100-200 m spatial resolution), a relative error of less than 20% where AGB exceeds 50 Mgtha

and a fixed error of 10 Mg ha where the AGB is below that limit.

The increased availability of remote sensing imagery during the last 20 yeahas allowed the
generation ofseveralwall-to-wall datasets of AGB. The uncertainty in magnitude and distribution
of AGBprior to the CCIBiomassproject is illustrated in (Figure 1-1), where each line represents
latitudinal averages of AGB estimated with remote sensing data. While the overa#nds in the
AGB spatial distribution are consistent across the AGB datasets, the variability of AGB among
these datasets is, oraverage, more than 100% grecision figures here excluded). While it is
acknowledged that remote sensing is the only tool that can provide global spatially explicit
estimates of AGB, the large discrepancies observed in Figurel Jare becauseAGB can only be
inferred from observations since remote sensing instruments do not have the capability to
measure thedry weight of trees. Yet, as remote sensing observations ain situ observations
ET AOAAOGA AT A Ei PDOT OA OE Athere Erd Sidstarfiah Datgdididgrave | £ OA
the accuracy of the estimates.
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Figurel-1: Latitudinal averages of AGB estimates from the GlobBiomatsset (Santoro et a(2021), Saatchi
etal. (2011), Baccini et al. (2012), Avitabile et al. (2016) and GEOCARBON dataset, Hu et al. (2016), Thurner et
al. (2014), Liu et al. (2015) and Kindermann et al. (2008).

The objectives of the CCl Biomass projea@re to generate global maps bAGB using a variety of
Earth Observation (EO) datasets and statef-the-art models for three epochs (200, 2017 and
2018) and to assess biomass changes betweegpochs The maps should be spatially and
temporally consistent; in addition, they need to be ensistent with other data layers thematically
similar to the AGB dataset that are produced in the framework of the CCl Programme (e.qg., Fire,
Land Cover, Snow etc.).

The scope of this document is to present the algorithms implemented to generate the AGB
products and the corresponding maps of AGB changes. This Algorithm Theoretical Basis
Document (ATBD) relies on indications in the Users Requirements Document (URD) [RPthe
Product Specifications Document (PSD) [RR] and the Data Access Requirements Doment
(DARD) [RD3]. In addition, it elaborates on major inputs from the Product Validation and
Algorithm Selection (PVASR) document [Ri2], which investigates potential ways to improve the
biomass estimated with the algorithms described in this ATBD.

While the ATBD describes the data and algorithms used to generate the global biomass and
biomass change products as specified above, tlnd-to-End ECV Uncertainty Budget (E3UB)
document describes the procedures implemented to quantify thprecision of the AGB estimates
[RD-5]. An estimate of the bias of the maps, assessed with inventory plot data and a modelling
framework, is provided in the Product Validation Report [RB9]. Future advances that may
potentially be implemented in revisions of this ATBD are d&cribed in the Algorithm Development
Plan (ADP) [RD6].

During Year 1 of CCI Biomass (Phase 1jnethods were developed that led to the generation of a
first version of a global AGB product for therear 2017. During Year 2, methods developed iYear
1 were refined by taking into account the assessment of the AGB map of 20aid alternative
algorithmic advances documented in the PVASR and in the ADFYear 1. The ATBDwas updated
in Year 2 to document the algorithms implemented to generate AGB estimates for the epochs
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2010, 2017 and 2018The focus ofYear 2 was to generatea first set ofthree AGB mapsThe three
maps were generated independentlyof each other to gather understanding on globalAGB
mapping in several epochs. The overall spatial distribution was well capturedlthough the AGB
estimates were affected by different biases and errorthat were particularly noticeable in the
dense tropics [RD9]. As a first approach to quantify AGB langes at yearly and almost decadal
scale, dference mapswere also generated.Large scaleerrors were apparent, in particular when
comparing the 2010 dataset with the other two datasets. The different set of EO data availafie
2010 comparedto 2017 anl 2018 explainedthese discre@ncies Based on these conclusionshé
work undertaken in Year 3 consisted ofimproving the accuracy of each of the three individual
maps of AGEand alloweda first assessment 0AGBchangebetween epochs

Section 2 provides the background of this ATBD, describing the strategy that underpins the
algorithms implemented in CCI Biomass to estimate AGBhe ATBD alsadescribes the datasets
(EO and auxiliary) used to estimate AGEBection 3); he AGB retrieval methods used to gerate
global maps of AGRSection 4; and the methods used to quantify AGB changes across epochs
(Section 5). An assessment of the retrievablgorithm and the biomass change algorithmis
presented in Section6, and isfollowed by abrief outlook on possible advances to be pursued in
future activities (Section7).

2 Background

2.1 Theory behind algorithms for global biomass retrieval

Thanks to the increasing amount of spaceborne EO data, methods and models that allow
estimation of forestvariables are being developed with theaim of achieving a global portrait of
forest biomass. Below, we briefly outline strengths and weaknesses of algorithms published in
scientific journals that led to the generation of a global dataset of a forest vablke from remote
sensing observationsup until the start of the CCI Biomass project in 2018This list is not meant

as an evaluation of the data product but rather to state where past experiences can be of use in
enhancing or designingAGBretrieval algorithms based on current EO data.

The availability of global and repeated observations first by the MOD$8nsorsand more recently

by Landsatsensorsfostered the estimation of global rasters of canopy heighLefsky et al., 2010;
Simard et al., 2011)and A (Saatchi et al., 2011Baccini et al., 2012; Hu et al., 2016yvith these
being the first to utilise the ICESatGLAS waveform data Relationships between CESatGLAS
waveform metrics were established with respect toin situ observations where available and
ICESalGLAS metrics were related to observations by optical sensors (MODIS or Landsat) at pixels
corresponding to theICESatGLAS footprints. Canopy height andGB were then extrapolated to
the remaining pixels of the optical datasets to obtain walto-wall datasets. Even though these
methods implement some measurements of the canopy height and AGB (where used), they
nonetheless assume that the estimation of capy height does not require predictors other than
MODISderived observables, which is questionable since MODIS observables are not a direct
measurement of a forest structural parameter. In addition, they rely on a dataset @i situ
measurementstoestabDE OEA A£O01T AOET T A1 AADPAT AR AA ABA EAELIE (
since such datasets are not available globally, there is a risk that the quality of the estimates is not
consistent, being more prone to errors in regions underepresented in the databae ofin situ
measurements.
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In an attempt to reduce errors in individual maps of AGB, Avitabile et al., (2016) proposed a
technique to fuse maps based on the level of agreement of each map with reference AGB
measurements. This approach, applied to two patropical maps (Baccini et al., 2012; Saatchi et
al., 2011), generated a third pastropical map that was then combined with a map of AGB for the
boreal and temperate zones (Thurner et al., 2014) to obtain a global map referred to as the GEO
CARBON map. Téstrength of such an approach is, in our opinion, also its weakness, in the sense
that the method is insufficiently constrained in regions where reference datasetsr(situ, laser
based) are unavailable. Having entered an epoch that can be considered daté in terms of
spaceborne observations, the demand on reference datasets has also increased and, accordingly,
their availability. Hence, efforts should be spent odeveloping retrieval algorithms that integrate
reference and EO datarather than attempting to fuse estimates from different sources that may
ultimately lead to aggregation of errors rather than provic an overall high-quality result.

Compared to optical observations, data acquired in the microwave part of the spectrum contains
more information on forest structure because of the weaker attenuation of microwaves by the
canopy (passive sensors) or the deeper penetration of microwaves into the canopy (active
Sensors).

We assume that thecombination of data streamsn particular extending todatasets that contain
information about forest structure such asactive microwavedata(SARbased observations)ould
improve the accuracy of AGB estimates-urthermore, the more frequent sampling of the Earth by
spaceborne LIDAR, including those that aneecent(Ice, Cloud, and land Elevation (ICESAZ) and
Global Ecosystem Dynamics Investigation (GEDIlor proposed (e.g., the Multi-footprint
ObservationLidar and Imager (MOLI) should allow a larger proportion of the estimatedAGBto
be explained in terms of the waveformbased measurements, thus iprinciple leading to a more
accurate set of estimates.

When expanding to remote sensing data at coarse resolution, attention needs to be paidhe
Vegetation Optical Depth (VOD) obsgable from passive microwave observations. -Gand VOD
has been used to generate yearly maps of foresGBand carbon over a period of 20 years (Liu et
al., 2015) at 25 km spatial resolution. thand VODfrom SMOS has been evaluated féfrican
landscapes ad shown to be closely related to AGB (Rodriguet al., 2018; Fan et al., 2039 The
relationship between VOD andAGBiIs explained in terms of increased attenuation that causes the
VOD to increase with AGB. The retrieval algorithms proposed by Liu et &0(5) and Rodriguez

et al. (2018) use empirical functions to link VOD and AGB and are trained with AGB estimates from
other AGB maps. This approach can be justified by considering that at the spatial resolution of the

sz oz oz s ~ N s oz o~ A

on biomass. This assumption, however, can be easily challenged by considering that the VOD
experiences seasonality and depends on the structural and dielectric properties of a forest. Hence,
using anAGB map as a surrogate training set to generate a global map of AGB may introduce errors
by distorting trends in correspondence of regions that have not been mapped correctly in the
reference dataset.

Apart from the GlobBiomass dataset of foresbiomass (Santoro et al.,2021), which will be
addressed later on in this document, data acquired by active microwave sensors have so far
remained mostly unexploited, one possible reason being that data are not provided in a reatty
use format, as in the ase of optical and LIDAR measurements.

A common feature of the algorithms listed above is that most emphasise data from a single sensor
rather than considering how to exploit the information content in multiple datasets. This can be
explained in terms ofdata availability at the time when the investigations were undertaken.
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Although not further addressed in this document, EO datasets have also been used to generate
national, regional, continental and biomespecific datasets. Unlike global endeavours, the
retrievals were built around the availability of reference data and/or multiple EO datasets; in
addition, retrieval models could be regionalized by introducing locatiorspecific information on
vegetation properties, climate, etc.

Entering a datarich epoch, these more local approaches may be transferable to the global scale.
Any algorithm that aims to estimate AGB should consider exploiting complementary information
from multiple sensors and exploit the biomasgelated part of the signal. In addition, theuneven
distribution of high-quality reference measurements used to train retrieval algorithms should be
accounted for by designing the training procedure so that it is unaffected by such a deficiency. The
xT Ol A6O £ OAOGOO AOA 1 whiohidlidek © Be@ Adjor doddk bfestimaioh OD A A /
bias at global level, and it is unlikely that a single model realization (i.e., a single set of xion
adaptive model parameters) can be applied globally. Using an AGB map as reference dataset could
be consicered an alternative, as long as the AGB estimates are correctly estimated. This may apply
to LiDARbased maps, which, however, have limited spatial extent. The use of wialwall AGB
datasets is discouraged because of local and regional biases (Mitchatdal., 2013; Rodriguez
Veiga et al,2017) that can propagate to the new set of AGB estimates.

In an attempt to generate a global dataset of AGB, the GlobBiomass project
(http s://globbiomass.org) attempted to implement the strategy outlined in the last paagraph
and overcome some of the issues listed above by: (i) selecting a wialown modelling framework;

(i) using an adaptive approach to estimating the model parameters in space and time; and (iii)
removing the requirement ofin situ data for training (the model is selfcalibrating). Point (i) was
justified by the fact that numerous physicsbased retrieval models already exist and, in contrast
to machine learning algorithms, are transparent. Point (ii) is explained by the fact that remote
sensing signalschange in space and time, whereas retrieval models typically do not account for
such variability. Point (iii) is possibly the most innovative aspect of an algorithm for estimating
AGB because it aims to minimise the impact of reference data on the retrav Despite this
seeming drastic, making a retrieval algorithm independent of reference data allows for a truly
independent validation of the retrieval with in situ data. On the other hand, it requires profound
knowledge of the EO data to be used to avoidacroscopic errors being introduced.

The GlobBiomass retrieval algorithm used statef-the-art retrieval algorithms with a specific
focus on implementing the three criteria discussed in the previous paragraph. However, the
design of the algorithm was subantially affected by the EO data available for generating a global
map of forest AGBin this casefor the epoch 2010. This was a fundamental factor in how the
algorithm was designed, in the sense that it was built around globally available EO datasets
containing information on biomass.

2.2 The GlobBiomass biomass dataset

The objective of the GlobBiomass project was to generate a global dataset of forest AGB
representative of the year 2010 epoch, satisfying the requirements that the error was at most 30%
and the spatial resolution below 500 m. From a design point of viewheé possibility of achieving
global coverage was considered to be more important than the requirement on estimation error
because the EO data that could support the generation of a global dataset of AGB wasomtional.
Biomass itself cannot be sensed by gnnstrument but only inferred with more or less complex
mathematical models, from observations that relate to biomass. Such observations for 2010
consisted of wallto-wall surface reflectance datasets acquired by high and moderate resolution
sensors (Landgat, MODIS, MERIS) and SAR backscatter datasets acquired by -togtoarse
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resolution sensors at short wavelengths (€ and L-band). In addition, footprints of laser
waveforms were available but with too poor spatial sampling for direct ingestion in a bionss
retrieval scheme. The outline of the GlobBiomass global retrieval algorithm is provided in Section
3; however, in this Section it is important to realise that the selection of input EO data had a major
impact on the estimation results, regardless of hovadvanced the algorithmic implementation
may have been.

AGB [Mg/ha]

i -180 -120 -60 0 60 120 180

Figure2-1: The GlobBiomass AGB datag8antoro et al., 2P0).

Figure 2-1 shows the GlobBiomass dataset of forest AGB. Validation of the GlobBiomass AGB
estimates (Santoro et al.,, 2Q0) indicated the overall reliability of the data product when
comparing with AGB derived from inventory measurementsat sample plots. While the spatial
distribution of AGB appears to be captured, positive biases in the low biomass range {500 Mg

ha?) and negative biases in the high biomass range (5@ Mg hat) occurred, although non
systematically. Examination of tle spatial distribution of the biases revealed that these were
caused by one or more of the factors listed below. These explanations are confirmed by the
additional analysis undertaken in version 1.0 of the PVASR [RI) where the GlobBiomass map
wasscreend for structural deficiencies.

1 Atoo conservative constraint on the maximunbiomassfor a given area (see Section 3.4
causing underestimation in the high biomass range

1 A too generic definition of the forest transmissivity term of the models relating SAR

backscatter togrowing stock volume (GSVY (see Section 4.2.1.3) causing overestimation

of biomass in the lowmoderate biomass range

Lack of sensitivity of the SAR backscattéo biomasstowards the upper rangeof biomass

Artefacts in analysisready EO data (Shimada and Ohtaki, 2010) requiring strong image

filtering which cancelled out subtle variations of the SAR backscatter

1 Uncorrected effects of sloping terrain on the SABackscatter (Shimada and Ohtaki, 2010)
causing severe under/overestimation of biomass for slopes tilted towards/away from the
look direction of the radar.

1 Incorrectrepresentation of scattering mechanisms in specific vegetation types where the
modelsused to link SAR backscatter and biomass were not correctly parameterized (e.g.,
mangroves, flooded forest)

=A =4
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1 Coarse representation of the conversiorirom GSV to AGB (see Sectidh15) causing
unwanted local biases.

While the weak sensitivity of the SAR bdcscatter to AGB is an issue that cannot be compensated

for, all other causes of biases can in theory be handled:

1 Wider knowledge of the biomass distribution globally allows better characterization of
the biomass spatial patterns and hence more realisticonstraint of the retrieval models.
Access to unprocessed EO data would allow avoidance of artefacts.

More precise knowledge of vegetation spatial patterns globally would allow better

characterization of models and model parameters that describe the funcinal

dependence of biomass on EO observables.

1 Wider knowledge of wood density, biomass allocation to the tree components and
allometry linking forest variables could feed back directly to the retrieval models and
improve the capability to adapt to the loca relationship between biomass and EO
observables.

1
1

The validation exercise and thorough assessment of the GlobBiomass product also provided some
lessons that are of utmost importance when designing a global biomass retrieval algorithm that
should potentially solve the question on how uncertain the biomass pool is globally (ségégure
1-1) and overcome issues from GlobBiomass as well as from other endeavsutargeting

AEAOAAOAOEUAOEITT 1 &£ OEA x1 Ol A0 &I OAOGO AEIT T AOOS

1 Retrieval of biomass requires multiple data sources, in particular involving EO data not
particularly suited to retrieving biomass

1 Height information can substantially improve the estimates of biomass where the other
EO observables do not present sensitivity to biomass.

1 Retrieval of biomass does not necessarily require reference biomass data (e.g., in situ
observations of biomass) fotraining.

1 Retrieval should be based on multiple estimates, i.e., multiple models. Each model should
allow adaptation of its parameters to cope with spatial variability in the functional
relationship between EO data and biomass.

Points 1 and 3 representwo pillars of the GlobBiomass retrieval algorithm. Point 2 was given less
importance in the GlobBiomass algorithm than in other approaches described in Section 2, mostly
because of the potentially large error introduced by extrapolating relationships b&teen height
and biomass developed at sample points using raster datasets only partially sensitive to biomass.
Nonetheless, the integration of height information from forthcoming datasets ICESat2, GEDI,
MOLI) is mandatory to avoid systematic underestimatin in high biomass forests. Point 4 was only
touched on in GlobBiomass by pursuing separate retrievals withr@nd L-band data and merging
them; this needs further development by exploiting other approaches that can compensate for
deficiencies in the biomas estimates obtained with the GlobBiomass approach.

2.3 Moving from the GlobBiomass to the CCI Biomass CORE algorithm

Based on the assessment of the GlobBiomass data product above, the global biomass retrieval
algorithm implemented in CCl Biomass followd the same rationale as underpinned the
development of the GlobBiomass retrieval algorithm. However, it expasdand improves the
GlobBiomass algorithm to: (i) better represent some vegetatiospecific relationships between

EO observables and biomass; (ii) accatifor new EO datasets not available at the time of the
GlobBiomass project; and (iii) compensate for systematic errors revealed by the assessment of
the GlobBiomass dataset. The current version of the CORE algorithm expands on the experience
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of Year 1and 2 of this project. In the process of improving the CORE algorithm, changes are applied
that account for evidences from an assessment of tH&GB mags of previous yearsdescribed in
the Product Validation Report (PVR, [RE9]) and the PVASHRD-4].

A further development regards the interannual consistency of AGB estimatetowards an
estimate of AGB changesSince the pool of remote sensing observations used to estimated AGB is
not the same for the time interval 20172018 and 2010 (see Section 3), retrievahlgorithms need

to ensure that such diversity is compensated for in order to ensure temporal consistency of the
estimates across two decades.

3 Datasetsaand additional material

The remote sensing dataset considered to estimate AGB for thears2017 and 2018 consisted of
ALOS2 PALSAR? and Sentinell observations of SAR backscatter. Wetib-wall coverage by other
SAR datasetswas not accessibleand passive microwave observations @l not match the
requirement of the recommended spatial resolution ofAGB datasets by GCOS. Optical datare
not considered becausehey were assumed to provide a negligible contribution to the retrieval
given global coverageby active microwave data Microwaves penetrate the forest canopy to a
certain extent so that the bakscattered intensity recorded by radar sensors are somewhat
sensitive to forest structural parameters and, therefore, tcAGB Following the same reasoning,
the retrieval of AGB for the epoch 2010vas based on ALOS PALSARL and Envisat ASAR
datasets.

Spaceborne LIDAR observatiorfsom the ICESai2003-2009), ICESat2 (2018-ongoing) and GEDI
(2019-ongoing) missions are an additional source of observati@n LIDAR observations capture
vegetation structural features. However, their sampling is still to coarse to use them for walto-
wall estimates of forest variables. Spaceborne LIDAR observations are, thereforensidered here
in the process of calibrating models rather than as predictors of AGB.

The remote sensing datasets used to generate the globabps of AGBor used to support the
estimation of the maps aresummarized in Table 3-1. Each set ofemote sensing observationds
then described in individual sections below.

Table 3-1: Remote sensing data sources, epochs covaratiuse.

Sensor Epoch Use
ALOS2 PALSAR2 2017,2018 Predictor
Sentinell (A and B) 2017,2018 Predictor
ALOS1 PALSARL 2010 Predictor
Envisat ASAR 2010 Predictor
ICESalGLAS All epochs Calibration
ICESat? All epochs Calibration
GEDI All epochs Calibration

The CORE algorithm also implements several raster datasets in support of the prediction of AGB.
These datasets are either used to support the calibration of modules of the retrieval algorithm or
as a mask to select remote sensing obsations in the process of sekcalibration of the algorithm.
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Table 3-2 provides an overview of the additional datasets and a short description of their use in
the contex of this project.

Table 3-2: Additional datasets, type, use and versions of the CCI Biomass data products based on the dataset.

Dataset Type Use Used in map
version
Digital Elevation | Surfaceelevation Pre- 1,2and3
Model processing
of SAR data
MODIS Vegetatiorn] Vegetation cover density Mask 1
Continuous Fields
Landsat canopy| Vegetation cover density Mask 1,2and 3
density and density
change
AVHRR canopy Vegetation cover density Predictor 3
density (for max
AGB)
CCI Land Cover Land cover Mask 1,2and 3
(specific
classes)
S1 Land Cover Land cover Mask 3
(specific
classes)
Worldclim Climate variables Calibration | land 2
Bioclimatic Variables (for max
AGB)
FAO GlobaEcological| Ecoregions map Stratification | 1, 2and 3
Zones
Ecoregions of the| Ecoregions map Stratification | 2 and 3
World
Global forest canopy|l Forest canopy height Calibration | 1and 2
height (for max
AGB)
Biomass of densg Dense forest biomass and| Calibration | 1,2 and3
forest and maximum| maximum biomass (CORE
biomass algorithm)
Biomass Conversion Coefficient relating GSV and AG| Conversion | 1
and Expansion Factor
Allometry  between | Coefficient Calibration | 2and 3
LIiDAR canopy density (CORE
and height algorithm)
Allometry  between | Coefficients Calibration | 2and 3
LIDAR canopy height (CORE
and AGB algorithm)
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Each of the datasets ifTable 3-2 is hereafter described in individual SectionsNote that inter-
dependency between some auxiliary datasets exisletails are providedin the individual sections.

3.1 Sentinell (Cband,wavelength 5.6 cm)

Sentinell (S1) is a spaceborne mission operated by the European Commission in the Copernicus
framework and consists of two identical units (1A and 1B) flying @and SARs. SentinelA was
launched on April 3, 2014 and became operationah October 2014; after a rampup phase, the
satellite began routine observations in 2016. SentinelB was launched in February 25, 2016 and
became operational at the beginning of 2017. Each unit has a-tidy repeatpass interval, which
halves to 6 days wha both units are operating. Thanks to the short repeapass interval and the
small spatial baselines obtained by constraining the orbital tube within 100 m (Torres et al.,
2012), the Sentinetl mission is particularly suited for interferometric applications (i.e.,
displacement monitoring, estimation of elevation, and thematic applications related to landover
and land-use).

Each unit can acquire data at single and dugblarization (HH+HV or VV+VH) in a number of
modes. Over land, the Interferometric Wid Swath (IWS) was selected; using the TOPSAR
scanning technique, IWS achieves a spatial resolution of approximately 20 m in range and 5 min
azimuth, covering a swath of approximately 250 km. For remote regions, primarily the interior of
polar regions andalong its coastlines, S1 is operated in the Extended Wide Sw#EWS)mode
Thanks to the ScanSAR observing technique, data acquired in EWS cover a swath of more than
400 km with a spatial resolution of approximately 100 m. Although Sentinel can also acgire
using other modes, these are of marginal interest for the scope of this documefigure 3-1 shows

a typical observation scenario of the Sentinel constellation.

Sentinel-1 Constellation Observation Scenario: *@ :
Mode - Polarisation - Observation Geometry ~sentinel-1

T
.

vaidity start: 02/2018

ﬁm&\\ \W\MM{” ,,,,,Iﬁ%\\\\\\\\A\\/\I\\\\W\\\X\\\\\\\\WW

e m_pv HHHV: - MODE / POLARISATION A SMmode / dual-polarisation Calibration Site
2 B 1w mode / duai polarisation SM mode / single-polarisation (localy Gifferent modes of
W 1V mode / single polarisation  PASS polistisations poszble)
Bl W mode / dual polarisation NA¥ ASCENDING

Bl EW mode / single polarisation  Jll DESCENDING

"—\, v -
WO!'WMI

£
L _HHorHH-HV

Figure3-1: Observation geometry of the Sentingélmission last accessed on 9 February 2019
(https://sentinel.esa.int/web/sentinel/missions/sentinel -1/observation -scenario).

Data acquisition by Sentinell in the IWS mode is organized according to a predeéd observation
scenario with different levels of priority. Being a Copernicus mission, the highest priority is given
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to acquisitions over Europe, where each unit acquires along both ascending and descending paths
(Figure 3-1). The second level of priority is given to areas prone to disasters due to tectonics,
volcano eruptions and earthquakes, as well as to polar and io®vered regions. The third is giva

to areas of environmental importance (vegetation; e.g., walb-wall coverage of the tropical land
surface). Finally, Sentinell operations aim at achieving global coverage every 12 days with each
unit. The EWS mode is not used as a complement to IWS Ishibuld rather be seen as an
independent acquisition mode with specific requirements, i.e., frequent coverage and moderate
resolution.

The acquisitions in IWS mode are programmed to allow for minimal overlap of swaths from
adjacent orbital tracks at theEquator. The overlap tends to increase towards the poles so that the
number of observations within a repeatpass cycle of 12 days for a given point on the ground
increases. Since some regions are observed with both units along both ascending and descending
paths, one or more observations per day are possible for some locations. In contrast, the swath
overlap of adjacent orbital tracks in EWS mode is large leading to a very high number of
observations within the 12-day repeatpass cycle of one unit (severabbservations daily are
possible at the highest latitudes).

It was shown with Envisat ASAR data that the retrieval of biomass benefits from a dense stack of
observations of Gband backscatter (Santoro et al., 2011; Santoro et al., 2013; Santoro et al.,3)01
However, not all observations in a data stack were found to contribute to the final estimate of
biomass. The largest contribution came from images acquired under dry and frozen conditions in
the boreal and temperate zone (Santoro et al., 2011). More rgrally, data acquired under dry
conditions appeared to be more suitable than data acquired under wet conditions (Santoro et al.,
2015a). In addition, in Santoro et al. (2011) it was concluded that having available at least 20
images with a backscatter cotrast between unvegetated terrain and dense forest conditions of
more than 0.5 dB allows systematic biases in the retrieved biomass to be reduced. Roughly one
third of the Gband backscatter observations investigated in Santoro et al. (2011) fulfilled this
requirement.

Following these indications, it is clear that retrieval based on Sentindl images benefits from the
repeated acquisitions since the start of routine operations by both units in 2017. However, the
retrieval does not require the entire archive of data acquired since the start of the mission for
retrieving forest biomass. For regions with almost daily observations, the IWS dataset to be used
can be pruned to exclude observations with correlation close to 1.

An analysis of the Sentinell dataarchives in terms of geographical distribution of the imagery at
continental scale revealed thatsince 2017, the image data pool was extremely redundant over
Europe. In addition, for the purpose of retrieving biomass, imagery acquired north of 75°N and
south of 56°N wasconsidered unnecessary becaugeis not covered with woody vegetation. After
pruning the 2017 data pool of unnecessary data, the coverage shownkigure 3-2 was obtained.
The 2017 pool of images achieved global coverage of all forests except for a gap in northwest
Canada. A more detailed search of the Sentinklarchives revealed that for this region there were
hardly any acquisitions in WS mode, whereas several acquisitions were available in the EWS
mode. EWS data were therefore selected to fill the gapimilar EWS imagery was used to fill two
gaps smaller than an IWS scene (i.e., 250 x 250 Kol his gapfilling strategy had no effect m the
biomass estimates to be obtained from Sentinel data since Sentinell imagery was processed to

a pixel size of 150 m. For 2018, again pruning over Europe reduced the number of acquisitions to
the same level of images available elsewhere. Global coage was achieved without the need of
gap filling with EWS data.
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Figure3-2: Coverage of the 2017 SentinrElIWS dataset selected to support the estimation of biomass for the
20172018 epoch (courtesy J. Kelindorfer, EBD).

Table 3-3 shows the geographic distribution of the Sentinell images of 2017 and 2018 selected
to support the estimation of biomass for the 20172018 epoch and the 2018019 epoch,
respectively. Approximately, 252,000 scenes were selected for pprocessing the2017 year. For
2018, approximately 317,000 images were selected. The reason for the smaller number of images
in 2017 is the lack of observations by the 1B unit until April. The search was undertaken on the
data repository of the Alaska Satellite FacilitfASF) because it mirrors European data holdings
while providing a speedier and more reliable access to the data pool.

Table 3-3: Geographical distribution of the Sentinkldata pool used to support estimatioof biomass for the
2017-2018 epoch. The coordinates representthe extent of each region.

Continent LongW |LongE |LatN LatS |S1 unit iearsgcze(?le; (Kjear:sgggis (K
Africa -12 40 34 0 AB 24 32
Africa -20 70 0 -56 |AB 15 19
pirica 2 51
Asia 40 70 75 0 AB 21 26
Asia 70 100 75 0 AB 21 24
Asia 100 130 75 0 AB 20 23
Asia 130 180 75 0 AB 9 10
Asia 70 180 0 -56 |AB 19 25
ol 90 108
Europe -12 10 75 34 A 13 17
Europe 10 40 75 34 A 19 27
Europe 30 40 75 50 B 2 2
-lE-(l)Jtr?)Ipe 34 46

This documentisthe property of the CCI-Biomass partnership, no partof it shall be reproduced or transmitted
withoutthe express prior written authorization of Aberystwyth University and Gamma Remote Sensing AG.



Ref CCl Biomass Algorithm Theoretical Basis .
esa Documentv3

Issue Page Date

3.0 26 14.06.2021
N. America -180 -110 75 0 AB 18 20
N. America -110 -80 75 0 AB 16 22
N. America -80 -50 75 0 AB 19 24
N. America -50 -12 75 0 AB 15 21
S. America |-180 -20 0 -56 |AB 21 25
I\(rﬁilri ca -180 -20 0 -56 |AB 89 112
TOTAL 252 317

The Sentinetl IWS data pool consisted of individual images, each covering an are&
approximately 250 km x 250 km, in the geometry of acquisition of the Sentindl radar. Pre-
processing generate a stack of terrain geocoded, radiometrically calibrated, speckigltered and
co-registered Sentinetl observations provided in Ground Range Detted (GRD) format. GRD
images consist of grounerange projected images of the SAR backscatter intensity. The pixel
spacing of a GRD image acquired in the IWS mode is 10 m in both ground range and azimuth. Given
that the spatial resolution of the IWS modén the azimuth direction is about 14 m and the GRD
data has been multilooked by factor 5 in range to a ground range resolution of ~18 riiTorres et

al.,, 2012), the images in GRD format are slightly oversampled. For the EWS mode, the same
reasoning was applked. Compared to the IWS mode, the pixel spacing of an EWS image in GRD
formatis 50 m in both range and azimuth, thus oversampled as for IWS data. Although Single Look
Complex (SLC) images retain the original spatial resolution of the data, data in GRibhfat were
used for several reasons:

1) SLC images allow the generation of interferometricariables,such as coherence, and it has been
shown that estimation of biomass from €band coherence is more accurate than from SAR
backscatter (Santoro et al., 208; Santoro et al., 2018b), but it is unlikely that the 6and 12-day
repeat-pass intervals of the Sentinell constellation will allow coherence to be preserved irall
vegetated regionson Earth. The effort of processing SLC data to coherence globally ient&fore
likely to be of little value to this project,

2) A single GRD scene in IWS mode covers an area of 250 x 2502,kaorresponding to
approximately 1.6 GB of data. The corresponding SLC image consists of approximat&{gB. Since
SLC data are strongl affected by speckle, multiooking (i.e., spatial averaging) is required. For a
minimal improvement in terms of radiometric resolution, the effort of accessing and managing
images in SLC format instead of GRD format is unjustified.

3) Based on previousexperience when using GRD data for largecale land mapping and
monitoring (Santoro et al., 2017), the quality of the data in GRD format was considered to be
sufficient to support the retrieval of biomass.

The SAR preprocessing chain is shown inFigure 3-3. Before implementing the preprocessing
chain, the output pixel spacing of the Sentinel image data was analysed. The option of pre
processing to preserve the spatial resolution of the data wsadiscarded because of the extremely
large amount of data to be handled throughout the phase of retrieving biomass. Since each image
file consists of roughly 1 GB, we would have faced a total output of 2300 TB of backscatter data
per year to be used fobiomass retrieval. In addition, one would need to account for the size of
the auxiliary data files that support the retrieval, such as maps of layover/shadow and local
incidence angle. In the end, it was decided to spatially average the GRD data filea foxel size
that would preserve spatial details, while effectively removing speckle. It was also taken into
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account that the purpose of the Sentinel dataset was to support the estimation of biomass in the

context of CCI Biomass (i.e., for a community o$ers that does not require high spatial resolution

products). Finally, it was considered that such a dataset should be compatible with other datasets

of Gband backscatter measurments, namely fom Envisat ASAR (see Section 3.3t was,

therefore, decided to process the Sentinell datato the same geometry as thenoderate resolution

1312 AAOAOAO j EsAsh OI A PE@AI OPAAEITC T & pom 1
backscatter observations appeared to be more important than preservinghé high spatial

resolution, eventhough a numerical analysis was not undertaken.

The commercial software package by GAMMA Remote Sensing was used toppoeess the
Sentinell data. Import of Sentinell SAR images into the GAMMA Software consisted of
reformatting the SAR dataset to the GAMMA Software structure (image dataset and metadata in
the image parameter file) (Wegmdliller et al., 2016). In addition, calibration and noise reduction
were applied using the calibration gain and the noise factors reportedn the original image
metadata and auxiliary data files. Precise orbit information was used to replace state vectors
provided in the original metadata of each imagehttps://gc.sentinell.eo.esa.nt/aux_poeorb/).

Auxiliary
ShRimage f orbital data ;

-Geocoding look-up table
DEM -Local incidence angle
-Pixel area
-Terrain slope and aspect
- Layoverfshadow mask

4
Look-uptable | L

generation | | Estimation of
tfrue pixel area

I Improvement of orbital state vectors |

Multi-looking

Pixel area
normalization factor

h 4

Terrain geocoding |

MNormalized MLI
v
i Terrain geocoded LI :

Figure3-3: Flowchart of the Sentin€l data preprocessing

Multi-looking consisted of boxcar averaging of the backscatter of contiguous pixels in the
averaging window. The averaging widow was 15 x 15 pixels in order to achieve a muHiooked
intensity (MLI) image with a pixel spacing of 150 m in both range and azimuth. Because of the
strong averaging, no additional speckle filter was applied. To estimate the level of residual speckle
noise, the Equivalent Number of Looks (ENL) (Oliver and Quegan, 1998) was computed.

Hl
rdd g (3-1)
The computation of the ENL as in Equation3¢1) was implemented by drawing a polygon that
included an area characterized by a homogeneous distribution of features (e.g., a dense forest, a
field) and computing the mean and variance of the SAR backscatter within it. This operation was
repeated for sevenl polygons spread over the SAR image to obtain a histogram of values in order
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to better quantify the ENL and avoid having an estimate based on one or a small number of

polygons that could be biased because of how these were selected. The computation ef ENL

was impossible for all Sentinell images. Since it could be reasonably assumed that ENL should

not depend on seasonality or the specific land cover type, we randomly selected a small number

of images from the data stack of 2017, then created polygoasd finally computed the ENL for

AAAE PIiucii AT A Ei ACA8 4EEO Cr@ird3AAHe med@afwas 1 £ %. |,
162 and the span wa$90, 375] with most values being between 100 and 250. The error statistics

derived from this analysis are further discussed in the E3UB document of the CCI Biomass project
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Figure3-4: Estimates oENL for 35 polygons distributed over five Sentihal\/polarized images randomly
selected in boreal, temperate and tropical environments.

Since Sentinell images were obtained in radar geometry, they needed to be transformed into the
output map geometry.For CCI Biomass, the geographical coordinate system with a pixel spacing
of 0.0013888°, corresponding to 150 m at the Equator, was adopted. The transformation of a SAR
image from radar to map geometry was implemented in the form of a geocoding loalp table
(LUT; Wegmdller, 1999). The LUT reflected the output geometry (map projection in this case); at
each pixel, the LUT contained the corresponding x and y coordinates in the SAR image. The LUT
was created with the aid of orbital parameters and SAR imagegwessing parameters (e.g., slant
to-ground range polynomials, image start time etc.), and elevation information in a Digital
Elevation Model (DEM). Here, we used the global 3 aseconds DEM (i.e., roughly 90 m at the
Equator) described in Section 3.3. Tagher with the LUT, data layers directly related to the
elevation reported in the DEM were also generated (i.e., the image of the local incidence angle, the
image of the pixel area and an image flagging the occurrence of layover or shadow). As the precise
orbits were used, there was no need to refine the geocoding LUT. The-registration error
between the DEM and a small number of geocoded Sentiielmages was estimated by means of
the crosscorrelation technique described in Wegmdller et al., (2002). Thetandard deviation of

the co-registration error was below 1/10t of the output pixel size (i.e., less than 15 m). Again,
given the impossibility of evaluating the ceregistration between DEM and SAR imagery for the
entire Sentinel1 data pool, we assumehat the statistics derived here for a small sample of images
apply to the entire image dataset. This should be reasonable consideritige high precision and
stability of the Sentinel1 orbital parameters.
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To compensate for distortions of the SARackscatter due to sloping terrain (foreshortening,
shadow and layover), a normalization factor was computed. This accounted for the true size of the
pixel instead of the size of the pixel on a flat terrain as assumed when generating the GRD data
product (Frey et al., 2013). The area of each pixel in an image was estimated using the DEM and
the orbital parameters in the SAR image metadata together with the geocoding LUT. The
normalization procedure estimated both the true pixel area and the area of the piken the
ellipsoid (i.e., for a flat surface); from this, a precise normalization factor was obtained. This factor
was applied to each SAR backscatter image to obtain the corresponding image of backscattered
intensity with reduced slope-induced distortions. This step was performed in the original
Sentinekp OAAAO CAT I AOOUWIBAA OO AARIAKIOE | A A Of CABARIGEEION A A
by the cosine of the local |nC|dence angle).

The SAR backscatter image (MLI) normalized for pixel area was finatigrrain geocoded with the
geocoding LUT.

The pre-processing sequence outlined ifrigure 3-3 was repeated for each Sentinel imagepart

of the data pool. To obtain the stack of ceegistered observations of the SAR backscatter, each
image was tiled to the predefined 1° x 1° grid adopted for the preprocessing of the ASAR data in
the context of CCl Land Cover. Eachtile consisted of 720 >0 {#xels.

Figure 3-5 shows the number of Sentinell backscatter observations per pixel for the year 2017.
The density of observations was highest overiope, even if we only selected data from one unit.
In accordance with the observation priorities of Sentinell, outside Europe hazareprone areas
were imaged more frequently than other areas. As a minimum, dugblarized observations every
12 days were awailable, resulting in approximately 30 observations per polarization (VV and VH
or, primarily in polar regions, HH and HV polarization; i.e., 60 observations per pixelfror the
2018 dataset, the density map showed the same spatial patterns Bigure 3-5 albeit an overall
larger number of acquisitions per pixel thanis to the routine operations of both units.
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Figure3-5: Number of observations per pixel for the Sentitie2017 dataset.

To obtain an overall impression of the quality of the preprocessed data, a mosaic of the 2017
Sentinel1l dataset represented as a false colour composite of temporally averajbackscatter is
displayed in Figure 36. As therewere an extensive number of observations per pixel, the mosaic
clearly reveals the features of the land surfaces and highlights that thematic applications based
on Sentinetl time series are possible globdy. The image inFigure 3-6 also shows that the
distortions in SAR backscatter due to sloping terrain have bedargely minimized.
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Figure3-6: False colour composite of the SentirfleR017 dataset. Red: temporally averagedpmarized
backscatter; green: temporally averaged crpsdarized backscatter; blue: ratio of the temporally averaged
crosspolarized and cepolarized backscatter. Pixel size: 150 m x 150 m.

The individual Sentinel-1 images are, however, not free from errors; in particular, images are
occasionally affected both by radiometric errors introduced when the Sentinel raw datawere
processed to GRD format (high backscatter) and residual slofieduced effects corresponihg to
errors in the elevation datasets forming the global DEMUncompensated Radio Frequency
Interference (RFI) affected the measurements locally, in particularlang the coast of the Baltic
Sea.In addition, seams correspondng to the swath overlap were detected in some regions
(southeast China and southwest USyhich were due to an incorrect representation of the noise
in the metadata provided with the image dataA detailed presentation of errors affecting the
Sentinell backscatter dataset is given in the E3UB document [RE).

3.2 ALO& PALSAR (L-band, wavelength 23 cm)

The ALOS mission started on24 May 2014 andcarries an L-band SAR (PALSAR instrument)
wit h slightly improved performance than its predecessor, ALOS PALSARL (see Section 3.5
ALOS2 PALSARZ operates a high resolution acquisition model (25 m, Fine Beam) and a moderate
resolution model (50 m, Wide Beam). Each year global and repeated acqtiisis are scheduled
during seasons that are known to maximize the information content of the backscattered signal
with respect to land surface properties. In both FB and WB mode, PALS2Ricquires data in
single polarization (HH) and dual polarization (HHand HV), covering swaths of approximately 70
km and 250 km, respectively.

Because of the data policy applied by JAXA to ALO&nd ALOS data, only a limited number of
images can be obtained free of charge, which hinders global applicati@obal coveragesof ALOS

2 PALSARZ data can only be obtained in the form of yearly backscatter mosaics for the FB mode
and per-cycle mosaics (46 days) for the WB mode. The WB mode mosaics are also referred to as
ScanSAR mosaicScanSAR being the imaging technique e for covering the large swath of 250
km.The WB mode is, however, operated at regional level, in particular across the tropics, thus not
allowing for annual global coverages.

The ALOS2 PALSAR? dataset used in the context of CCl Biomass consists of

o yearly mosaics of HH and HV polarized backscatter acquired in Fine Beam Dual (FBD) mode
years 2017and 2018

o0 per-cycle mosaics of HHand H\tpolarized backscatter acquired in WB mode betweeB017
and 2018
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All mosaics were produced by JAXA (Shimada and Ohtaki, 2010; Shimada et al., 2014). While the
FBD mosaics are publicly available, the ScanSAR mosaics are available only to a restricted
research community (i.e., the Kyoto and Carbon (K&C) Initiative).

Each BD mosaic covers the entire globe and has been generated primarily with ALRQEBD data
acquired between May and October of a given year. However, to achieve global land coverage,
gaps had to be filled with data acquired in winter throughout the northern kmisphere, and locally
also with data from other years. Currently, mosaics for each year between 2015 and 2018 have
been released. The annual FBD mosaics (Higlarization) for 2015-2017 are shown inFigure 3-7.

The ScanSAR data are primarily acquired over the tropics and therefore the mosaics for each cycle
AT OAO TT1 U PAOO 1 AAnGEaApIeHohS0daSAQ mbsaid cdveridgiie AdazoA 8
bagn is shown inFigure 3-8. A list of all ALOS observation cycles for the mosaics released by
JAXA can be found ifable 3-4.
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Figure3-7: ALOS FBD mosaics, Hoblarization, for the years 2015 (top), 2016 (middle) and 2017 (bottom).
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Figure3-8: ALOS ScanSAR mosaic generated from HV polarization imagery acquired in April 2018 over the
Amazon Basin.

Table3-4: ALOS acquisition cycles for whichawraics of duapolarization backscatter observations acquired in
ScanSAR mode have beenreleased by JAXA.

Cycle Start date Cycle Start date
45 28-Mar-16 91 01-Janl8
48 09-May-16 93 29-Janl8
51 20-Jun16 94  12-Feb18
53 18-Jut16 96 12-Mar-18
56 29-Aug-16 97  26-Mar-18
59 10-Oct16 99  23-Apr-18
62 21-Nov-16 100 07-May-18
65 02-Janl7 102 04-Juni8
68 13-Feb-17 103 18-Juni8
71 27-Mar-17 104 02-Jut18
74 08-May-17 105 16-Jutl8
77 19-Jun17 107 13-Aug-18
79 17-Jukl7 108 27-Aug-18
82 28-Aug-17 110 24-Sepl8
85 09-Oct17 111 08-Oct18
88 20-Nov-17
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To provide an idea of the disparity of Eband observations in the tropics and elsewhere,

Figure 3-9 illustrates the number of ALOS2 observations available when combining FBD and
ScanSAR mode observations from 2015 to 2017. For most of the northern hemisphere only the
annual FBD mosaics arevailable. The number of observations increases the tropics, Central
America and the nontropical regions of Southern America and Southern Africa, with up to 30
observations where both FBD and ScanSAR imagery are available.
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Figure3-9: Number of ALO3 FBD and ScanSAR observations available in the time frame22Q175%

Each of the mosaics is provided in the form of 1°x1° tiles and includes the HH and HV backscatter

(VV and VH over Japargs well as:

1 the local incidence angle with respect to the orientation of the pixel, derived from a DEM-(3
arcsec Shuttle Radar Topography Mission (SRTM) ordtcsec ASTER DEM), as well as
layover/shadow masks

1 the date of acquisition of the image

1 an indication of whether the pixel is land or water

4EA &"$ AAOA x Ak sdiBitiell ByGt@ Adsine(f therlocal incidence angle;
Shimada, 2010), and resampled to a pixel size of 1/40000f a degree in both latitude and
longitude, corresponding to roughly 25m at the Equator. The ScanSAR data were instead
processed to a pixel size of 1/2000 of a degree, i.e., roughly 50 m at the Equator.

The ALOS datasets were geocoded, orthorectified and calibrated by JAXA. The mosaiese also
compensated for variatiors in the pixel scattering area due to topography and for the dependence
of backscatter on the local incidence angle (Shimada & Ohtaki, 2010). However, visual inspection
of the imagery indicated significant problems with the geolocation accuraayf all mosacs except

for the FBD mosaic of 2018 The geometric issue affecteth particular the ScanSAR data. The
results of the visual inspection were confirmed when using matching techniques based on image
cross-correlation to identify systematic linear offsets inNorthing and Easting between the ALOS

2 mosaics and an ALOS PALSAR mosaic for the year 2010, which had been used in the
GlobBiomass project, with better geolocation accuracy. The péte estimates for the offsets in
Easting and Northing, which roughly rélect the range and azimuth dimension of the radar
acquisitions (at least close to the Equator) are shown iRigure 3-10. On average, the offsets were
in the range of 0.5 to Jpixel (1 pixel corresponds to 50 m). In a few cases, the offsets reached more
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than 5 pixels in both Easting and Northing. Ongossible reason for the offsetsnay have beerthat
the SRTM DEM, which JAXA used for terraforrected geocoding and which reports elevations
with respect to a geoid instead of an ellipsoid, was used without compensating for the
geoid/ellipsoid height difference. This was confirmed when relating theoffsets in Figure 310 to
the EGM96Geoid to WGS84 ellipsoid height differenceFHgure 3-11). For scenes acquired
between 20°S and 20°N for which the Eastg roughly corresponds to the range dimension of the
radar imagery (satellite heading of ~10°), we find a clear relationship. In the North direction (i.e.,
roughly the radar azimuth direction), the offset is not clearly related to the geoid height offsehd
the geolocation errors are relatively constant at 0.5 to 1 pixel.

Range offsets [pixels] Azimuth offsets [pixels]

Figure 3-10: Geolocation offset between ALESScanSAR and ALOS PALSAR FBD mosaic for the year 2010
determined on a 1°x1° tile basising image crossorrelation.
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Figure3-11: Geolocation error of ALGEScanSAR mosaics as a function of the EGBAHd/WGS84 elevation
offset. Only scenes acquired between 20°S and 20°N were considered.

The images were therefore caegistered to a Landsat reflectance mosaic from 2000 (Hanser e
al., 2013) assuming a linear offset in Easting and Northing. Different reflectance bahdtios from
Landsat were tested for the ceregistration by means of crosscorrelating small image chips in the
ALOS and Landsat imagery. Tests indicated that the Normalized Difference Vegetation Index
(NDVI) presented the highest correlations with the Eband backscatter imagery, which is why the
NDVI was selected as reference fahe co-registration. In the coregistration, it was considered
that, as a consequence of the height offsets in the DEM that had been used for geocoding the radar
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imagery, the geometry of the backscatter imagery and the local incidence angle files ds not
match. As a consequence, the conversion frog? to ¢ performed sub-optimally. To reduce
topographic errors in the backscatter imagery, thep imagery was reconverted tosobefore co
registration. After the coregistration, the backscatterimages were converted back @ using the
local incidence angle mapsrigure 3-12 and Figure 3-13 demonstrate that this procedureleads to
reduction of topographic effects in the backscatter imagery. In the example Figure 3-12, the co
registration indicated an offset between Landsat and ALG&Simagery of 0.5 pixels (~50m) in
range. After resampling the backscatter images to better match the geometry of the Landsat NDVI
image, the corrected HV backscatter image differed from thencorrected image for up to 3 dB,
mostly in areas of steep terrain. In the example ifrigure 3-13, the coregistration indicated a
range offset of even 1.5 pixels (~15) between ALOS and Landsat imagery. Accordingly, the
co-registration resulted in backscatter over steep terrain that differedby up to 5 dB from the
uncorrected image.
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Figure3-12: Effect of ceregistration of a 1x1 degree tile ofdand HV backscatter acquired over central Germany
with Landsat NDVI imagery.
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Figure3-13: Effect of ceregistration of a 1x1 degree tile of-band HV backscatter acquired over the Nerth
western United States with Landsat NDVI imagery. 1.5 pixels (~150) shift in range.

While the coregistration clearly improved the backscatter images in areas of steep terrain, it has
to be stressed that a full correction of the geolocation errors and resulting radiometric errors over
sloping terrain could not be achieved without detailed information about the imaging geometry.
The coregistration represents a temporary workaround until reprocessed ALOS/ALO8 mosaics
become available. The geometric mismatches were communicated to JAXA aldiseswere
investigated leading to an improved processing sequence that was applied to generate the FBD
mosaic of 2018.

In order to reduce thespeckle in the ALOS imagery, all images were:
1) aggregated to the target pixel size of 100 m (0.00088888°) for the mapping of biomass
2) filtered with the multi -temporal filter suggested in Quegan & Yu (2001)

The ENL of the imagery after filtering wasssessed for a number of homogenous forest patches,
identified by means of visual image interpretation. Since the performance of the muliemporal
filtering depends on the number of images considered in the filtering as well as the level of speckle
correlation between images (which given the repeat intervals of ALGZof 14 days should be low),

no global ENL can be specified. In areas where only FBD mosaics were available, we find the ENL
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to be of the order of 70 to 80. In areas where FBD and ScanSAR immagmuld be combined, the
ENL was on average of the order of 300.

The mosaics exhibit significant striping, in particular in the boreal zone as well in areas with
continuous forest cover, such as the Amazon or Congo Basin. In the boreal zone, the stgipm
because imagery acquired under winter frozen conditions had to be used by JAXA to achieve
global coverage Figure 3-14). When imagery was acquired under these condions, the
backscatterwasseveral dB lower than under unfrozen conditions and the sensitivity to biomass
was alsoreduced (Santoro et al., 2015b). Radiometric balancing of the mosaics in the boreal zone
was not attempted because when generating the mosa JAXA already attempted to reduce the
differences between adjacent orbits using a weighted feathering approach. However, for adjacent
orbits acquired under frozen and unfrozen conditions with backscatter offsets of several dBs, the
feathering led to strong artefacts, which cannot simply be undone. It was therefore concluded that
it is better to optimize the multi-temporal biomass retrieval algorithm by detecting images
affected by freeze/thaw transitions and giving them low weights compared to the other wuiti -
temporal/multi -sensor imagery in the biomass retrieval (i.e., Sentindl and ALOS).
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The striping visible in the mosaics over continuous tropical rainforest is associated with the
incidence angle dependence of backscatter. In the tropicthe striping is more apparent than
elsewherebecause of the continuous forest cover and the low sensitivity of bkscatter to forest
density or biomass. Methods aiming at reducing the incidence angle dependence of backscatter
need to consider that the local incidence angle dependence differs between land cover classes
which might be considered opaque isotropic volumecatterers (e.g., dense tropical forest) and
sparse vegetation classes with increasingly noeisotropic properties. A semiempirical method
aiming at adaptive normalization of backscatter with respect to the incidence angle was presented
in Hoekman & Reicle (2015). However, the approachvas mostly valid when using radar imagery

to map land cover classes. The implementation when aiming at retrieval of a continuous forest
variable such as biomass (i.e., when the normalization approach should adapt to the fsire
variable of interest itself) is not clear and requires further investigation.

Inthe meantime, we opted to minimize the striping effects observed over dense tropical rainforest
using an empirical normalization approachn which trends of the backscatter over closed tropical
forest canopies as indicated by Landsat canopy density magsee Section 3.10)n the Easting
direction, i.e., roughly the range dimension in the SAR imaging geometry, were compensated for
by:

1) identification of trends in L-HV backscatter using a lindy-line moving window median
filter of 100 pixels window length,

2) normalization of the ALOS2 backscatterby subtracting line-by-line the median trend
from the actual observations and adding the reduals back to theaverage backscatter
observed over closd tropical forest canopies

The normalization leads to more consistent backscatter mosaics over the tropicBigure 3-15) in
whichincidence angle dependent trendsvere mostly removed. A drawback of the normalization
is, however, that smaller scale variability in backscatter is smoothed out (i.e., some spatial detail
over closed tropical forest canopies, which may or may not be associated with different biomass
levels, is lost).

e
Yos

Figure3-15: ALOR L-HV mosaic before (left) and after (right) normalization.

3.3 Envisat ASAR-f@nd, wavelength 5.6 cm)

During the Envisat mission (20022012), the ASAR instrument operated over land in four wdes.
Image Mode and Alternating Polarization Mode (spatial resolution < 30 m, swath width
approximately 100 km) provided frequent monitoring, but with spatial coverage too sparse for
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global applications. The 150 m resolution Wide Swath Mode (WSM) had a%4&m swath and
provided multiple observations of a target during the repeatpass cycle (35 days until October
2010, 30 days thereafter). For example, at 60°N, observations every three days were possible,
albeit at incidence angles between 18° and 43°. Froiine high-resolution modes, ESA also
generated Image Mode Medium (IMM) and Alternating Polarization Medium (APM) datasets at
the same resolution as the WSM (Desnos et al., 2000), filling some of the gaps inthe WSM coverage.
The Global Monitoring (GMM) moed, which was operated as a background mission when the
instrument was not meeting other requests, also had a 405 km swath but with 1 km resolution.
From the 10 years of acquisitions, the ASAR archive contains acquisitions in one specific mode for
virtually anywhere on Earth. These are publicly available on a rolling archive in ESA's Grid
Processing On Demand (B0D) facility, which is designed for processing large amounts of data
using code provided by the user.
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Figure3-16: Map of ASAR acquisitions at 150 m (WSM and IMM combined) and 1,000 m (GMM) per 1°x1° grid
cell for each year between 2009 and 2011. The colour bar has been constrained between OcbstB@tions
to increase the image contrast in regions of poor cage.

Figure 3-16 shows the number of ASAR observations over land for acquisitions at moderate
resolution (150m) and at coarse resolution (1,000) m for each year between 2009 and 2011.
(https://wiki.services.eo portal.org/rss -storage-data.php). We omit all other years because of
similar spatial patterns. Nearglobal, dense datasets of backscatter were obtained in GMN.
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contrast, the acquisition patterns for modes operating at moderate spatial resolution was pzty,
achieving higher frequency in polar regions, Europe and other regions of interest to research
communities providing inputs to the acquisition plans by ASAR. Complementing all ASAR
acquisitions led to global coverage with the exception of some islandis Oceania and isolated
islands in the southern hemisphere.

All ASAR data acquired in IMM, WSM and GMM over lanére pre-processed in past research
projects to form stacks of ceregistered images of SAR backscattérhe pre-processing sequence
implemented for the ASAR dataset followed the same strategy applied to process the Sentibel
data. The ASAR data we pre-processed to obtain calibrated and speckle filtered images with
sub-pixel co-registration accuracy, arranged in a structure that allows easy aess and
management Eigure 3-17) (Santoro etal., 2011; Santoro et al., 2015aTo this enda globaltiling
grid tied to the geographic reference system and having itwigin at 90° N, 180° W, with tiles of
relatively small size was used. The IMM and WSM images (spatial resolution approximately
150mx150m and pixel size 75mx75m)wvere geocoded to a pixel size of 1/720 of a degree in
latitude and longitude andtiled into 1°x1° tiles (i.e., 720x720 pixels)The tiling grid was used for
the pre-processing of the Sentinell data as well. The GMM images (spatial resolution
approximately 1 kmx1 km and pixel size 500mx500mjvere instead geocoded to a pixel size of
1/100 t of adegree in latitude andlongitude andtiled into 2°x2° tiles (i.e., 200x200 pixels).

SAR pre-processing

Geocoding refinement

SAR backscatter
image products
(geocoded)

Processing of SARimage - Generation of rmosaic of well-

- Impaort of SAR image geocoded SAR images

- Co-registration of remaining SAR
images to mosaic

- Calibration
- Update of arbital data

- Check coverage of land

- Multi-look Local incidence
- Speckle filter (spatial domain) angle image
Pixel area image

¥

I
I
J SAR backscatter
image products

(refined, geocoded)
—

- Terrain geocoding

Tiles of
- SAR backscatter

- incidence angle

h

Processing of tiled data Imagetiling

- pixel area

- Speckle filter (termporal damain)
[

I
Tiles of SAR backscatter

(1x1 degree @ 150 m)
(2x2 deg @ 1,000 m)

Figure3-17: Flowchart of ASAR pigrocessing.
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geometry. Each imagavas first calibrated to s° using factors provided by ESA in the image
metadata. Orbital state vectorsvere improved or extended using DORIS Precise Orbit State
Vectors  (htps://earth.esa.int/web/guest/data -access/browsedata-products/ -/article/doris -
precise-orbit -state-vectors-1502). At this stage,the coverage of the ASAR image wachecked
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against a coarse resolution map of land masses; images acquired over the oceane discarded.
Each imagewas then multi-looked, i.e. spatially averaged using a 2x2 window to obtain a pixel
size closer to the original spatial resolution. A gamma MAP filter (Lopes et al., 1990as applied
to obtain an estimate of the local average baskatter, whichwas laterused as a weight in mult
channel speckle filtering.

Each ASAR imageasgeocoded to the geographic projection usinghe look-up table procedure
described for geocoding Sentinell images For additional information, it is referred to Santoro et

al. (2015b). In addition to the LUT generation, we applied crossorrelation techniques to
compensate for offsets between the geometry described in the LUT and the true geometry. This
step was necessary for ASAR data even after the corrextifor precise orbits. Offsets were
estimated between the SAR image and an image of the SAR backscatter simulated from the DEM.
The map of offsets in range and azimuth direction was then modelled with a fowoefficients
polynomial; the resulting 2-D modelof offsets was finally applied to the LUT so to obtain a refined
version, which was eventually used to terrain geocode the SAR imager images covering mostly
flat terrain and characterized by poor ceregistration with the simulated SAR image from the EM

the geocoding was refined by caegistering the geocoded SAR image with a mosaic of well
geocoded ASAR images (Samo et al., 2011). This ensuredhat all imageswere geocoded with
sub-pixel accuracy.

Each ASAR image and the corresponding images a4l incidence angle and pixel areeretiled

to the predefined grid to obtain a multiyear data stack of observations of the ASAR backscatter
with corresponding local incidence angles and pixel area. For each tile, a slightly modified version
of the multi-channel filtering approach in Quegan & Yu (2001jvas applied to the stack of
backscatterimages. It should be noted that this filter could not be applied before, e.g., in the radar
geometry, because the stack of backscatter observationgiginates from images acquired along
multiple orbital tracks both along ascending and descending orbit®ifferently than in Quegan &
Yu (2001),where the local estimates of the backscattering coefficientere obtained by means of

a moving average applied to the iensity images herewe usad the gamma MAP filtered images
as local estimates of the backscattering coefficient. It is here remarked that that gamma MAP
filtered images were obtained in the radar geometry (5 x 5 window) so that the number of looks
of the filtered images were not affected by the different size of the pixel for different latitudes.

As shown inFigure 3-16, truly global coverage with ASAR data could be abhed only by merging
the GMM with the IMM and WSM datasets. Since thember of observations from the GMM was
much larger than those acquired at moderate resolution, it made sense to achieve the truly global
coverage at 1,000 m spatial resolutiorby complementingthe GMM pool of observations with
WSM and IMM observations multiooked from 150 m to 1,000 mWhile the correct procedure to
obtain a data stack atoarse resolutionwould have required multi-looking each image acquired
in IMM and WSM to 1 km andhen terrain geocoding to1,000 m, we decided to simply multiook
and resample the already geocoded WSM and IMM images to avoidbsantial pre-processing
activities that could not be acconmodated atthe time of the ASAR image processing. As a result,
the multi-channel filtered geocoded WSM and IMM images and the corresponding images of
incidence angle and pixel areavere multi -looked with factor 7x7 and resampled to the 0.01° pixel
sizeof the GMM imagesising bi-cubic interpolation.

This merged datasé was used in the GlobBiomass project as predictor in the BIOMASARC
algorithm in order to guarantee waltto-wall coverage and reliability of the estimates. The
drawback was loss of spatial detail and approximations in regions with patchjandscapes.
Although we could not explicitly assess the impact of spatial resolution on the AGB estimates,
visual assessments of the GlobBiomass map for 2010 and ftiirst CCI Biomass map for 2017 in
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regions where the contribution of Gband was strong indcated higher quality and level of detail
in the latter.

For this reason, we reconsidered the use of AAR datan the context of CCl Biomass to map AGB
in 2010. Although the coverage at 150 nwasnot optimal to allow for unbiased estimates of AGB
in large parts of the world, the 1,000 m dataset would probably havdecreased the effective
resolution of the map product, introducing local biases due to the fscaling from 1,000 m to the
target pixel size of the CCI Biomass maps of 10Q o achieve the largst possible coverage with
the medium resolution modesit was decided to useASAR data acquireéh 2010 and 2011 to also
obtain a hyper-temporal dataset.

Regardless of the final spatial resolutionslope-induced distortions need to be accounted for to
avoid artefactsin the AGB maps in consequence of too low or too high backscatter. Because of the
moderate-to-coarse spatial resolution, e procedure proposed by Frey et al. (2013) and applied

to the Sentinetl data could be relaxed. The terrain geocoded lokscatter was normalized by
compensating for the effective pixel scattering area and local incidence angkes follows
(Wiesmann et al.; 2004; Ulander, 1996; Castel et al., 2001).

Aﬂat éGogj'ref 6”
A‘slope (; Og}oc 8

In Equation (3-2), goc and gt represent the local incidence angle and a reference incidence angle
(e.g., the incidence angle at midwath) respectively.Asope and Ara: represent the true pixel area
and the local pixel area for theoretically flat terrain respectively. The images ohe¢ area
normalization factor (Asat/ Asope and the local incidence anglevere obtained from the DEM and
orbital information (Wegmdller, 1999). For bare surfaces, the exponenh is equal to 1. For
vegetated surfacesn expresses the variation of the scatténg mechanism due to the presence of

a volume on sloping terrain, so is related to the optical depth of the vegetation. Forb@nd co
polarized data, it can be assumed to be equal to 1 (Ulander, 1996; Castel et al., 2001). Hence, the
compensation correctdor the effect of terrain slopes on the backscatter but not for objeetpecific
modulations of the backscatter due to slope and orientation (e.g., the effect of slope and
orientation of trees on the backscatter)ltis noted that n=1 was also applied wheworrecting the
Sentinel1 data for slopeinduced terrain and by JAXA in their mosaics processing sequence. The
impact of local incidence angle on the SAR backscatter and on biomass retrieval is further
addressed in Sectiord. Again, he two-step approachproposed by Hoekman & Reiche (2015)
according to which the correction of slopeinduced effectsis tuned with land-cover based
empirical functions is not considered to be feasible in this context as it would requiréhe biomass

to be known a priori to seled the appropriate correcting function.

0

2’=0°

(3-2)

Onemajorissue with the ASARScanSAR dataGMM and WSNis the sulboptimal inter -calibration

of the swaths forming an image. Ti8 results in an offset of the backscatter across the seam
between two adjacentswaths, typically of the order of a fewtenths of a dB. This issue is critical in
environments where the backscatter difference between unvegetated terrain and dense forest
1-2 dB. Figure 3-18 shows an example for an ASAR GM1 image covering the rain forest of the
Brazilian Amazon. The area covered by the image corresponds to very dense tropical forest
(percent tree cover from the MODIS VCF data = 80%). The panel oa tbft shows a clear offset of
the backscatter along a diagonal line, which corresponds to the seam between adjacent swaths of
the ASAR image. A profile of the backscatter values along the dashed Linewn on the ASAR
image shows the clear offset at thevgath intersection.
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Sincethe calibration of the ASARdata cannot be reversed, the only procedure to avoid radiometric
offsets becomning biomassoffsets is to applya crude 1-D moving median filter (length: 11 pixels)
on each line of a geocoded imagerior to biomass retrieval Thefiltering is limited to dense
tropical rainforest and moist forests where such offsets would lead to offsets of 100 Mg thar
more. Currently , the filter is applied to pixels labelled as tropical wet and tropical moist by the
FAOGEZ datase{Section 3.1). Figure 3-19 shows the result of filtering. The strong median filter
reduces seams but also smalicale features, thus limiting the possibility to resolve small
variations of biomass. This was consideredotbe of minor importance compared to producing a
map with artefacts, given that @and should not be able to estimate biomass with high accuracy
in high biomass tropical forest.

Example for an ASAR GM1 image

covering dense forest (VCF: 80%) Profile of SAR backscatter along transect
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Figure3-18: lllustration of backscatter offset along the seam between two adjacent swaths of an ASAR GM1
image covering dense tropical forest in the Amazon (left panel). The profile of the backscatter along the dashed
line superimposed to the ASAR image is shoimettie panel onte right handside.
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Figure3-19: Example of the ASAR GM1 used in Figul® defore and after filtering with a moving median filter.

3.4 ALOSL PALSAR

The ALOSL mission operated between 2006 and 201with the PALSARL radar instrument
onboard.. Coverages were achieved both atgh-resolution in the Fine Beam mode (FB, 25 m) and
at moderate resolution with the Wide Beam mode (WB, 100 m). Each year global and repeated
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acquisitions were scheduled during seasonshat were known to maximize the information
content of the backscattered signal with respect to land surface properties. In FB mode, PALSAR
1 could acquire data in single polarization (HH) and dual polarization (HH and HV), covering a
swath of approximatdy 70 km. In the WB mode, data could be acquired only in Hbblarization

but covering a swath of approximately 250 km.

Because of the data policy applied by JAXA to ALO&nd ALOS data, only a limited number of
images can be obtained free of charge, hich hinders global application. As for ALOS (see

Section 3.2, global coverages of ALOS PALSARL data can only be obtained in the form of yearly
backscatter mosaics for the FB mode and peycle mosaics (46 days) for the WB mode.

The ALOSL PALSARL dataset used in the context of CCl Biomass consists of
1 yearly mosaics of HH and HV polarized backscatter acquired in Fine Beam Dual (FBD)
mode between 2007 and 2010
1 per-cycle mosaics of HHpolarized backscatter acquired in WB mode between 2007nd
2010

All mosaics were generated and distributedoy JAXA (Shimada & Ohtaki, 2010; Shimada et al.,
2014). EachFBD mosaidncludes data acquired between May and October of the given year. To
achieve global land coverage, gaps wercasionallyfilled wit h data from other years. JAXA
reported that the gaps were minor so that each mosaic truly represents the backscatter for a given
year.

For each pixel,any of themosaic datases provides:
1 the HH(FBD and WB)xnd HV(FBD only)backscatter
1 the localincidence angle with respect to the orientation of the pixel, derived from a Digital
Elevation Model, (3arcsec SRTM or -arcsec ASTER DEM), as well as layover/shadow
masks
1 the date of acquisition of the image
1 indication of whether the pixel is land orwater

Figure 3-20 shows the HV backscatter for 2010; bright tones correspond to forested areas, while
dark tones correspond to bare areas and water surface®Vith respect to the ALO yeary
mosaics the ALOSL datasets present less striping due to the higher success rate of ALDS
acquisitions and the less frequent necessity of gap filling with data acquired in other years or from
multiple seasons (personal communicatn, A. Rosenqvist).
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Figure3-20: ALOSL PALSAR mosaic of HV images acquired during 2010.

As forthe ALOS mosaics, the ALOS mosaicswere processed tog, i.e. (1o divided by the cosine

of the local incidence angle (Shimada, 2010), and were provided as 1°x1° tiles for all land masses
with a pixel size of 1/4000+ of a degree in both latitude and longitude, corresponding to roughly
25 m at the Equator.

The weightedfeathering approach applied by JAXA to smooth the backscatter differences between
adjacent orbital tracks distorted the original backscatter and could cause errors in retrieval of
biomass. In addition, although JAXA corrected the backscatter for slepeluced effects, residual
striping is clearly visible in areas of strong topography, particularly in northern hemisphere
forests. As a workaround, we opted to replace individual 1x1 degree tiles in the FBD mosaic for
2010 (primarily in the boreal zone) with the corresponding tiles in the mosaic representing the
year 2009 locally.

3.5 ICESaGLAS

Although primarily designed for altimetry, between 2003 and 2009 the Geoscience Laser
Altimeter System (GLAS) on boardCESatcollected information about the vertical structure of
forests in ca. 65 m large footprints collected every 170 m along track. The distance between tracks
was of the order of tens of km and increased towards the equator. When forest cover lay within a
footprint, the returned signal reflected the vertical distribution of matter, with the density, shape
and reflectivity of leaves, needles and branches in each layer of the forest canopy determining the
strength of the reflected signal from the respective layer. An example of the vertical distribution
ofd AOCU OAOGOOT AA &EOI I A El OAGde 3420 Behbendng dn(dhk /]
height and structure of the forest, the waveform will present a different extenaind shape as well

as a different number of peaks. The beginning and end of the waveform are determined based on
a threshold defined relative to the noise floor. The height of the first (from the top of the canopy)
and last (from the forest floor) returns was defined as the heights where the signal energy
exceeded 4.5 times the mean noise level (Los et al., 2012). Their difference is referred to as the
waveform length.
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Figure3-21: AnICESatGLAS waveformhewing the vertical distribution of returned energy from a forest (from
Los etal., 2012).

In CCl Biomass, we use the dataset prepared in the GlobBiomass project (refer to the ATBD of the
GlobBiomass project for details on the GLA14 product; R8). The GIA14 product (version 34),
which provides altimetry data for land surfaces only to which geodetic, instrument and
atmospheric corrections have already been applied. For each footprint, up to six Gaussians were
used to model the raw waveform, as described iHofton et al. (2000).

The GLAS data were used to estimate canopy densitZ[) estimated as the ratio of energy
received from the canopy (returns above the ground peak) to the total energy received and the
height (h) as the distance between thground peak and signal beginningRH100 (Figure 3-22).
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Figure3-22: An ICESat GLAS waveform, showing the waveform metrics used to calculate RH100 & CD (Hilbert &
Schmullius, 2012)

Forest heightwas computedfollowing the approaches in Simard et al. (2011) and Los etal. (2012),
which calculated RH100 globally and definedh set of filters to discard footprints affected by
topography and various noise sources in the waveforms [RB]. The remaining GLAS database
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contained estimates of RH100 for ca. 26.5 million footprints; their distribution is illustrated in
Figure 3-23.
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Figure3-23: Number of CESatGLAS footprints after screening of GLA14 product.

3.6 ICESaP

Unlike the GLAS sensor, the Advanced Topographic Laser Altimeter System (ATLAS) onboard the
ICESat2 satellite, usesphoton counting to retrieve elevation. ATLAS sends pulses of laser light to
the ground, collects photons reflected by the surface underneath and times each photaturn.
With a frequency of 10,000 pulses per second, ATLAS achieves a much denser portrait of the
surface compared to the 40 pulses used by GLAS. Cansie shots are seprated by 70 cm, which
reduces the ambiguity of the surface vs. vegetation reflections and the impact of topography on
the reflected signal (Neenschwanderand Pitts,2019). Together with a very accurate timing of
the photons, these two features enable aCOAOA | APPET ¢ 1T £ OEA %AOOEBJO
it enables profiling of vegetation, even though the measurement technique is strongly affected by

the power recorded by the instrument. ATLAS splits the laser into six beams arranged as three

pairs of beams approximately 3.3 km apart from one anotherRigure 3-24) (Markus et al., 2017.

Each pair consists of a strong and weak energy beam (4:1 ratio). The combinatidritee strong

and weak beam return allows better characterization of surface topography (Neusohwander

and Pitts, 2019. However, for vegetation studies, it is advised to flag measurements
corresponding to weak beams because of the partly undetected veggte layering in the

returned signals.
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Figure3-24: Configuration of the ICESatobservations (Neuenschwander and Pitts, 2019).
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For land and vegetation, a specific product has been developed (AT)@8leuenschwanderand
Pitts, 2019) that contains geophysical parameters related to vegetation and terrain heights. The
ATLO8 algorithm estimatesthe ground surface and top of canopy surface elevatiorfsom the
photons, from which a number of parameters of rehtive height are then computed. From an
investigation in boreal forests, it was understood that the RH98 (relative height, 98 percentile)
corresponds to canopy height and that seasonal conditions (e.g., snow on the ground) have an
effect on the height estinates. In addition, the properties of the canopy height retrieved in the
dense tropics may be erroneous, in particular if from the weak beam, because of the very small
number of photons recorded from the forest floor (Neenschwander and Pitts,2019). Also,
persistent cloud cover hinders the acquisition of aufficientnumber of photons to pass the set of
quality filters implemented in the data processing algorithms.

The ATLO8 product provides the parameters with a 100 m step size along the flight direction
Currently version 3 of the product is available from the National Snow and Ice Data Center
(NSIDC) https://nsidc.org/data/atlO8 ) in the form of strips of photors collected along one orbit
ICESat2 data havebeen available since 14 October 20180 obtain segments from the original
photon data, the original files are reformatted with the pysl4land Tool, a set d?ython tools to
process spaceborne lidar (GEDI andICESa2) for land (pySL4Land) applications
(https://github.com/remotesensinginfo/pysl4land ). Herewith, the original photons are grouped
into segments of 100 m length and 25 m width.

The yet not final version of thel CESat2 datasets suggested moderate use of the data currently
provided. Given also the large size of the dataset (120,000 files corresponding to 3.8 TB of data on
15 February 2021), it was preferred to proceed with an exgratory use of the ICESat2 datain

the context of CCl Biomasand to restrict the use of the datato two months of measurements
(December 2019 and July 202Q)With each month, almost full global coverage was obtained
combination to form a single dataseresulted in a reliable representation of the global distribution

of canopy height worldwide (Figure 3-25a) and rather homogeneous coverage of the world O
forests,though with some gaps Figure 3-25b).
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Figure3-25: Global distribution of canopy height estimated from a twmnth dataset ofl CESaf acquisitions
(a) and corresponding number of segmenggained to form the ATLO8 produd). Dark blue areas in (b)
correspond to data gap For the display, the origindleights have been averaged to a pixel size: 0.25°.

The purpose of using adataset acquired in different seasons was to understand whether seasonal
conditions impact the values of the canopy height metrics. Somewhat lower heights were obtained
during winter conditions in the northern hemisphere and during summer conditions in the
southern hemisphere. These resultshould be interpreted with caution because wesonsidered
only two months of data. Furthermore, welid not exclude from our analysis dta from thelCESat

2 weak beamaor used flagsas in the case of théCESatGLAS dataset to identify measurements
potentially affected by systematic errors (topography, sparse vegetatigetc.). Qur main intention

at this stage was to obtain a dense glodacoverage of observationsand understand the
contribution of this new dataset to the CORE retrieval algorithm

The subset of observationgndicates that ICESat2 canopy height isclosely related to canopy
height derived from the more mature dataset base onICESalGLAS dataFigure 3-26), therefore
supporting its use in the retrieval algorithm andfurther investigation of these data to be able to
maximize their impact on global biomass retrievalsThe discrepancies at the lowst and highest
end of the range of CESatGLAS values appear to be systematic and need to be further addressed
to understand the real contribution ofICESat2 observations.
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Figure3-26: Median (circle) ad interquartile range of ICES2tcanopy heights for unit canopy height values
from the ICESat GLAS dataset. Pixel size: 0.25°.

3.7 GEDI

The Global Ecosystem Dynamics Investigation (GEDI) instrument (Dubayatal.,2020) is a full
waveform LIDAR installed o the International Space Station (ISS) and observes land masses
between +/-52° latitude. The size of the footprint is smallerthen for ICESat GLAS (25 m vs. 70 m
diameter) and the density of observations is higherThe system consists of one laser splibio two
AAAT O | OAT OAOAcCAe AAAI 6gqh AT A Oxi 1 AOAOO 1 PAO
GEDI leads to 8 parallel tracks, separated by about 600 m across track. Along geatk, footprint

centers are separated by 60 m. The distance betweedjacent orbital tracks was about 1 km until
January 2020 (Figure 3-27), after which it increased to 70 km (personal communicatiod.
Armston, UMD), resulting in sparser coverage.
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Figure3-27: GEDI orbital track& weeks) as illustrated in (Dubayah et al., 2020).

From the waveform data, a number of height metrigincluding canopy height (defined as Relative
Height 100) and canopy density are obtainedThese level 2A (height metrics) and 2B (canopy
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density) data are provided at the level of individual footprints. At the time of writing, version 1
with data starting on 25 March 2019, is available
(https://lpdaac.usgs.gov/products/gedi0O2_av001/). To be able to ingest the GEDI datatmthe
environment of the CORE algorithm, data from individual orbital files are reformatted with the
pysldland Tool.

As for theICESat2 data, the GEDI datevere explored to understand the contribution to the CORE
retrieval algorithm of CCI Biomass. To achieve a preliminary but still global understanding of the
GEDI data, we downloadethree monthsof datafrom summer 2019 (JuneAugust). We refrained
from additional downloads because of continuous interruptions of de transfer and the
cumbersome handling of interrupted downloadsFigure 3-28a shows the spatial distribution of
canopy height based on the three monthef data and the corresponding number of footprints
within an area of 25 km x 25 km. The coverage is almosbmpleteover the land masses observed
by GEDI as shown by the map of observations kigure 3-28b. The spatial distribution of canopy
height is similar to the distribution obtained from the ICESat2 dataset igure 3-25a). However,
Figure 3-29 shows that the agreement between the GEDI dataset and tHeESatGLAS dataset is
strong only in an intermediate range of canopy heights. The low and high end of the terrestrial
canopy heightsare over- and underestimated, respectively. As in the case of theESat2 data, we
did not apply filters which may have somehow altered the real distribution of the GEDI heights
with respect to ICESatheights. Nonethelessjt is improbable that filtering the GEDI data would
compensate for the systematic issues at the end height extremes. An important test will be to redo
the analysis as newer versions of the GEDI dasae published to obtain a clearer understanding
of the results.
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Figure3-28: Global distribution of canopy height estimated from a threwnth dataset of GEDI acquisition&)

and corresponding number of footprints (b). Dark blue areas in (b) correspond to data gaps. For the display, the
original heights have been averaged to a pixel size: 0.25°.
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the ICESat GLAS dataset. Pskad: 0.25°.

3.8 Digital Elevation Model

The DEMFigure 3-30) used in the preprocessing phasef the SAR datand to analyse the quality
of the retrieved biomass consist®f a global dataset of 1° x 1° tiles collated from various sources
to form a seamless and gafree dataset of surface elevation (de Ferranti, 2009). The dataset has
a pixel spacing of 3 areseconds, corresponding to 90 m at the Equator. For regions betwe60°N
and 56°S, the DEM consists of gdjled 3 arc-seconds SRTM elevations; refer to de Ferranti
(2009) for details on the gapfilling approach. For latitudes north of 60°N, the elevations consist
of a blend of datasets (topographic maps, coarse and higesolution DEMs, optical imagetry)
selected according to which has the best quality in a given region (de Ferranti, 2009).
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Figure3-30: Global seamless DEM based on elevation datasets available at
http://www.viewfinderpanoramas.org.

To support the terrain geocoding of the Sentinel images to 150 m pixel size, the DEM was
resampled using cubic resampling, as implemented in the gdalwarp tool of the Geospatial Data
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Abstraction Library (GDAL).The same pra@edure was applied to the DEM to terrain geocode the
ASAR images to 150 m and 1,000 m.

Following indications by de Ferranti (2009), the consistency of elevations reported in this global
dataset is superior to otherglobal elevation datasets. In spite of@ne inaccuracy, we still find this
DEM to be the most reliable option for pregprocessing and analysis. An analysis tife morerecent
global WorldDEM based on @anDEMX interferometric data (Rizzoli et al., 2017) revealed
somewhat higher thematic accuracy ad spatial details than our global DEM but also a range of
artefacts of various types (wrong height in correspondence of water bodies, voids etc,). As
artefacts would propagate to the retrieved biomass, we still prefer using a voiftee and clean
DEM.

3.9 MODS Vegetation Continuous Fields

The MODIS Vegetation Continuous Fields (VCF) product (MOD44B) (DiMiceli et al., 2015)
estimates the percentage cover of woody vegetation, herbaceous vegetation and bare ground. It
was derived from all seven bands of MODIS (Hansen et al., 2003) and is available annsitige
2000 with a spatial resolution of 250 m. Version 6 is the current version. Data are provided in an
sinusoidal projection in tiles of 4800 x 4800 pixels from the Bbal Land Cover Facility (GLCF) and
can be accessed via the following website
(https://lpdaac.usgs.gov/dataset_discovery/modis/modis_products_table/mod44b_V06). In
this project, the datasetwasresampled from 250 m to 300 m to match the CCI Land Cover dataset
and allows nested gridding with the Sentinell and ASAR datasetwith a pixel size of 150 mlts
usewas foreseen in the training phase of the models raling Cband backscatter to biomass (see
Section4).

3.10 Landsat canopy density and density change

I CI T AARAOARIAAGMAD T DU AAT OEOU I AP OADPOAOGAT GET ¢ A
AOAT AxT OE T £ OEA "1 1T AAl &1 OKPOGQB8EAT CAAPORRAAA O U;
OOEOA AI DOODME OAZEI AAOAT AA T AOOEAO i A@EI OI h I
AAl AOI AGAA & O OEA cii AAl , AT AGAO AAOGAOGAOG AT A O
I £ OAOU EECE OAOGI OBOEAER OAJ ACIADGER @EBA Dl A EODAD O3
i OIZDEl DT OA1 1 AOGOEAOG xAOA A1 01 OOAA O bDOI AGAA (
ET Al OAET C ET &l O AGET T AQGEIOOA AQEAADA AED OBA BN EAA OA ¢
Al OAOBOAAEAT CA AAOAAAOGA ETAI OAAO A om i xAOAO A

AAT 00 Ei x OEEO i Abp xAO CAT AOAOAAS
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Using the same algorithm, the United States Geological Survey (US&®) the University of
Maryland, Department of Geographical Sciences, released 30 m resolution raster data layers for
circa 2010 of canopydensity and bare ground from Landsat 7 ETM+ datéFigure 3-31). The
canopy density and bare ground data are per pixel estimates, 1 to 100% (given as integers values
1-100). Data description and access information can be found under
https://glad.umd.edu/dataset/global -2010-tree-cover-30-m (last consulted on 13 January 2020)

The use is foreseen in the training phase of the models relatingb@nd and L-band backscatter
observaions to biomass (see Section}4
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Figure3-31: Canopy density map for the year 2010 produced from Landsat.

3.11 AVHRRanopy density

For the time period 1982-2016, yearly maps ofvegetation cover density were derived from the
Advanced Very High Resolution Radiometer (AVHRR) as part of tNASA Making Earth System
Data Records for Use in Research Environments (MEaSUR&tsjvity (Songet al., 201§. TheVCF
Version 1 data product (\CF5KYR) provides global fractional vegetation cover at 0.05° (5,600
meter) spatial resolution (https://Ipdaac.usgs.gov/products/vcfSkyrv001/ ). Here, we used the
2010 dataset andspatially averaged the map to 0.25% Figure 3-32) with the scope of aiding the
generation of a global dataset of maximum AGB. An assessment of this dataset comptyetie
MODIS VCF dataset revealed stronger temporal consistency, likely due to the higher density of
observations by AVHRR compared to MODIS.
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Figure3-32: AVHRR Vegetation cover density dataset of 28d€raged to 0.25° pixel size.

3.12 CCI Land Cover

Land cover information is used during training of the biomass retrieval models to mask out
specific classes. More specifically, the BIOMASAR approach requires the identification of areas
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with low canopy densty and only belonging to a vegetation type of class. Water bodies, urban
areas and permanently snowcovered areas are characterized by very low canopy density. If not
flagged, their backscatter values can distort the histograms used to estimate tharameters of the
model relating SAR backscatter to biomassee Section 4). At ®and, the SAR backscatter of
water bodies presents some of the highest and lowest backscatter values. The backscatter of
urban areas is mostly higher than in forests. The backscatt@f permanent snow/ice cover
presents strong variability in time and space depending on the wet/dry conditions of the snow
layer and the structure of the ice At L-band, the backscatter of water bodies and iceovered
terrain is much lower compared to thebackscatter of other types of unvegetated terrain. Buitip
areas have high cepolarized backscatter and very low crosgolarized backscatter.

The Climate Change Initiative Land Cover (GCLC) project has released annual land cover maps
between 1992 and2015 (https:/maps.elie.ucl.ac.be/CCl/viewer/ ) based on optical spaceborne
datasets(Figure 3-33). The land cover maps are provided in equiangular projection with a pixel
size of 1/360t of a degree in latitude and longitude. For CCl Biomass, the data lag/@f2010

and 2015 were resampledto the geometries of theSAR datasetsn support of the biomass
retrieval procedure. For this, the GDAL gdalwarp tool was used with nearest neighbour
resampling.

Figure3-33: lllustration of CCl Land Cover maps (https://www-¢sadcovercci.org)

The overall accuracy of theyearly land cover dataset was reported to be slightly above 70%
(POT AOGAO 50A060 ' OE A A-latdtodero0i.org DIGnBtARGESS, EommissioA € A
omission errors occur, particularly in mixed classes or areas of strongly heterogeneous land cover.
A data layer giving the classification certainty and a set of quality flags are provided.

3.13Sentinell Land Cover

The mapping of AGB from € or L-band backscatter observationsacquired in three different
epochswas supported with the production of a Sentinell Gband backscatter derived land cover
map. The mapping of land cover globally at the same spatial resolution at whichethGB maps are
produced aimed at facilitatingthe joint use ofENVISAT ASAR/Sentinel G and ALOSL/2 L-band
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backscatterin areas wherebackscatter signatures from forest and nofforest land cover typesn
individual backscatterimagesoverlap.

The possibility to map land cover globally from time series of Sentindl Gband backscatter is, by
the time of writing this document, an active field of researchasseverallarge-scalemapping efforts
are underway, e.g., the ESA WorldCover project aimiaggeneration of global land cover maps at
10 m resolution from Sentinetl and Sentinel2 data.Motivated by the lack of a land cover map
for the time frame 2017/2018 at the resolution of the CCI Biomass AGB maps and thaailability

of annual stacks ofG-band backscatter observations from Sentinel, an initial evaluation of the
potential of producing land cover maps from Sentinell suggestedfor a number of selected areas
around the globe that at least a few basic classes can be distinguishetiably and that a global
mapping attempt would be worthwhile pursuing. Given the rather novel topic of investigation, the
scope of generatingour own land cover dataset was to target land cover classes that are
problematic in terms of AGB estimates. For example, th@GB estimated from band over
cropland may be highly erroneous due to the temporal variability of the signal, causing both very
high and very low AGB estimates. Flagging cropland inl@and-based maps of AGB is therefore
important to avoid propagation of errors in the final AGB mapSimilar, the very high backscatter
in correspondence of urban areas causes the AGB estimates to be equal to the maximum biomass,
which clearly is a systematic error.

Mapping land cover at large scale requires suitable Earthb®ervation datasets. However, equally
important is the availability of sufficient and reliable training data. Compiling such a database of
reference points is beyond the scope of this study and we therefore opted to use an existing
moderate resolution glokal land cover map as reference, the CCI Land Cover product.

We here provide a brief summary of the mapping approach that wassentually implemented in
CCI Biomass:

1) Sentinel1 time seriesmetrics as predictors of land cover

Strongly influenced by the environmental imaging conditions, individual Gband backscatter
observations are often of limited use for distinguishing even the most basic set of land cover
classes, such as a decision between forest and rfmest. We here followed an approach in which
the temporal evolution of backscatter is modelled with a simple harmonic model of the form (Zhu
& Woodcock, 2014)

N o L I S IS WU I SN S
[ W oooosnTY Wi s—Y oowalTY wi e—Y
In the model, T denotes the number of days per ye@F=365.25), x the acquisition date [days], and
a.2and b > parameters to be estimated by means of regression. The parameterdescribes the
average backscatter in the modelled time series; the other parameters characterize the intra
annual variability of backscatter at annual and serr@nnual frequenciesThe fitting of such models
to time series of Gband backscatter observations at coand crosspolarizations generally
represented a reasonablechoice for capturing the main features of the temporal evation of
backscatter, e.g., seasonal minima and maxima, while filtering out shaerm fluctuations
associated with, for instance, rainfall, RFI, etc. It has to be acknowledged, however, thahe case
of land cover typescharacterized by temporal changs in backscatter much shorter than the semi
annual frequency considered in the model (e.g., certain types of agriculture, marshlanthe
selected model faisto capture such changesExamples for backscatter time series observed over
three forest sites n the tropical, boreal, and temperate zones are highlighted iRigure3-34.In all
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three cases, the harmonic model was able to capture the main seasonal fluctuations in the
backscatter.

Lon: -59.4076° Lat: -0.27847° Lon: 90.5924° Lat: 59.6396° Lon: 10.1688° Lat: 49.2243°
9

+% vh [dB]
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Figure3-34: Time series of éhtinel-1 VH polarization backscatter over dense tropical (left), boreal (center), and
temperate forest (right).

2) Calibration of classifier.

The parameters of the time series modelap,as,a,b1,2) were calculated globally for each pixel
location in the Sentinell backscatter imagery available for the year 201§example in Figure
3-35) and subsequently used as predictors in a randomForest classifielTo calibrate
randomForest models, the CCI Land Cover mdpr the year 2015 served as reference. The series
of global land cover maps with a spatial resolution of ~300 meport 22 classes, some of which
are not of particular interest in CCl Biomassr unlikely to be classified with high accuracywhen
using Gband backscatter as predictors. The 22 classes were therefore aggregated to nine classes:
cropland, shrub-/grassland, flooded sparse vegetation, urban, bare, water, snow/ice permanent,
sparse forest (caopy cover <45%), dense forest (canopy cover >45%h order to account for the
fact that land cover maps tend to be the least reliable in areas characterized by smsdhle
heterogeneity ofthe landscape the Gband time series parameters and CCI land cewmap were
aggregated to 0.01° x 0.01before calibrating randomForest classifiers on a pecontinent and
per-ecoregion basis and only those 0.01° pixels were considered for model calibration for which
all corresponding pixels in the fultresolution land cover map reported the same class.The
randomForest out-of-bag (OOB) prediction accuracies for all classes at kilometric scale were
found to be above 95%, which confirmed that the aggregated classes of the CCI land cover product
may accurately be downscald to high resolution using the available set of predictors derived
from Sentinetl1.
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Figure3-35: RGB composite of the time series parameters a0, al, and b1 estimated from an annual stack of VH
backscatter imagery acquired in 2018 over an area in Mato Grosso, Brazil.
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Figure3-36: Land Cover map with a spatial resolution of 0.00088888888888° x 0.00088888888888° produced
from an annual time series duatpolarization Sentinel Cband backscatter acquired in 2018.

3) Map generation and Validation:

The randomForest models which had been calibrated at kilometriscalewere used to predict land
cover atthe CCI Biomass target resolutioof 0.00088888888888° x 0.00088888888888" from the
Sentinell time series parameters estimated at this resolutionThe resulting map is shown in
Figure 3-36. Visual inspection confirmed the high agreement of the Sentindl land cover map
with the reference CCI land cover mapValidation of the Sl-based land cover dataset was
undertaken usingan independent set of referencénformation from crowd-sourced data(Fritz et
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al., 2017). The dataset of reference samples consisteof 151,942 data points, each being
representative of the land cover within a 1 kmarea.The dataset considers 10 classes and reports
for each sample the percent coveftree cover, shrub coverherbaceous vegetation / grassland,
cultivated and managed, mosaic: cultivated and managed / natural vegetation, regularly flooded
/ wetland, urban / built up, snow and ice, barren, open water)Here, we relabelled samples to
match one of the classes usefor mapping. In this process, the dense and sparse forest classes
from the S1 land cover dataset were merged to form a single forest cla3$en, we retained
samples with a unique land cover type, i.e., data points with multiple land cover fractions were
excludedto ensure that the assessment is not affected by a geometric mismatch between the
mapped class and the classes reported for the reference samplde number of samples used for
validation decreased to 49,346Figure 3-37 shows the distribution and density of data points.
These were distributedglobally, although the sampling was somewhat inequal when comparing
the tropical and the boreal zone.

Number of samples

. \\4577

1

Latitude
2
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135°W 45°W 45°E 135°E
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Figure3-37: Density and distribution of land cover sampled plots used to validate the S1 land cover dataset.
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Figure3-38: Confusion matrix for the Sand cover dataset

The accuracy of the Sbased land cover map was quantified by means of a confusion matrix. The
full confusion matrix, i.e., for all mapped classes, is shownligure 3-38. Although we report the
confusion matrix in its entirety, our assessment was not aimed to provide a global figure of the
accuracy of the map but rather to investigate whetheland cover classes prone to errors in the
AGB map were wh identified. The omission error of the forest class was 10.6%, with most
samples allocated wrongly to the shrub/grassland class. This error can be considered acceptable
given that the AGB for shrubs and grasses is usually well estimated because of thelbackscatter
both at G and L-band. The commission error for the forest class was instead larger, 27.5%,
meaning that more than 1/4h of the forest pixels in reality belonged to another class. Nonetheless,
this error should have negligible impact on the &B estimates because almost all commission
errors were related to the shrub/grassland class. The commission error for classes prone to errors
in the AGB map (croplandbarren ground and urban) was less than 3%From this analysis, we
concluded that the Slland cover dataset was suitable to stratify the landscape throughout the
process of estimating AGB. The use of the S1 land cover dataset is further described in Section 4.

3.14 Worldclim Bioclimatic Variables

The Worldclim data base ywww.worldclim.org ) developed by Fick and Hijmans (2017) includes a
set of global maps of major bioclimatic variables that are derived from weather station data
measured in the timeframe 1950 to 2000. Data from various weather station netwiks, such as
the Global Historical Climate Network or WMO Climatological Normals, were considered to
produce a total of nineteen interpolated maps at 1 km pixel scale that provide information about
annual climatic trends in terms of temperature and precigition, such as the annual mean or the
seasonal variability (Table3-5). Similar to the GlobBiomass project, the maps are used to support
the estimation of the maximumbiomassacross forests in different ecosystems (see Section 3.11).
The nineteen maps depictingannual trends in temperature and precipitation have been
aggregated to a 2° x 2° grid.
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Table3-5: Overview of BioClim variables.

BIO1 Annual Mean Temperature

BIO2 Mean Diurnal Range (Mean of monthlgmax temp-min temp))
BIO3 Isothermality (BIO2/BIO7) (* 100)

BIO4 Temperature Seasonality (standard deviation *100)
BIO5 Max Temperature of Warmest Month

BIO6 Min Temperature of Coldest Month

BIO7 Temperature Annual Range (BIOBIO6)

BIO8 Mean Temperature of Wettest Quarter

BIO9 Mean Temperature of Driest Quarter

BIO10 Mean Temperature of Warmest Quarter

BIO11 Mean Temperature of Coldest Quarter

BIO12 Annual Precipitation

BIO13 Precipitation of Wettest Month

BIO14 Precipitation of Driest Month

BIO15 Precipitation Seasonality (Coefficient of Variation)
BIO16 Precipitation of Wettest Quarter

BIO17 Precipitation of Driest Quarter

BIO18 Precipitation of Warmest Quarter

BIO19 Precipitation of ColdestQuarter

3.15 FAO Global Ecological Zones

The Global Ecological Zones (GEZ) dataset produced by the FAO (Simons, 2001) divides the land
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similar (but not necessarily identical) in physiognomy(Figure 3-39). Boundaries of the EZs
approximately coincide with the map of KopperTrewartha climatic types, which was based on
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separate EZ in each Domain and characterized by high variation in both vegetation formations
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GEZ dataset is publicly available as a vectoatdset, in equiangular map projection.
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Ba = Boreal coniferous

Bb = Boeal tundra woodland
BM= Boreal mountain

P = Polar

Figure3-39: FAO GEZ dataset

The GEZ dataset is used to stratify the estimation of some of the model parameters of the retrieval
algorithms (see Sections 3.11 and 4.1.2.3). To this scope, the GEZ datasetsterized on-the-fly

to the geometry of the SAR images used to retrieve biorsg The reprojection is done with the
program gdal_rasterize of GDAL.

3.16 Terrestrial Ecoregions of the World

The very broad definition of ecoregions in the GEZ datasetioes not allow for fine tuning of
retrieval algorithms. To this scopewe also considerthe better delineation of vegetationin the
Terrestrial Ecoregions of the World (TEOW) dataset (Olson et al., 2001). Compared to the GEZ
dataset, the TEOW datasetiso brings in ecological properties of te landscape The TEOWdataset
divides the Earth lard surfaces into 825 ecoregiongFigure 3-40). These are categorized within

14 biomes and eightbiogeographic realms Eigure 3-41). The boundaries of each ecoregign
biome and realm correspond to the original extent of natural communities prior to major land

use change.

Figure3-40: Terrestrial ecoregions of the world (Olson et al., 2001).
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and Shrublands
Figure3-41: Grouping of the terrestrial ecoregions into biomes (see legend) and realms (see map). Picture
reproduced from Olson edl. (2001).

As for the GEZ dataset, the TEOW is rasterized-thre-fly to the geometry of the SAR images used
to retrieve biomass. The reprojection is done with the program gdal_rasterize of GDAL. This
dataset is also used segment thECESatGLAS datasein the process of estimating the model
coefficient relating canopy density and RH100 measurements from the individual waveforms (see
Section4).

3.17 Bomassof dense forest and maximum biomass

The retrieval algorithms aim to minimize the dependence om situinformation about biomassto
train the models relating the SAR backscatter to biomasbklowever, knowledge of the maximum
biomassin a given (eco)region is required to constrain the retrievd based on spaceborne SAR
imagery within a realistic range of biomass values. To this end, west developed a spatial
database reporting estimates obiomassassumed to be represetative of the densest forests.
Later in the project, we developed an alterative framework based on LIDAR metrics of canopy
height and allometry.

3.17.1 Inventory and map -based maximum biomass

Initially, a valuewasassigned to the centre of each tile in a regular 2°x2° grid. Where availabte,
situ measurements from field plots orspatially explicit datasets of GS\ér AGB were used. The
biomass of dense forestsi.e., a parameter used in the retrieval model (Section¥as then defined
asthe 90 percentile of the histogram within the 2°x2° area (Santoro et al., 2011)nterestingly,
we identified a rather robust scaling factor between this parameter and the maximum biomass of
1.2. Elsewhere,it was estimated with an empirical piecewise linear function (Santoro et al.,
2015a) starting from values of the averagdiomassreported at provincial or national level. For
tiles including several provinces or nations, the average biomasgpresentative for the tile was
obtained by weighting the individual averages by the area of each within the tiln regions where
numbers based on in situmeasurements wereunavailable, but we could gather more than one
map of AGB (preferably based on laser scanning observations), we estimated the biomass of dense
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forest as the joint 90th percentile of the histogram of the map value§or areas lacking anyorm

of biomass estimates, the [IAS FAO 0.5° dataset of global biomass was used. The value for the
biomass of dense forestsvasthen set equal to the maximum of the 16 values within the 2°x2°
large tile. Given that the database contained both GSV and AGiservations, weapplied the
Biomass Conversion and Expansion FactPBCEF) computed in the ®bBiomass project (Section
3.18) to convert between the two variables (AGB = BCEF * GSMyure 3-42 shows the origin of
the estimate of the biomass of dense forests.

Remote sensing
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IIASA FAQ

Inferred
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180°W 120°W 60°W 0°E B60°E 120°E 180°E
Figure3-42: Map detailing the origin of the numbers used to generate atineste of the biomass of dense

forests at the spatial scale of 2°.

Water

The procedure implemented to characterize the maximum biomass globally wasude and should
be considered a firstorder approximation. Attaching a single valug¢o areas covering thousands
of km2 was assumed to be sufficient to characterizé in regions including adominant type of
vegetation. In fact, we assumed thahe spatial variability of the maximum biomass would be
small. This approximation fails in regions with transitions between ecosystems (e.g., tropical
forest and savannah)Ultimately, ensuring spatial consistency of the estimates could ngprevent
the dataset haing errors and uncertainties propagating from the input datasets, the rules
implemented to estimatethe biomass of dense forestirom the data available in a given tile, and
the BCEF values.

To reducesome of theweaknesses in the dataset,dalitional processing steps werecarried out,
whose aim was to:

1 Improve the reliability of the database, whichin some areas, such as large parts of Africa
or Southeast Asia, had to rely on the assumption that linear relationships between
reported average stocks and local maximum exist
Fill gaps in the 2degree database
Increase the resolution tobetter depict smaller scale variations in the maximunbiomass
such as are expected for transition areas between tropical rainforest and savannah

E ]

The maximumbiomassreached by forests across different ecoregions is expected to depend on
natural factors such as temperature, precipitation or disturbance regime, as well as on
anthropogenic factors such as varying types of forest management. In order to verify/improve the
initial estimates and to fill gaps, a database of predictor layers that are expectedhave predictive
power for maximum biomasswas compiled at 2° x 2° resolution, including the nineteen
WorldClim bioclimatic variables andthe ICESaiGLASobservations of canopydensity and height
For each 2° x 2° grid cell, metrics were calculated from thecal ICESatGLAS footprints that
characterize the distribution of forest height and density (i.e., quartiles of the distribution of GLAS
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height metrics RH100 and the Height Of Median Energy; HOME). RandomForest (Breiman, 2001)
models were then developedor each FAO ecoregion using the initial estimatés our database as
response and the WorldClim andCESaiGLAS layers as predictors. Once calibrated, the models
were then used to predictthe GSV of dense forestglobally at a resolution of 0.2° x 0.2 The
assessment of tis dataset is reported in the ATBD of the GlobBiomass project [RBJ.

Figure3-43: Map of the GSV of dense forests with a spatial resolution of 0.2°.

Using the scaling factor of 1.2 betweeGSV of dense forestend maximum GSV as well as the BCEF
relating GSV and AGB (Section 3.15), we generated a global layer of maximum AG& layer of
maximum AGB obtained with this approach is displayed ifFigure 3-43).

3.17.2 LiDAR-based maximum biomass

Validation of the CCI Biomass maps produced year 1 and year 2 revealedocations affected by
underestimation of the mapbased values The underestimation occurredin the form of a
saturated valueshown in the PVASR [RE2] and the PVR [RED] documents an indication that the
retrieval had been cut off at a biomass level lower than the real maximubiomass.This occurred

in regions where the characterization of the maximum AGB was poor, e.g., because extrapolated
from national inventory averages other mapsor scarce inventory samplesFor the CCl Biomass
maps of year 3, an alternative solution bagk on LiDARbased maps was considered. He
availability of global coverages of canopy height metrics from three sensomsdeed suggested
their use to understand the limitation of the layer of maximum AGRlisplayed in (Figure 3-43)
and possibly improve values in regions where the original maximum AGB was poory
characterized. For this, we used the allometry relating canopy height and AGB (Section 4) and
defined the maximumAGB as the value predicted by the allomeatr value corresponding to the
maximum value of canopy height.

For each of the three laser sensors, a map of maximum canopy height with a pixel size of 0.25°
was generated. The pixel size was@mpromise between having a large number of footprints to
rely on and avoidng over-smoothing of the spatial distribution of the maximum canopy height
globally. A much coarser resolution would have implied that regions of sparse forest cover (e.g.,
savannas) bordering a region of dense forest cover (e.g., rainforest) would have been
characterized by the maximum AGB of the latter, thus leading to potential overestimation of the
AGB retrieved from the SAR data.
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